
Vol.:(0123456789)

The International Journal of Advanced Manufacturing Technology 
https://doi.org/10.1007/s00170-025-16118-1

ORIGINAL ARTICLE

AutoSplit: a two‑stage AI architecture for enhanced classification 
of manufacturing processes with a focus on the identification 
of additive manufacturing components

Mehdi Nazarian1   · Rafael Neves1   · Léon Klick2   · Fabian Schöfer3   · Robert Lau1   · Arthur Seibel3   · 
Felix Weigand1 

Received: 9 February 2025 / Accepted: 10 July 2025 / Published online: 29 July 2025 
© The Author(s) 2025, corrected publication 2025

Abstract
In the product development phase of mechanical assemblies, engineers encounter an increasing variety of potential manufac-
turing routes for metal parts. Despite the advantages of additive manufacturing (AM), conventional methods often dominate 
due to a lack of interdisciplinary knowledge required for additive or hybrid manufacturing approaches. To streamline the 
development of hybrid manufactured components, this paper presents a novel two-stage methodology for automating part 
classification in manufacturing processes. A two-stage classification approach was selected to filter standard parts (e.g., 
screws, nuts, bolts), enabling a pre-filtering step that improves classification performance and reduces overfitting by mini-
mizing the number of ST-components with similar features. The first stage employs convolutional neural networks (CNNs) 
for image-based classification and multi-layer perceptrons (MLPs) for feature-based classification, achieving 88.84% ±0.6 
(SD) accuracy in differentiating standard from non-standard parts. The second stage utilizes a random forest classifier to 
categorize non-standard parts into three manufacturing processes (AM, machining, and sheet metal), achieving 82.0% ±1.1 
(SD) accuracy, with particularly strong performance in machining identification (F1-score: 0.85 ±0.03 (SD)). The approach 
is trained on a comprehensive dataset of 20,000 CAD files sourced from GrabCAD, Fusion360, and TraceParts, evenly 
distributed across four categories. System performance was evaluated using fivefold cross-validation, demonstrating robust 
generalization across diverse part geometries and materials. This methodology provides guidance for selecting appropriate 
manufacturing routes for both redesigns and new designs.

Keywords  Industry 4.0 · Manufacturing process classification · Convolutional neural network · Feedforward neural 
network · Additive manufacturing · Random forest classification

Abbreviations
AM	� Additive manufacturing
CAD	� Computer-aided design
STEP	� Standard for the exchange of product data
CNN	� Convolutional neural network
FNN	� Feedforward neural network
PLM	� Product lifecycle management

MLP	� Multi-layer perceptron
ML	� Machine learning
DL	� Deep learning
PBF-LB/M	� Powder bed fusion-laser beam/metal
RF	� Random forest
SMOTE	� Synthetic minority over-sampling 

technique
OCCT​	� OpenCasCade Technology
ST-Parts	� Standard parts
3D	� Three dimensional
ISO	� Isometric (projection)
B-rep	� Boundary representation
CV	� Cross-validation
RGB	� Red green blue (color model)
ROC	� Receiver operating characteristic
SVM	� Support vector machine
UV-Net	� UV mapping neural network
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GPU	� Graphics processing unit
CPU	� Central processing unit
SD	� Standard deviation
AUC​	� Area under the curve (typically ROC 

curve)
ResNet	� Residual network
AFR	� Automatic feature recognition
CV-Mean	� Cross-validation mean
CV-Std	� Cross-validation standard deviation
avg.	� Average
D (e.g., 256)	� Dense layer with 256 neurons

1  Introduction

Efficient manufacturing processes are essential for modern 
industry, including Industry 4.0. One promising approach to 
enhance efficiency is the integration of various manufactur-
ing methods, commonly referred to as hybrid manufacturing 
[1, 2].With the rise of AM, numerous strategies for combin-
ing AM with conventional manufacturing techniques have 
been developed, revealing significant potential [3]. However, 
despite these advantages, widespread adoption in industrial 
sectors remains limited due to a lack of interdisciplinary 
knowledge during the product development phases. Design-
ers often spend considerable time searching for relevant 
information and frequently rely on existing designs for new 
product development [4]. Therefore, accurately categorizing 
and optimizing different manufacturing processes is essen-
tial for effective product development, production planning, 
and maximizing efficiency [5, 6]. As the complexity and 
variety of mechanical parts continue to grow, along with the 
volume of computer-aided design (CAD) data, the need for 
accurate and efficient methods to categorize manufacturing 
processes becomes increasingly important [6, 7].

Over the last decades, the research field of automatic 
feature recognition (AFR) has introduced several new 
approaches to identify parts for conventional manufacturing. 
The early developed rule-based approaches rely on predefined 
rules based on extensive knowledge of researchers, facing a 
major drawback in flexibility [8, 9]. More recently, advanced 
learning-based approaches were used to improve the accu-
racy for the identification of varying machining features in 
comparison to rule-based approaches [10–12]. Despite the 
increased flexibility through learning-based approaches, the 
research predominately focuses on machining features. The 
wide variety of new design possibilities with hybrid manu-
facturing approaches, especially including AM, is not con-
sidered yet. Domain-specific datasets are used which do not 
represent the major differences of typical geometric features 
in AM, machining, or sheet metal manufacturing.

The challenge lies in developing a classification system that 
can accurately differentiate between various manufacturing 

processes while also accounting for standard (ST) parts com-
monly available in the market. ST-Parts (e.g., screws, nuts, 
bolts) often share similar features with custom-manufactured 
components, such as those produced through AM or machin-
ing processes. This similarity can lead to misclassifications in 
traditional single-stage classification systems [13]. This study 
aims to cover the combination of AM, sheet metal, machining, 
and ST-Parts in a potential hybrid manufacturing approach.

To address the challenge of increased variation of geo-
metric features, a two-stage architecture for metal manu-
facturing process classification is proposed. Developed as 
part of the AutoSplit project, this approach leverages data 
mining, data analysis, and machine learning techniques to 
efficiently uncover complex patterns from large datasets of 
individual parts. The two stages of the proposed architecture 
are visualized in Fig. 1 and can be summarized as follows:

Sage 1 focuses on reducing misclassifications and 
improving system accuracy by filtering out ST-Parts. Stage 2 
then categorizes non-ST-Parts based on their specific manu-
facturing processes.

The classifier is defined as a composition of two func-
tions with:

•	 f
1 : first classifier (standard vs. non-standard)

•	 f
2 : second classifier (AM, machining, sheet metal)

Overall: f = ℝ
n→{AM, machining, sheet metal}.

where ℝn represents the feature space.

(1)f (x) = f
2

(

f
1
(x)

)

Stage 1: Standard Part 
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Stage 2: Manufacturing 
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Import CAD Models

Fig. 1   Overview of the AutoSplit classification framework
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2 � Literature review

The classification of 3D CAD models has become increas-
ingly important in various industries, including manufac-
turing, architecture, and product design. While extensive 
research has been conducted on 3D graphical models and 
images, studies specifically addressing the classification 
of 3D CAD models are relatively scarce. This section 
explores the evolution of relevant techniques and their 
application to the 3D CAD model classification.

2.1 � Traditional methods for 3D model classification

Early approaches to the 3D model classification relied 
heavily on geometric feature extraction and traditional 
machine learning algorithms. Ip et al. [14] proposed a 
method using shape distribution signatures and neural net-
works for the 3D CAD model classification. This work laid 
the foundation for feature-based approaches in the field. 
Subsequently, Li and Godil [15] introduced a technique 
employing both global and local features, demonstrating 
improved classification accuracy.

