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Abstract. This research investigates the impact of graphical representation on
the accuracy of three-dimensional shape classification. 3D models, both scanned and
modeled, are used in engineering, computer graphics and scientific data visualization.
Various approaches are adopted in these fields to visually represent 3D geometry, uti-
lizing solutions such as OpenGL and Direct3D, each with its distinct goal of achieving
either real-time manipulation or photorealism. The purpose of this research was to
determine the most effective graphical representation for categorizing mechanical com-
ponents with a high degree of geometric similarity, such as beams and rods. The study
examined various image representations and their combinations, obtained through the
adjustment of rendering parameters and image compositing. In an effort to improve
classification accuracy, novel techniques for addressing image recognition issues were
developed and tested against commonly used image representation methods. This
innovative approach proposed in the paper led to a 48% reduction in classification
errors.
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1. Introduction

The classification of 3D models in various fields, such as engineering, computer graph-
ics and medicine, is a challenging problem. The prevalence of CAD (Computer Aided
Design), computer graphics, and medical imaging programs has resulted in an ever-
increasing number of 3D models. The expanding use of 3D-scanning technology [21]
and photogrammetry [10] is enlarging the collection of precise models of real objects
with intricate and uneven shapes that previously could not be faithfully represented
in 3D before. Especially in engineering, 3d scanning has found its application, mak-
ing it possible to combine newly designed structures with existing ones. However, the
challenge remains in classifying the elements of the scanned structure, arising from
the fact that the scans are in the form of a point cloud. CAD programs can display
them, but a human being is still needed to recognize the elements. The growing num-
ber of models leads to the need for categorizing techniques, and the development of
Machine Learning methods to solve this issue began promptly [4]. Several classifica-
tion methods have been developed that utilize the 3D geometry of a model, including
voxel-based [44], feature-based [39], and graph-based [45]. Nevertheless, the adapt-
ability of these methods is restricted by the different ways in which 3D geometry
can be stored - two disjoint scans of the same geometry could produce a polygonal
mesh having completely different topologies, even if they depict the same thing to the
human eye (see Fig. 1).

Figure 1. Two distinct tessellations of a 3D model. The left one was acquired
through Catmull-Clarke subdivision [9] of a triangular mesh, and the right one was
produced by voxel-based remeshing [55] of the mesh featured on the left. Although
both meshes retain a similar number of nodes and appearance, they have greatly
dissimilar topologies.

The limitations and scarce availability of these methods have led to the increased
use of 2D image recognition for this purpose. The image recognition market is con-
tinuously growing, and this trend is expected to continue in the upcoming years [64].
The widespread application of this method in commerce, multimedia, banking, auto-
motive, telecommunications, and medicine is due to the numerous available solutions
and their relative ease of use. Point clouds generated by 3D-scanning can easily be
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triangulated into a surface mesh and rendered into images. Consequently, this study
aims to determine which 3D shape representation method yields the highest classifica-
tion quality. The research involved generating an image dataset consisting of various
graphical representations of mechanical components. Based on the results obtained
for the basic representation types, new methods of representation were developed,
some of which yielded higher classification accuracy. The resultant knowledge could
enable the standardization of representation type, both in research and practical ap-
plications (see Fig. 2), allowing for a focus on other important aspects, making this
research both novel and significant.

Figure 2. The standard representation types used in CAD/CAE programs exhibit a
significant degree of variation in terms of appearance. The image presented provides
a depiction of a basic assembly viewed using Autodesk Inventor (a), Siemens NX (b),
Siemens Femap (c), Varicad (d), and CAD Assistant (e).

2. Related Works

Chen et al. introduced the Light Field Descriptor (LFD) in 2003 [11]. Their method-
ology involves producing light field images, which are sets of monochromatic 3D shape
projections from various perspectives (see Fig. 2). Comparing these sets facilitated
recognition and clustering of comparable shapes. The outcomes obtained were 25%
superior to MPEG-7 Multiple View Descriptor [48] and 94% better than MPEG-7
Shape 3D descriptors [11]. In 2004, Lecun [38] conducted a comparison between Con-
volutional Neural Networks (CNNs) [24] and Support Vector Machines (SVM) [18] in
terms of classification accuracy of images that represented 3D models. The models
were categorized into 5 classes: four-legged animals, human figures, airplanes, trucks
and cars. Images were created with solid and textured backgrounds, under various
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lighting conditions and from different angles. It was found that in both cases, CNN
outperformed SVMs resulting in a 7% error rate. The real-time version of the system
achieved object classification at a rate of approximately 10 frames per second [38].
In 2015, Su et al. proposed the Multi-view Convolutional Neural Network (MVCNN)
[65]. Their approach involves generating several graphical representations of a spe-
cific 3D model (see Fig. 3), feeding each image into CNNs, and then aggregating the
resulting outputs in a pooling layer. The second CNN then performs classification.
The MVCNN attained an accuracy of 87.2%, compared to human performance of 93%
[65].