2.2 � Neural networks for 3D model classification

The advent of deep learning has revolutionized various 
classification tasks, including those involving 3D mod-
els. Neural networks, particularly CNNs and FNNs, have 
shown remarkable performance in image and data clas-
sification tasks [16, 17].

2.2.1 � Convolutional neural networks (CNNs)

CNNs have become the de facto standard for image clas-
sification tasks due to their ability to automatically learn 
hierarchical features from raw pixel data. The architecture 
of a CNN typically comprises a series of convolutional 
layers, pooling layers, and fully connected layers [18, 19]. 
CNNs are based on the idea that spatial relationships in 
image data can be captured through hierarchical feature 
extraction, making them particularly effective for tasks 
such as image recognition and classification. The use of 
weight sharing in convolutional layers contributes to the 
efficiency of CNNs, as the same filters are applied across 
the entire image, reducing the number of parameters and 
improving model generalization [20, 21].

In the context of 3D model classification, Su et al. [22] 
introduced a multi-view CNN approach, where 2D render-
ings of 3D models from multiple viewpoints were used as 
input to a CNN. This method effectively bridged the gap 

between 2D image classification techniques and 3D model 
classification tasks.

2.2.2 � Feedforward neural network (FNN) and multi‑layer 
perceptron (MLP)

FNNs, particularly MLPs, have been widely used for various 
classification and regression tasks [23]. The architecture of 
an FNN typically includes an input layer, one or more hidden 
layers, and an output layer, with each neuron in a layer fully 
connected to the neurons in the subsequent layer [24]. Infor-
mation flows unidirectionally from the input to the output 
without any feedback loops [25]. MLPs have shown remark-
able performance in processing numeric features, learning to 
map input data to the corresponding output through super-
vised learning [26].

2.2.3 � Random forest for 3D model classification

While neural networks have become prominent in recent 
advancements, traditional machine learning methods, par-
ticularly ensemble techniques like random forests, continue 
to demonstrate effectiveness in 3D model classification tasks. 
Random forests are well-suited to high-dimensional data, 
offering strong performance and valuable feature importance 
rankings [27]. Notably, Tombari et al. [28] employed random 
forests with 3D local surface features for object recognition 
in point cloud data, achieving accurate classification results. 
Similarly, Zhang et al. [29] conducted a survey on a 3D point 
cloud classification, highlighting how traditional methods 
such as random forests have remained essential benchmarks 
despite the rise of deep learning approaches.

In the context of a CAD model classification, Ip and Regli 
[30] applied random forests to classify 3D CAD models 
based on machining features, showcasing the algorithm’s 
applicability in the manufacturing domain. The consistent 
success of random forests across these applications under-
scores their robustness, resistance to overfitting, and utility 
in handling complex, high-dimensional feature spaces.

2.2.4 � Hybrid model: combining CNN and MLP

Recent advancements in deep learning have led to the devel-
opment of hybrid models that combine the strengths of dif-
ferent neural network architectures. Hybrid models that 
integrate CNNs and MLPs have shown particular promise 
in tasks that involve both image and numeric data.

In such hybrid models, CNNs are typically used to auto-
matically extract spatial features from image data, while 
MLPs process additional numeric features or further refine the 
CNN-extracted features. This combination allows the model to 



	 The International Journal of Advanced Manufacturing Technology

leverage both visual and non-visual data, potentially improving 
classification performance [31].

2.3 � Current challenges and limitations in 3D CAD 
model classification

Despite these advancements, the classification of 3D CAD 
models presents unique challenges. Unlike 3D mesh mod-
els or point clouds, CAD models often contain precise geo-
metric information and hierarchical structures that are not 
easily captured by standard CNN or MLP architectures. Qi 
et al. [32] proposed PointNet, a neural network architec-
ture designed to process point cloud data directly. While 
this approach shows promise for certain types of 3D data, it 
may not fully capture the structured nature of CAD models. 
To address these challenges, Jayaraman et al. [33] introduced 
UV-Net, a neural network specifically designed to operate 
on boundary representation (B-rep) data, which is preva-
lent in CAD applications and encodes both geometric and 
topological features essential for accurate CAD modeling. 
Nevertheless, UV-Net is not without limitations; it relies 
on a fixed sampling resolution for representing geometry, 
a constraint that can impede the capture of finer model 
details without incurring substantial computational costs. 
While recent models such as PointNet +  + or BRepNet more 
directly operate on native 3D structures, our image-based 
approach enables easier integration with CAD rendering 
workflows and incurs lower computational overhead in our 
deployment context—making it more practical for early-
stage design pipelines [32, 34].

3 � AutoSplit framework: methodology 
and system architecture

The proposed classification method supports early product 
development by analyzing CAD components to suggest suit-
able manufacturing routes. It applies to both new designs 
and redesigns, helping identify hybrid manufacturing strat-
egies. In this study, AM refers specifically to laser-based 
powder bed fusion (PBF-LB/M). The two-stage pipeline 
first classifies parts as standard or non-standard. If non-
standard, a random forest model uses numerical features to 
assign the part to AM, machining, or sheet metal. Figure 2 
shows an example where a non-standard part is classified 
as machining.

4 � Data processing

As outlined, this study employs a two-stage architecture, 
each stage serving distinct classification objectives. Conse-
quently, two datasets are required, each prepared individu-
ally based on the following process.

4.1 � Data acquisition

Data acquisition is the essential first stage in building a 
machine learning model for the 3D CAD classification, 
involving the collection and preparation of relevant data for 
training and evaluation [35]. A diverse dataset of 3D CAD 
models in STEP format was collected, encompassing ST-
Parts and components categorized into four groups: additive 
manufacturing, machining, sheet metal, and ST-Parts. Three 
primary online sources were utilized to gather this collection 
of STEP models:

•	 Fusion360 gallery: Approximately 17,000 parts were 
sourced from this dataset [36]. This large dataset pro-
vides a wide variety of parts, with a notable prevalence 
of machining-suitable components.

•	 GrabCAD library: Approximately 2300 industrial parts 
were obtained from this public CAD library [37]. Key-
words related to AM and sheet metal parts were prior-
itized. This targeted approach effectively balanced the 
dataset, particularly for underrepresented manufacturing 
processes.

•	 TraceParts: Around 700 parts were sourced from this 
library [38]. These were primarily utilized in the first 
stage to collect underrepresented ST-Parts. This library 
serves as a key resource for obtaining commonly used 
components.

The aggregation of these sources resulted in a dataset 
comprising about 20,000 CAD STEP models, encompass-
ing a diverse range of manufacturing processes and part 
geometries. 

Figure 3 illustrates the distribution of the data within the 
dataset.

To ensure data quality, algorithmic preprocessing was 
employed to eliminate duplicates and exclude STEP files 
containing assemblies, as multi-part models could introduce 
ambiguity and negatively impact the classification accuracy. 
Furthermore, models with names containing terms such as 
“covid” “chess,” or “phone” were systematically filtered out 
to avoid the overrepresentation of 3D-printable COVID-19 
face shields, chess pieces, and phone cases, which could 
introduce biases and compromise the generalizability of the 
model.