Figure 3. Multiple views were used to compare LFD (left) and MVCNN (right).
LFD utilizes silhouettes of a solid, with monochromatic images taken from 20 view-
points that are located at dodecahedron vertices. Conversely, MVCNN uses a shaded
representation of the solid, with 12 viewpoints situated on a single plane.

Heisele et al. conducted a study investigating the possibility of training networks
to recognize real-life objects in photos using 3D models [27]. The study addressed the
impact of camera positioning and resolution on classification accuracy. Additionally,
they found that the preparation of photorealistic scenes is a time-consuming process
despite the short time it takes for rendering [27]. Sarkar et al. conducted an investi-
gation [60] on the influence of the background and surface appearance of models on
classification quality utilizing CNNs. However, their research did not pertain to the
classification of 3D models themselves, but to the identification of genuine objects
depicted in, say, catalog images. Furthermore, they noticed that 3D model detail has
an impact on prediction quality, with the most successful outcomes associated with
a fully photorealistic texture model [60]. Kanezaki et al. presented RotationNet [33],
a CNN structure that can concurrently recognize an object’s class and pose. Un-
like MVCNN, RotationNet has the capability of using fewer images, rendering side
views needless. Experiments on the ModelNet40 database produced an accuracy of
90.44% for a single perspective and 97.45% for 12 perspectives [33]. Multi-view Graph
Attention Networks (MGAT) [76] is a method for using graphs in multi-view image
classification. The method, presented by Xie et al., employs graph embedding to
select a set of views that yield higher classification accuracy compared to a randomly
selected set. Another approach for utilizing graphs in classifying 3D models is the 3D
Shape Knowledge Graph [49], proposed by Nie et al. They introduced the idea of a
geometric word that can describe a model attribute. Each 3D shape in the dataset
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can be described using specific terminology, and their connections to one another are
a subset of the overall geometric vocabulary. A groundbreaking technique, introduced
by Li et al. in 2020, that converts CAD models into representations of the frequency
domain [39]. Their approach involves searching for fingerprints generated from the
spectrogram of the obtained frequency domain. Zeng et al. proposed the GA-MVCNN
[80] approach which utilizes a multi-view strategy to develop a Hierarchical Graph
Attention Based Multi-View Convolutional Neural Network. The approach employs
Graph Attention Network (GAT) [76] to select views and reduce redundancy, and
correlation-weighted feature aggregation to merge the selected views. The proposed
model exceeds the performance of ResNet-34 by 1.6% in terms of accuracy [80]. In
2022, Khorolska et al [35] presented an approach similar to MVCNN, but with addi-
tional CNN utilization to combine multiple images into one for classification. Their
architecture was tested on a ModelNet40 dataset, achieving a 93.01% accuracy com-
pared to MVNN’s 89.9% [35]. Researchers are increasingly interested in general image
recognition, resulting in the emergence of new solutions frequently. The ImageNet
dataset, which comprises more than 14 million images from over 20,000 categories,
serves as a standard for evaluating the classification accuracy of convolutional neural
networks (CNNs). In recent years, the record for accuracy of classification of this
dataset has been broken many times. In 2019 by the EfficientNetB7 [67], in 2020 by
BiT-L [36], NoisyStudent [75], FixEfficientNet-L2 [69] and Meta Pseudo Labels [54].
In 2021, ViT-G/14 [79] and CoAtNet [50] took the lead, followed by Model Soups [72]
and CoCa [77] in 2022, and BASIC-L [12] in 2023. In recent years, there has been
a noticeable decline in the frequency of major breakthroughs in image recognition -
an example being that the two newer architectures than those mentioned earlier -
GhostNet [43] and ConvNeXt-T-Hermite [34] - have not attained higher classification
accuracy for the ImageNet set. However, this does not mean a decline in interest in
the subject, as new architectures [41, 74] and improved versions of established solu-
tions such as EfficientNetV2 [68] continue to appear.
Advances in image classification, such as the advent of vision transformers [70], have
ensured that image-based 3D shape recognition methods continue to advance as well.
Liu et al. proposed a method based on MVCNN utilizing voting-based view filtering
to select the most informative views [42]. Their approach resulted in a 95.2% accu-
racy on the ModelNet40 dataset, surpassing other methods based on MVCNN [35]. In
2023 Ding et al. presented a method of classification of 3D models based on extraction
of global and local features using Vision Transformers [20]. Wu et al. explored the
robustness of 3d shape recognition methods against occlusion and previously unseen
objects, while highlighting the importance of these methods with the ever-increasing
number of 3D models available [73].
Significant advances in generative AI models in recent years have also brought new
solutions in 3D shape classification. An example of the Analysis-by-Synthesis method
is the DC3DO: Diffusion Classifier for 3D Objects [37] presented in 2024. The au-
thors propose introducing 3D models into a generative model as input noise, along
with various labels. Classification is based on comparing the differences between the
input geometry and the model output for each class label. Diffusion-Based Classifi-
cation (DiffClass) presented in the same year by Meng et al. [46] is another example.
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The authors train the diffusion model so that the denoising trajectory is specific to a
given class. Again, the classification is performed by comparing how well the model
handles denoising points under different labels.
The increasing frequency of new and improved solutions promotes their usage in the
classification of 3D models, as opposed to purpose-built architectures. Previous works
on the classification of 3D models have examined the impact of lighting, background,
texture [60], and camera settings [27], but there is a lack of research that concentrates
solely on the influence of graphical representation type on classification accuracy.