4.2 � Data labeling

Three mechanical process engineering experts with > 5 
years’ experience, each with over 5 years of industrial 
experience in manufacturing processes, independently 
classified CAD models into four classes, with final labels 
determined by majority vote to minimize bias. The clas-
sification criteria, developed through literature review and 
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expert input, included component size, solid-to-cavity 
ratio, surface features, geometric complexity, machining 
accessibility, and material thickness, as shown in Figs. 4, 
5, and 6.

4.3 � Feature extraction

To make raw STEP data suitable for machine learning appli-
cations, significant preprocessing and feature extraction were 

…

Input Data

RF-Architecture

MLP-Path

Input (CAD in .step file format)

Concatenate (all Features in a vector)

CNN-Path

Using OCCT to extract Features 

. 

x_dim: 120.2 mm

y_dim: 80.16 mm

z_dim: 80.16 mm

num_faces: 3

num_edges: 3

etc…

Not Standard

Output: This is a Machining Part.

AM Machining Sheet Metal

- Iso right

D (128)

Dense Layer

Stage 2 
Algorithm

Take Screen-Shots in ISO-sides

- Iso Left

Stage 1
Algorithm

Terminate if ST-part = Yes

D (256)

D (128)

Fig. 2   Classification pipeline illustrated on a real example part (predicted: machining)
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performed to ensure both consistency and informativeness 
across the dataset. This was achieved using the open-source 
CAD software kernel Open Cascade Technology (OCCT) 
[39]. Using the corresponding Python library, we employed 
the system as an algorithmic feature extractor.

The developed feature extraction algorithm captures 50 
quantitative features for each CAD model, including the 
following:

•	 Topological features: number of faces and edges, types 
of edges and surfaces (e.g., planes, cylinders, lines, 
B-splines).

•	 Geometrical features: volume, surface area, bounding 
box dimensions, aspect ratios, center of mass.

•	 Complexity measures: number of unique face normal vec-
tors, thickness variations, composite complexity scores.

Fig. 3   Data distribution in the dataset

Additive Manufacturing

Component size: Suitable for a typical AM build space with L-PBF
process (approx. 250 x 250 x 300 mm³)

Solid-to-cavity ratio 1: Conducive values

Surfaces: Complexly shaped surfaces, 

orientation in different spatial directions

Geometry: Bionic, complex, thin-walled geometries, internal 

structures, undercuts

Fig. 4   AM—component definition for classification

Machining

Component size: Suitable for machining in mid-sized build space of 
machining centers (max. 500 x 500 x 300 mm³)

Solid-to-cavity ratio: high values

Surfaces: Flat, orthogonal surfaces, easily accessible machining 

surfaces, no undercuts

Geometry: Block geometries, rotational symmetry, large edge 

radii, many holes/connections

Fig. 5   Machining—component definition for classification
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•	 Normalized ratios: relative prevalence of different geomet-
ric elements.

•	 Logarithmic transformations: applied to volume, surface 
area, face, and edge counts.

Feature selection strategies were tailored to each stage’s 
classification requirements. For stage 1, 31 of the most dis-
criminative features were selected based on the importance 
of the ranking analysis to distinguish standard from non-
standard components. Stage 2 employed a comprehensive set 
of more than 50 features to capture the increased geometric 
complexity required for manufacturing process differentiation. 
The expanded feature set was enabled by the elimination of 
ST-Parts, allowing the algorithm to leverage more detailed 
geometric characteristics without standardized component 
variations. The complete list of selected features is provided 
in Appendix 1, and the top 10 features were derived via Gini 
importance and reflect key geometric and topological design 
factors (Appendix 2).

To quantify feature relevance, we used the Gini-based 
feature importance from the random forest classifier 
[27]. The importance of a feature x

i
 is defined as the 

total reduction in Gini impurity across all decision nodes 
that split on x

i
:

where T(x
i
 ) is the set of tree nodes using x

i
 and ΔG(t) is the 

decrease in Gini impurity caused by the split at node t. A 
larger ΔG(t) indicates a better separation of classes, and thus 

(2)�����������(xi) =
∑

t∈T(xi)

�G(t)

a more relevant feature. This importance ranking was used to 
select the most relevant features for classification in stage 1.

These extracted features are utilized in both stages of 
the classification pipeline. Additionally, in the first stage, 
2D renderings of CAD models are processed via a CNN 
to extract visual features. To accomplish this, screenshots 
are taken from two distinct isometric views of each CAD 
model (ISO-right and ISO-left), enhancing the model’s abil-
ity to capture and analyze relevant geometric properties from 
visual data (Figure 7).

The ISO-right and ISO-left views provide complemen-
tary geometric perspectives that, combined with the MLP’s 
numerical features, ensure comprehensive part representa-
tion while maintaining computational efficiency [22]. These 
views are then rasterized into pixel-based images, from 
which RGB values are extracted and represented in a matrix 
or vector format. The CAD renderings of the AM, machin-
ing, and sheet metal models used in “Sect. 4.3” were con-
sistently generated at a resolution of 600 × 600 pixels. RGB 
images were used to enhance the edge and surface detail. 
They were rescaled as needed for consistency. Compared to 
grayscale, the brown–black contrast yields higher luminance 
based on the sRGB formula, increasing local gradients. This 
can boost early CNN activations and improve feature extrac-
tion in structured CAD images [40, 41].

4.4 � Data imbalance

To address the effects of class imbalance in the two-stage 
AutoSplit classification pipeline, we applied a combination 

Sheet Metal

Component size: Few limitations (3000 x 1500 mm²) Solid-to-cavity ratio: values vary, can be very low, but high 
values are also possible

Surfaces: Flat surfaces, defined angles between each other Geometry: Flat geometries, material thickness max. 10mm

Accessibility: Accessibility for laser cutting and consideration of 
bending radius

Welded constructions/Connecting individual elements: 
Subsequent welding of several components possible

Fig. 6   Sheet metal—component definition for classification
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of structural partitioning and statistical resampling, tailored 
to the respective learning objectives of each stage.

In stage 1, which was designed to differentiate between 
standard and non-standard components, we implemented a 
random undersampling strategy. From the complete dataset 
of 20,000 CAD-classified components, a total of 5000 parts 
were selected: all 3000 available ST-Parts, combined with a 
balanced subset of 2000 non-ST-Parts drawn proportionally 
from the remaining manufacturing categories. This proce-
dure reduced the dominance of the majority class (ST-Parts) 
without introducing synthetic data, resulting in a more bal-
anced binary classification problem (Fig. 8) [42].

Data augmentation was applied exclusively through geo-
metric transformations (resizing, rescaling, and rotation) of 
the original CAD objects, while synthetic data (images) gen-
eration was deliberately avoided due to engineering design 
standards and manufacturing constraints. To preserve data 

integrity and maintain authenticity of engineering design 
patterns, the analysis was restricted to the available dataset 
without artificial sample generation. This approach ensures 
that learned features correspond to genuine manufactur-
ing geometries while introducing controlled variations that 
reflect realistic manufacturing and assembly scenarios.

In stage 2, the remaining 17,000 non-standard compo-
nents were assigned to one of three manufacturing process 
categories: additive manufacturing (class 1, n = 3700), 
machining (class 2, n = 10,600), and sheet metal (class 3, 
n = 2700), as shown in Fig. 9. Despite the exclusion of ST-
Parts, the class distribution remained substantially imbal-
anced, with machining (class 2) still dominating the dataset.