3. Materials and Methods

Due to the lack of sufficiently large open datasets of 3D scans of mechanical compo-
nents and to avoid the influence of scanning method, color, illumination or surface
roughness, it was decided to conduct tests on tessellated models derived from CAD
programs. The dataset utilized comprises 8 component classes, with each class asso-
ciated with specific mechanical components (see Fig. 4). These components include:

• C-beams - a type of beam used in construction and mechanical engineering.

• flat bars - a flat strip of sheet metal

• hollow rectangular sections - popular in lighter structures and automotive ap-
plications

• I-beams and H-beams - the most widely used beam types in construction

• L-beams are a beam type commonly used in construction and mechanical engi-
neering

• pipes are utilized as load-bearing components and for fluid transport

• round bars (rods) have both a construction and mechanical engineering appli-
cation

• square bars are primarily used in mechanical engineering.

For each category, 250 components were generated, resulting in a perfectly bal-
anced dataset of 2,000 components. The chosen categories are frequently used in
construction, primarily in heavy industry, construction, or industrial installations.
The components used in the study come from genuine industrial projects, specifically
from waste incinerators. The dataset is comprised of real engineering models without
any prior selection. This ensures that the models are tested in conditions that more
closely resemble practical industrial applications. The selection of these categories was
intended to restrict diversity in the dimensions of 3D geometry, as all eight categories
contain elements with a uniform cross-section, and make the results less dependent
on the overall shape of the component. The graphical representation was unified by
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Figure 4. Classes of components, in sequence: c-beam (a), flat bar (b), hollow
section (c), I-beam (d), L-beam (e), pipe (f), round bar (g) and square bar (h). These
components have a constant cross-section along their length and are regularly used
in both mechanical engineering and building construction. The dimensions of these
components are commonly defined as length, width and height, or length and diameter
for pipes.

focusing on one end of the classified component. The addition of mechanical compo-
nents with more compact shapes, like nuts or bearings, would have complicated the
interpretation of the results. This is because some of them would have been visible
in full and some only partially. Displaying elongated components wholly is not fea-
sible because very lengthy beams would appear as a solitary, broad line due to the
restricted resolution of images required by popular Convolutional Neural Networks
(see Fig. 5).

3.1. Export and import of CAD data

Geometry data describing structural components are saved in cad software formats,
but not all of them allow for model transfers. Therefore, universal formats such as
IGES [47] and STEP [30] are employed. IGES is based on ASCII, and it is an older
format dating back to the punched card era. Its popularity fell significantly after the
ISO 10303 standard describing the STEP format was published in 1994. Based on
Boundary Representation (BREP) [30], the STEP file format is currently more widely
used. BREP describes the exterior surfaces of a solid by defining all the component
surfaces. Import and export of STEP files are supported by all 3D CAD programs,
making them the industry standard for transferring CAD models between companies.
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Figure 5. Long components are challenging to recognize with low-resolution images
(in this case, 224x224 pixels) as the image needs to be scaled. On the right, there is
an image of the same beam as on the left, but the camera only focused on its end,
making the identification of the component’s type possible.