To address this imbalance, a multi-faceted rebalancing 
strategy was implemented. First, 30% of machining samples 
were randomly iteratively downsampled to reduce major-
ity-class dominance. Subsequently, the Synthetic Minority 

Fig. 7   Two isometric views of 
CAD-model

Z

Y

X

Z

Y

X

Fig. 8   Stage 1—utilized dataset
Before downsampling After downsampling

Fig. 9   Stage 2—utilized dataset
After downsamplingBefore downsampling
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Oversampling Technique (SMOTE) was applied to generate 
synthetic instances for minority classes through linear inter-
polation in the feature space [43, 44]. Stage 2 used a con-
servative SMOTE strategy to rebalance the class distribution 
(AM: 2952, machining: 7420, sheet metal: 1864 → 3517, 
7420, 2050), improving minority recall while minimizing 
overfitting. Detailed results are provided in Appendix 3.

Additionally, class-weighted learning with weights 
{0: 1.2, 1: 1.0, 2: 1.2} was used to compensate for residual 
imbalance. These weights were manually tuned to balance 
recall across underrepresented classes based on iterative 
experimentation.

This combined approach of downsampling, synthetic 
oversampling, and weighted learning demonstrated enhanced 
classification robustness and significantly improved recall 
performance for underrepresented manufacturing process 
categories [45, 46].

5 � Model design and implementation

In this section, the model architecture will be examined in 
depth and analyzed in detail, focusing on its core compo-
nents and technical specifications.

5.1 � Stage 1 – Hybrid CNN‑MLP architecture 
for standard part detection

The first stage implements a hybrid architecture that com-
bines a CNN for image processing with a MLP for numeri-
cal feature analysis. This design leverages both the visual 

characteristics of CAD models and their inherent geometric 
properties (see Fig. 7).

The CNN branch processes two-dimensional projections 
of CAD models (ISO-right and ISO-left views), utilizing a 
ResNet50V2 backbone pretrained on ImageNet [47].

The selection of deep residual network architecture stems 
from its advanced residual learning framework, which 
addresses the vanishing gradient problem through optimized 
information flow patterns [48]. The architecture’s pre-acti-
vation residual units significantly enhance feature extrac-
tion capabilities, particularly crucial for identifying com-
plex geometric patterns in manufacturing components [47]. 
ResNet50V2’s batch normalization methodology substan-
tially reduces internal covariate shift, thereby minimizing 
overfitting tendencies. Furthermore, the architecture’s trans-
fer learning capabilities, leveraging pretrained weights from 
the extensive ImageNet dataset, provide a robust foundation 
for feature extraction despite the relatively constrained size 
of manufacturing-specific training data (Fig. 10) [49].

This branch extracts spatial features through a series 
of convolutional and pooling operations, culminating in a 
2048-dimensional feature vector via global average pool-
ing. Subsequent dense layers reduce this representation to 
256 dimensions, capturing essential visual characteristics 
of the components. This dimensionality reduction improves 
generalization by constraining model complexity and harmo-
nizes the feature scale prior to fusion with the MLP branch. 
This architectural choice aligns with established practices in 
transfer learning and multimodal design [50–52].

Simultaneously, the MLP branch processes the 31 
numerical features derived from the CAD models, 

MLP

CNN

Global 
Average 
Pooling 2D

Dense
(256)

Dense
(128)

Dense
(256)

Dense
(128)

Concatenate
     (384)

Dense
(256)

Dense
(128)

Dense
(1)

Image
(224x224x3)

X-,Y-,Z-Dimension 

Volume, Area,

Number of Splines,

Number of Faces,

Etc.

ResNet50V2
(2048) Binary Output:

Standard/Non-Standard

Feature extraction

3D Model in 
.Step  (Input)

X

Convolutional

layer

+
Convolutional

layer

y

Fig. 10   Stage 1—architecture (hybrid model)
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including geometric parameters (volume, surface area) 
and topological characteristics (edge counts, face types). 
This branch employs three dense layers with dimensions 
(128 → 256 → 128), effectively capturing the relationships 
between various geometric and topological features.

The outputs from both branches undergo concatena-
tion, forming a comprehensive 384-dimensional feature 
vector that combines visual and numerical characteristics. 
This concatenated representation passes through additional 
dense layers before final binary classification via sigmoid 
activation.

Upon detection of a non-standard component, the sys-
tem advances the specimen to the secondary analysis phase, 
where feature extraction and classification are performed 
utilizing a random forest algorithm.

5.1.1 � Bottleneck architecture optimization (stage 1)

During optimizing of a MLP subnetwork of the hybrid 
model, we evaluated three bottleneck configurations based 
on the expansion–contraction paradigm, which advocates for 
an initial increase followed by a reduction in dimensionality 
to enhance information flow and regularization. The tested 
configurations are detailed in Table 1.

The bottleneck design provides multiple architectural 
benefits that contribute to both learning efficiency and 

generalization performance. By first expanding and then 
compressing the feature space, it facilitates richer internal 
representations while simultaneously reducing redundancy 
and noise, in line with principles from information theory 
[56]. The symmetric structure of the bottleneck promotes 
stable gradient flow during backpropagation, which is par-
ticularly important for deep networks [57]. Moreover, the 
enforced dimensional constraint acts as a form of implicit 
regularization, encouraging the network to focus on salient 
patterns and preventing overfitting by limiting the parameter 
search space [24].

The large architecture achieved the highest validation 
metrics across most categories (e.g., AUC = 0.948, accu-
racy = 86.8%), as shown in Fig. 11. However, the medium 
configuration yielded nearly equivalent predictive perfor-
mance (AUC = 0.941, F1 = 0.887), while requiring 25% 
fewer parameters and reducing training time by approxi-
mately 20% (see Table 1). Notably, the validation AUC 
curve for the medium model displayed higher stability across 
epochs, indicating better generalization. In contrast, the 
small configuration exhibited a slightly lower performance 
(AUC = 0.940, F1 = 0.873), and its convergence was more 
sensitive to learning rate fluctuations.

Based on these findings, the medium configuration [128, 
256, 128] was selected as the optimal bottleneck structure. 
It offers an effective balance between model capacity and 

Table 1   Bottleneck architecture 
optimization

Configuration Layer dimensions Parameter count Theoretical motivation

Small [64, 128, 64]  ~ 660,000 Model parsimony and minimal overfitting [53]
Medium [128, 256, 128]  ~ 730,000 Balanced complexity-efficiency trade-off [54]
Large [256, 512, 256]  ~ 970,000 Maximal expressive power and representa-

tional capacity [55]

Fig. 11   Validation AUC during 
training
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computational efficiency, supporting stable training dynam-
ics and strong generalization without unnecessary architectural 
overhead. The medium model demonstrates a significantly 
lower resource consumption compared to the large configura-
tion while achieving nearly an identical performance (AUC 
difference of only 0.01). This makes it a cost-effective choice 
for deployment, requiring substantially less computational 
resources, memory, and training time. The large configuration 
will only be considered for upgrade when absolutely necessary, 
as the minimal performance gain does not justify the increased 
resource requirements for most practical applications.

5.2 � Stage 2 – Random forest classification 
for manufacturing classification

The second stage implements a random forest-based classi-
fication approach to categorize non-ST-Parts into three dis-
tinct manufacturing processes: AM, machining, and sheet 
metal fabrication (see Fig. 12).

Random forests, as introduced by Breiman [27], leverage 
ensemble learning principles to handle non-linear relation-
ships in high-dimensional feature spaces while providing 
robust classification performance.

To mitigate potential overfitting challenges identi-
fied by Zhang et al. [58], multiple optimization strate-
gies are employed. The model undergoes hyperparam-
eter optimization through RandomizedSearchCV [59], 
focusing on critical parameters such as maximum tree 
depth, minimum samples per leaf, and ensemble size. 
Furthermore, to address the inherent class imbalance in 
manufacturing data, SMOTE is implemented, generating 

synthetic examples of minority classes through interpo-
lation between existing instances [45]. The classification 
architecture culminates in a majority voting mechanism, 
where individual trees contribute to the final process 
determination.

This comprehensive approach enables a reliable process 
classification while maintaining generalization capabilities 
across diverse component geometries.

5.3 � Training methodology

The training process follows a sequential approach, with 
each stage trained independently, as mentioned previously. 

Table  2 and Table  3 summarize the key training 
configurations.

The hybrid CNN–MLP model was trained using the 
Adam optimizer (initial learning rate: 1e-3, exponential 
decay) for 100 epochs with a batch size of 32. For stabili-
zation, batch normalization, dropout, mixed precision, and 
early stopping applied to validation AUC were employed 
[51, 60]. The image data were scaled to 600 × 600 RGB 
and augmented through data augmentation. The numerical 
features were normalized using z-transformation (Stand-
ardScaler). The dataset was split into training and valida-
tion sets with an 80/20 ratio (stratified).

In the second classification step, a random forest 
ensemble with three variants (different estimator counts 
and max depth ranges) was employed. Class imbalance 
was addressed using SMOTE, and hyperparameters were 
optimized via RandomizedSearchCV [59].

Sheet Metal

Machining

AM

Majority Voting Output

Fig. 12   Illustration of the random forest algorithm for AutoSplit’s second stage
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5.4 � Evaluation methodology

The performance assessment of the AutoSplit framework 
employs various complementary evaluation metrics, each 
offering unique insights into the model’s classification capa-
bilities. To ensure methodological rigor and fair comparison, 
all baseline models and architectural variants were trained 
and evaluated on identical datasets with consistent train-test 
splits and cross-validation folds. Due to the inherent class 
imbalance in manufacturing data, metrics beyond simple 
accuracy are utilized.

The primary evaluation metrics include the following:

where TP, TN, FP, and FN represent true positives, true neg-
atives, false positives, and false negatives, respectively [61].

Additionally, confusion matrices are employed for a 
detailed error analysis, revealing specific misclassification 
patterns between manufacturing processes. This visualiza-
tion is particularly valuable for identifying systematic errors 

(3)�������� = (�� + ��)∕(�� + �� + �� + ��)

(4)��������� = ��∕(�� + ��)

(5)������ = ��∕(�� + ��)

(6)
F1����� = 2 × (��������� × ������)∕(��������� + ������)

in the classification process and understanding the model’s 
behavior across various manufacturing categories.

5.4.1 � Model training and optimization

To ensure reliable performance in each stage, both the hybrid 
model in stage 1 and the random forest classifier in stage 2 
were trained using the described dataset. Cross-validation 
was used to promote generalization to new data, minimiz-
ing overfitting and providing robust performance estimates 
[62]. Hyperparameters were also optimized for both stages 
to enhance classification accuracy, which is crucial for main-
taining high performance and consistency across different 
CAD model geometries and manufacturing processes.

6 � Results and discussion

This section presents a comprehensive analysis of Auto-
Split’s performance, examining both stages of the classifi-
cation framework and their effectiveness in manufacturing 
process determination.

6.1 � Performance overview of stage 1

The hybrid neural network demonstrated robust performance 
in distinguishing between standard and non-standard compo-
nents. The model achieved a validation accuracy of 88.84% 
with an AUC score of 0.94 , indicating excellent discrimina-
tive capability. Notably, the precision-recall trade-off shows 
balanced performance with a precision of 89.14% and recall 
of 0.91 (Table 4).

These results confirm the model’s ability to generalize 
across diverse geometric configurations of ST-Parts. The 
high recall is particularly valuable in early design stages, 
where false negatives could lead to misclassification of criti-
cal components.

Detailed analysis of the confusion matrix reveals:
Class-wise metrics demonstrates a particularly strong per-

formance in a standard part identification in Table 5:
The weighted average F1-score of 0.89 indicates a robust 

overall performance, crucial for the system’s first-stage fil-
tering capability.

Table 2   Training configuration stage 1

Component Setting

Optimizer (stage 1) Adam (with ExponentialDecay)
Learning rate (initial) 1e-3
Batch size 32
Epochs 100
Input size (image data) 600 × 600 RGB
Loss function Binary cross-entropy
Augmentation Flip, brightness, contrast, color, rotate
Early stopping On validation AUC​
Normalization (MLP) Z-score (StandardScaler)
Dataset split 80% training/20% validation (stratified)

Table 3   Training configuration stage 1

Component Setting

Classifier (stage 2) Random forest ensemble (SMOTE, Rand-
omizedSearchCV)

Estimators range 95–135 trees
Max depth range 11–15
Class balancing Final weighted classes {0:1.2, 1:1.0, 2:1.2}

Table 4   Binary classification prediction

Art of prediction Predicted standard Predicted non-
standard

Actual standard 342 56
Actual non-standard 44 454
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6.2 � Performance overview of stage 2

The subsequent random forest classifier achieved an over-
all accuracy of 82% in categorizing non-standard compo-
nents into specific manufacturing processes. The confusion 
matrix demonstrates the model’s classification behavior 
(Table 6).

Process-specific performance metrics reveal varying 
effectiveness across manufacturing categories in Table 7. 
Machining processes show notably higher classification 
accuracy ( F1 = 0.85 ), potentially attributable to more dis-
tinctive geometric characteristics. The slightly lower per-
formance in AM ( F1 = 0.75 ) and sheet metal ( F1 = 0.82 ) 
classification is due to dataset imbalance, with more samples 
in the machining category.

6.3 � Comparative baseline performance with other 
architectures

To identify a suitable baseline for later comparison with the 
proposed AutoSplit framework, we conducted a comprehen-
sive evaluation of both traditional and deep learning–based 
classification models (Table 8). All models in this compari-
son were trained on the same dataset, using an identical set 
of geometric and topological features, and identical training 
parameters to ensure a consistent and fair evaluation.

Since AutoSplit uses a two-stage pipeline, we first iden-
tify the best one-stage model for fair comparison. A detailed 
class-wise comparison with AutoSplit follows in “Sect. 6.4.”

As shown in Fig. 13 and Table 8 the traditional ensem-
ble-based methods—particularly random forest and gradi-
ent boosting—outperform other models across all evaluation 
metrics. Deep learning models using the CNN-based feature 
extraction, such as ResNet50V2 and the custom CNN-MLP 
hybrid, achieved only marginal improvements and fell signif-
icantly short of the performance of traditional architectures.

Toward the right end of the plot, a notable decline in 
performance can be observed, particularly for Naïve Bayes 
and AdaBoost. This underscores the robustness gap between 
simple classifiers and more expressive ensemble models, 
making random forest a strong candidate for class-wise 
benchmarking in subsequent comparisons.

A more detailed analysis of cross-validation results for 
the second stage, including performance variation across 
multiple random seeds, is provided in Appendix 4.

6.3.1 � Comparative analysis AutoSplit with random forest 
algorithm

To validate the AutoSplit two-stage architecture, we com-
pared it with the best-performing single-stage random forest 
classifier. This baseline directly classifies components into 
four categories: additive manufacturing (AM), machining, 
sheet metal, and ST-Parts using identical hyperparameters 
from AutoSplit’s stage 2 for fair comparison. This alignment 
minimizes variability caused by model tuning and isolates 
architectural differences as the primary factor influencing 
performance outcomes.

The comparison reveals class-wise results as shown in 
Tables 9, 10, and 11:

Table 5   Binary classification 
performance

Metric Value

Accuracy 89%
Precision 89%
Recall 91%
F1-score 0.89

Table 6   Manufacturing process classification prediction

Art of prediction Predicted AM Predicted 
machining

Predicted 
sheet 
metal

Actual AM 477 150 21
Actual machining 144 1155 67
Actual sheet metal 17 48 356

Table 7   Manufacturing process classification performance

Manufacturing process Precision Recall F1-score

AM 75% 73% 0.74
Machining 85% 85% 0.85
Sheet metal 80% 85% 0.82

Table 8   Accuracy, precision, recall, F1-score for each model

Model Accuracy Precision Recall F1-score

Random forest (4-classes) 79.99% 79.94% 79.99% 0.7961
Gradient boosting 79.59% 79.48% 79.59% 0.792
SVM (RBF) 76.66% 77.46% 76.66% 0.7572
Neural network (MLP) 75.70% 75.68% 75.70% 0.7574
SVM (linear) 74.46% 74.74% 74.46% 0.735
Logistic regression 74.13% 74.10% 74.13% 0.7330
K-nearest neighbors 74.07% 73.82% 74.07% 0.7360
Custom CNN + MLP 

(1-stage)
72.50% 74.00% 70.00% 0.7433

ResNet50V2 + MLP 
(1-stage)

74.40% 76.13% 70.24% 0.7606

Decision tree 71.36% 71.72% 71.36% 0.715
AdaBoost 70.24% 69.95% 70.24% 0.7010
Naive Bayes 60.54% 59.64% 60.54% 0.5390
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For the sake of visual clarity, only mean values from 
cross-validation are reported. While this facilitates a more 
straightforward comparison of a model performance, it 
comes at the cost of a reduced statistical interpretability, 
as measures of variance—such as standard deviation or 
confidence intervals—are omitted. This omission limits 

the expressiveness of the results by concealing potential 
variability across folds [63].

6.3.2 � Overall performance improvement

The two-stage AutoSplit approach demonstrates substantial 
performance improvements over the single-stage model. 
These gains are particularly evident in the recall and F1-
score metrics, which are critical in our application context 
as they reflect the model’s ability to correctly detect relevant 
class instances.

In the context of manufacturing classification, recall is 
particularly important, as it indicates the model’s ability 
to correctly identify all relevant components within each 
manufacturing category. This is a key factor in avoiding 
costly misclassifications, such as assigning a component to 
the wrong manufacturing process, which could lead to inef-
ficiencies, waste, or even product failure:

Noteworthy improvements include the following:

•	 Standard part recall ( +18%)
•	 Standard part identification ( +9%)
•	 AM component recall ( +13%)
•	 AM component identification ( +7%)
•	 Sheet metal component recall ( +10%)

These results indicate that the two-stage approach not 
only increases overall accuracy but also provides a more 
balanced and reliable performance across diverse manu-
facturing categories. Although, there is a slight decrease in 
machining recall (− 5%) and sheet metal precision (− 2%); 
these drawbacks are outweighed by improvements in the 
overall F1-score and recall, especially in classes where clas-
sification is more challenging.

Fig. 13   Empirical comparison 
phase

Table 9   Classification performance 4-classes architecture

Manufacturing process Precision Recall F1-score Stages

Standard parts 85% 73% 0.78 One stage
AM 75% 60% 0.67
Machining 80% 90% 0.84
Sheet metal 82% 75% 0.79

Table 10   Classification performance for the two-stage architecture

Manufacturing process Precision Recall F1-score Stages

Standard parts 89% 91% 0.87 Stage 1
AM 75% 73% 0.74 Stage 2
Machining 85% 85% 0.85
Sheet metal 80% 85% 0.82

Table 11   Performance difference (two-stage vs. single-stage)

Manufacturing process Precision Recall F1-score

Standard parts  + 4%  + 18%  + 9%
AM 0%  + 13%  + 7%
Machining  + 5% −5%  + 1%
Sheet metal −2%  + 10%  + 3%
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To validate robustness and variation, five independent 
experiments with different random seeds were conducted. 
Detailed results are provided in Appendix 5.

The experimental results validate that a two-stage classi-
fication approach leads to a more accurate and robust manu-
facturing process determination.

6.4 � Computational efficiency and inference speed

In addition to classification accuracy and robustness, infer-
ence time is a critical factor for real-world integration of 
automated decision-support tools. 

Table 12 summarizes the total runtime and average infer-
ence time per sample for four representative models: the 
proposed AutoSplit two-stage architecture and three one-
stage baselines (random forest, custom CNN + MLP, and 
ResNet50V2 + MLP). All measurements were conducted on 
the same dual-GPU system with a batch inference enabled 
and TensorFlow mixed-precision optimization.

While traditional models such as random forest offer 
extremely fast inference times, they fall short in classifica-
tion precision, particularly when distinguishing between 
overlapping geometric features across manufacturing pro-
cesses. AutoSplit maintains a competitive runtime—out-
performing both CNN-based baselines—and delivers a 
significantly higher accuracy by incorporating an initial 
standard-part filter and process-specific classification refine-
ment. This balance between computational efficiency and 
predictive performance confirms the practical applicability 
of AutoSplit in industrial design environments, where real-
time or near-real-time feedback is desirable.

6.5 � Error analysis

Examination of misclassification patterns reveals several 
significant challenges within the classification process. 
The analysis shows that the most frequent confusion 
occurs predominantly between AM and machining cat-
egories, likely due to their overlapping geometric charac-
teristics and similar feature sets. Sheet metal components 
demonstrate relatively low misclassification rates, though 
when errors do occur, they are primarily confused with 
machining processes, possibly due to shared geometric 

features such as flat surfaces and linear edges. Addition-
ally, the asymmetric nature of these misclassifications 
suggests distinct feature overlaps between different manu-
facturing process pairs, indicating that certain manufac-
turing methods share more common characteristics than 
others, which can complicate the classification process. 
These patterns highlight the inherent complexity of dis-
tinguishing between different manufacturing processes, 
particularly when components exhibit features that could 
reasonably be produced through multiple manufacturing 
methods.

6.6 � Discussion

While AutoSplit demonstrates a strong classification 
performance—achieving 88.84% accuracy (AUC: 0.94) 
in standard part detection and 82% accuracy in process-
specific classification—the observed confusion between 
machining and additive manufacturing highlights the 
practical challenge of overlapping manufacturing fea-
sibility. For example, parts with moderate complexity 
and tolerancing can often be produced by either method, 
depending on specific requirements such as surface finish 
or production volume. These borderline cases reflect not 
only modeling limitations but also real-world ambiguity 
in design-to-manufacturing transitions.

Furthermore, it is important to emphasize that Auto-
Split functions as a recommendation system, not a pre-
scriptive decision engine. Its output is intended to support 
engineers in narrowing down viable manufacturing routes 
during the early design stage, rather than replacing expert 
judgment or cost-based trade-off analysis.

Lastly, while machining achieves the highest F1-score 
(0.85), followed by sheet metal (0.82) and additive manu-
facturing (0.74), process evaluation should not be based 
solely on accuracy or F1. In safety–critical applications or 
cost-sensitive domains, recall may be of higher importance 
to avoid overlooking feasible manufacturing strategies. 
Future versions of AutoSplit could incorporate configur-
able risk preferences, allowing users to adjust the model’s 
sensitivity to false negatives or false positives depending 
on context.

Table 12   Summarize the total 
runtime

Model Architecture type Avg. inference time/
sample

Total runt-
ime (full 
set)

Random forest (1-stage) Traditional ML  ~ 0.04 s  ~ 40 s
Custom CNN + MLP (1-stage) Deep learning hybrid  ~ 0.78 s  ~ 595 s
ResNet50V2 + MLP (1-stage) Deep learning hybrid  ~ 0.71 s  ~ 542 s
AutoSplit (2-stage) CNN + MLP + RF (for both 

stages)
 ~ 0.61 s  ~ 482 s
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6.6.1 � Classification challenges and solutions

A significant challenge in manufacturing process classifica-
tion stems from inherent overlaps between different manu-
facturing methods (Figure 14). Despite establishing clear 
classification criteria, expert disagreement in the labeling 
process reveals the ambiguous nature of process selection 
for certain components.

This ambiguity is particularly pronounced between addi-
tive manufacturing and machining processes, as evidenced 
by the confusion matrix:

•	 150 AM components misclassified as machining
•	 144 machining components misclassified as AM.

To manage inherent classification ambiguities, Auto-
Split generates probabilistic outputs rather than definitive 
categorical predictions. This method provides a probability 
distribution across all potential manufacturing processes, 
supporting more nuanced decision-making.

For instance, a component may be classified with a 75% 
probability for additive manufacturing, 20% for machining, 
and 5% for sheet metal. This probabilistic approach aligns 
more closely with real-world manufacturing decision-mak-
ing, where multiple feasible methods may be applicable to 
a single component.

6.6.2 � Comparative advantages

The two-stage architecture demonstrates significant improve-
ments over single-stage approaches:

•	 15.6% improvement in standard part classification
•	 18.0% enhancement in AM component recall
•	 4.8% improvement in machining identification
•	 24.6% increase in sheet metal component recall
•	 7.4% overall accuracy improvement.

6.6.3 � Practical relevance and industrial applicability

The practical significance of the results is particularly evident 
in the substantial time savings during development through 

automated pre-classification and rapid identification of ST-
Parts. The early detection of AM-suitable components enables 
an optimized part design and avoids costly wrong decisions 
in manufacturing the process selection. The high classifica-
tion accuracy confirms the reliability of the systematic deci-
sion support, while the easy integration into existing CAD 
and PLM systems through the STEP format enables real-time 
recommendations during design and underscores the practical 
value for industrial product development.

6.6.4 � Limitations

However, it is important to note some limitations. The cur-
rent model may struggle with geometries or novel manufac-
turing techniques not well-represented in the training data. 
Additionally, the classification does not yet account for man-
ufacturing constraints such as cost-effectiveness or produc-
tion time, which are crucial factors in industrial applications.

A significant limitation is the reliance on publicly avail-
able CAD libraries (GrabCAD, Fusion360 gallery, Trace-
Parts), which may not fully represent industrial manufactur-
ing complexity found in proprietary datasets. Furthermore, 
the statistical significance of reported performance improve-
ments requires a formal validation through hypothesis test-
ing to ensure observed gains are not due to random variation.

7 � Conclusion

AutoSplit demonstrates significant improvements in manu-
facturing process classification through its innovative two-
stage approach. The hybrid CNN-MLP model achieves 
88.84% ±0.6 (SD) accuracy ( AUC ∶ 0.94 ) in a standard 
part identification, while the random forest classifier suc-
cessfully categorizes non-ST-Parts into specific manufactur-
ing processes with 82.0% ±1.1 (SD) accuracy. These results 
represent clear advancements over traditional one-stage 
approaches, particularly with regard to process-level recall 
and F1-score.

Key contributions include the development of an effec-
tive two-stage classification framework and the creation 
of a comprehensive 20,000 CAD file dataset. Future work 
should focus on integrating cost-time constraints, develop-
ing advanced feature extraction methods, and expanding 
the dataset to include emerging manufacturing technologies 
and multi-process components. Integration with the CAD 
software for real-time process recommendations presents 
another promising direction for development.

Fig. 14   Overlapping class 
definitions
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8 � Appendix 1. The utilized features 
for the first stage:

See Table 13.

Table 13   Utilized features 
stage 1

Feature Description

num_faces Total number of faces in the model
num_edges Total number of edges in the model
Volume Volume of the component
surface_area Total surface area of the component
x_dim Dimension in x-direction (width)
y_dim Dimension in y-direction (height)
z_dim Dimension in z-direction (depth)
num_line_edges Number of straight-line edges
num_circle_edges Number of circular edges
num_ellipse_edges Number of elliptical edges
num_bsplinecurve_edges_ratio Proportion of B-spline curve edges to total edges
thickness_complexity Complexity measure based on wall thickness to faces ratio
num_torus_surfaces_ratio Proportion of torus surfaces to total surfaces
num_bsplinecurve_edges Number of B-spline curve edges
num_line_edges_ratio Proportion of straight edges to total edges
num_plane_surfaces Number of planar surfaces
num_cylinder_surfaces Number of cylindrical surfaces
log_num_edges Logarithmic transformation of edge count
average_edge_length Average length of all edges
aspect_ratio_xy Aspect ratio in xy-plane (width/height)
aspect_ratio_xz Aspect ratio in xz-plane (width/depth)
aspect_ratio_yz Aspect ratio in yz-plane (height/depth)
volume_to_xyz Ratio of actual volume to bounding box volume (x × y × z)
num_bspline_surfaces_ratio Proportion of B-spline surfaces to total surfaces
num_unique_normals Count of unique normal vectors (diversity of face orientations)
wall_thickness Average wall thickness of the component
x_center_mass_relative Relative position of center of mass in x-direction
y_center_mass_relative Relative position of center of mass in y-direction
z_center_mass_relative Relative position of center of mass in z-direction
shape_factor Form factor (surface area/volume(2/3))
overall_complexity Average complexity score from edge, surface, and thickness complexity
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And the utilized features for the second stage:
See Table 14.

Table 14   Utilized features 
stage 2

Feature Description

num_faces Total number of faces in the model
num_edges Total number of edges in the model
Volume Volume of the component
surface_area Total surface area of the component
x_dim Dimension in x-direction (width)
y_dim Dimension in y-direction (height)
z_dim Dimension in z-direction (depth)
num_line_edges Number of straight-line edges
num_circle_edges Number of circular edges
num_ellipse_edges Number of elliptical edges
num_hyperbola_edges Number of hyperbolic edges
num_parabola_edges Number of parabolic edges
num_beziercurve_edges Number of Bezier curve edges
num_bsplinecurve_edges Number of B-spline curve edges
num_othercurve_edges Number of other curve types
num_plane_surfaces Number of planar surfaces
num_cylinder_surfaces Number of cylindrical surfaces
num_cone_surfaces Number of conical surfaces
num_sphere_surfaces Number of spherical surfaces
num_torus_surfaces Number of torus (donut) surfaces
num_bezier_surfaces Number of Bezier surfaces
num_bspline_surfaces Number of B-spline surfaces
num_revolution_surfaces Number of revolution surfaces
num_extrusion_surfaces Number of extrusion surfaces
num_other_surfaces Number of other surface types
num_unique_normals Count of unique normal vectors (diversity of face orientations)
wall_thickness Average wall thickness of the component
x_center_mass_relative Relative position of center of mass in x-direction
y_center_mass_relative Relative position of center of mass in y-direction
z_center_mass_relative Relative position of center of mass in z-direction
volume_to_surface_ratio Ratio of volume to surface area (measure of compactness)
edge_to_face_ratio Ratio of edges to faces (measure of geometric complexity)
average_face_area Average area of individual faces
edge_complexity Complexity measure based on edge-to-face ratio
surface_complexity Complexity measure based on unique normals-to-faces ratio
thickness_complexity Complexity measure based on wall thickness to faces ratio
average_edge_length Average length of all edges
num_line_edges_ratio Proportion of straight edges to total edges
num_circle_edges_ratio Proportion of circular edges to total edges
num_ellipse_edges_ratio Proportion of elliptical edges to total edges
num_bsplinecurve_edges_ratio Proportion of B-spline curve edges to total edges
num_plane_surfaces_ratio Proportion of planar surfaces to total surfaces
num_cylinder_surfaces_ratio Proportion of cylindrical surfaces to total surfaces
num_cone_surfaces_ratio Proportion of conical surfaces to total surfaces
num_sphere_surfaces_ratio Proportion of spherical surfaces to total surfaces
num_torus_surfaces_ratio Proportion of torus surfaces to total surfaces
num_bspline_surfaces_ratio Proportion of B-spline surfaces to total surfaces
aspect_ratio_xy Aspect ratio in xy-plane (width/height)
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9 � Appendix 2. Top 6 most important 
features.

The table below lists the ten most influential features based 
on cumulative Gini importance, as used by the random forest 
classifier in stage 2. These features collectively account for 
44.1% of total decision weight.

See Table 15.

With feature category breakdown as follows:

•	 Geometric: three features (avg. importance: 3.39%)
•	 Edge/surface complexity: two features (avg. importance: 

4.70%)
•	 Efficiency metrics: one feature (4.09%)
•	 Interaction metric: one feature (8.26%)
•	 Other shape descriptors: three features (avg. importance: 

4.07%)

10 � Appendix 3. Micro‑tuned SMOTE 
optimization summary.

Table 16 shows the results of fivefold cross-validation 
after applying SMOTE in Stage 2. The model achieved an 
average test accuracy of 81.43% ± 0.75%, with a consistent 
overfitting gap of 4.91% ± 0.89%. These results confirm 
that SMOTE effectively improved class balance while 
maintaining strong generalization across folds.

11 � Appendix 4. Cross‑validation accuracy 
and variance across classifiers.

Cross-validation analysis (Fig. 15) revealed that while ran-
dom forest attained the highest mean accuracy (0.7903), 
it exhibited moderate variability (CV Std: 0.0282). Neu-
ral network (MLP) demonstrated the lowest variance 
(0.0058), followed by K-nearest neighbors (0.0096) and 
gradient boosting (0.0190). Gradient boosting achieved 
nearly comparable performance (CV Mean: 0.7896) with 
superior stability.

See Table 17.

Table 14   (continued) Feature Description

aspect_ratio_xz Aspect ratio in xz-plane (width/depth)
aspect_ratio_yz Aspect ratio in yz-plane (height/depth)
volume_to_xyz Ratio of actual volume to bounding box volume (x × y × z)
surface_to_xyz Ratio of surface area to bounding box volume
center_mass_distance Distance of center of mass from geometric center
log_volume Logarithmic transformation of volume
log_surface_area Logarithmic transformation of surface area
log_num_faces Logarithmic transformation of face count
log_num_edges Logarithmic transformation of edge count
shape_factor Form factor (surface area/volume(2/3))
overall_complexity Average complexity score from edge, surface, and thickness complexity

Table 15   Top 10 feature importance

Rank Feature name Importance (%)

1 shape_factor 0.085678
2 thickness_complexity 0.080241
3 wall_thickness 0.053853
4 num_bsplinecurve_edges 0.033427
5 volume_to_xyz 0.031898
6 num_bsplinecurve_edges_ratio 0.029119
7 num_bspline_surfaces_ratio 0.028144
8 aspect_ratio_xy 0.023305
9 overall_complexity 0.023135
10 num_faces 0.022878

Table 16   5-Fold validation SMOTE optimization

Fold Train acc Test acc Overfit gap

1 0.8524 0.8252 0.0372
2 0.8516 0.8213 0.0403
3 0.8552 0.8070 0.0582
4 0.8519 0.8109 0.0510
5 0.8561 0.8073 0.0588
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Logistic regression and SVM (linear) displayed nota-
bly higher variability, as evidenced by their larger error 
bars, making them less reliable for consistent performance 
across different data splits. Naive Bayes, while showing 
the poorest accuracy, actually demonstrated relatively 
low variability, indicating consistent but suboptimal 
performance.

Random forest’s combination of highest mean per-
formance and low-moderate variability, along with its 

ensemble-based learning mechanism, ability to handle 
nonlinear interactions, and insensitivity to feature scal-
ing, makes it particularly well-suited for CAD-derived, 
imbalanced data. However, it should be noted that gra-
dient boosting achieved nearly comparable performance 
with similar stability. Given random forest’s performance 
advantage and proven robustness in similar applications, 
it was selected as the final classifier for stage 2.

12 � Appendix 5. Micro‑tuned model 
robustness and statistical validation

Performance gains from SMOTE and training stability across 
folds are detailed in Appendix 3, while seed-based robustness 
and significance testing are reported in Appendix 5.

To assess robustness and significance, the model was 
retrained over five independent runs with varied seeds (42, 123, 
456, 789, 999). A conservative SMOTE strategy was applied 
in all folds. Results are showed the following:

See Table 18.

•	 Mean accuracy: 0.8085 ± 0.0068
•	 Mean F1 (macro): 0.7918 ± 0.0072
•	 Mean recall (macro): 0.7855 ± 0.0065
•	 Overfitting gap: 0.0491 ± 0.0089

Fig. 15   Cross-validation accuracy with standard deviation across classifiers

Table 17   Cross-validation mean and standard deviation of various 
ML models for 4-class manufacturing process classification

Model CV Mean CV Std

Random forest (4-classes) 0.7903 0.0282
Gradient boosting 0.7896 0.0190
SVM (RBF) 0.7582 0.0207
Neural network (MLP) 0.7444 0.0058
SVM (linear) 0.7439 0.0297
Logistic regression 0.7351 0.0383
K-nearest neighbors 0.7363 0.0096
Decision tree 0.6946 0.0124
AdaBoost 0.7032 0.0347
Naive Bayes 0.6094 0.0104
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A one-sample t-test confirmed that improvements in the 
F1-score were statistically significant (p = 0.0002), with a 
large effect size (Cohen’s d = 5.79). Performance across 
seeds was highly consistent, with a maximum F1 range 
of only 0.0182.

The final micro-tuned model achieved 82% test accuracy 
and 81.6% macro F1, outperforming baseline by + 1.3%.
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