This is due to the waning support for the outdated IGES format in contemporary CAD
software. In this study, the STEP format files were worked on using Open Cascade
Technology (OCCT, OCC), an open-source software development platform designed
for 3D CAD, CAM and CAE [51]. Another advantage of utilizing this format is the
reduced occurrence of errors during the importation process. The resulting models
of the structure were obtained in the form of files containing complete assemblies of
large sections of the entire plant. A Python script was developed for the current study
[71], utilizing the pythonOCC library [53], which functions as a Python wrapper for
OpenCASCADE C++ technology. The software extracted individual parts from the
assembly and saved them in separate files. The names of these files were taken from
the assembly file, and uniquely identified the class to which the component belonged
(Fig. 6). Files displaying defects such as absent surfaces, unattached overlapping
edges or non-manifold intersections between surfaces following importation have been
rejected.

The study employed the Euler characteristic defined as

χ = V − E + F, (1)

which depicts the correlation between the number of surfaces F, edges E and
vertices V [22]. For any convex polyhedron the value of χ equal to 2, a deviation
from this value signifies non-manifoldness of the shell. As all the components share
a constant cross-section, it was beneficial to orient them in the same direction to
streamline further processing. To achieve this, a Python script was developed to
leverage pythonOCC’s abilities to evaluate the features of a solid, including surfaces,
edges, and nodes. The longitudinal axis direction of each solid was determined by
summing the lengths of all edges and cylindrical surface axes in the same orientation
in three-dimensional space. Technical term abbreviations were explained upon first
use. The direction which provided the highest combined length was designated as the
longitudinal axis of the model. It was then rotated to coincide with the X axis of the
Cartesian coordinate system [19] used in pythonOCC.
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Figure 6. A diagram demonstrating the process of dataset preparation is presented.
To begin, an assembly written in STEP format undergoes division into individual
components with the aid of a Python script. This same script then checks the man-
ifoldness of the 3D model whilst also orienting it correctly. Subsequently, a second
Python script converts the components into STL format. The STL files are then used
to generate images using Blender for photorealistic rendering, and a Python script
using the VTK library for simple representations.

For pipes and cylindrical rods this method was effective. However, for other shapes, an
additional step was needed to prevent an unusual and physically impossible alignment.
This involved identifying the flat face with the largest surface area and orienting the
model so that the normal direction coincided with the Z-axis (considered the vertical
direction) while maintaining the lowest Z coordinate value. The resulting models were
saved in STEP format in a separate directory. The next step was to convert the STEP
files into a format that could be easily imported in computer graphics programs. The
STL [1] format was chosen because of its widespread use in both graphics and CAD
programs. In it, a surface is described using nodes and the triangles connecting them.
The script prepared for this purpose opened all STEP files one by one and saved
them in STL format, with an arbitrarily selected quality (defined as the acceptable
deviation of tessellated surface from the input model).

3.2. Image preparation

Five types of graphical representation were utilized in the initial stage of the research,
varying from basic to advanced (see Fig. 7):

• wireframe - where lines depict only the solid edges

• shaded - where the surfaces of the solid are visible, and colors vary depending
on light incidence angles

• fast rendering - commonly used in graphics software for quick model visualiza-
tion.
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• photorealistic without background - physically correct rendering without back-
ground

• photorealistic rendering with background.

Figure 7. This picture demonstrates 5 basic graphical representation types, arranged
from the top to the bottom as follows: wireframe, shaded, fast rendering, photoreal-
istic without a background, and photorealistic with a background. In each column,
one of the eight component categories is represented.

Blender takes advantage of the ability to define component surfaces in more detail
by using the BSDF shader [3] based on the popular Disney Principled Shader [6].
This allows for the use of diffuse, roughness, normal and displacement textures with
placement defined by uv-mapping [8]. The same shader was also employed for the
surface upon which the components rest. Additionally, a panoramic environment map
illuminated the scene using HDR [57]. This image is also presented in the background.
The number of samples affected the quality of the rendering [32] (see Fig. 8), which
was improved by using the built-in OpenImage denoiser [29]. All used textures, as
well as the 3D model used in figure 5, have been sourced from Poly Haven website
[78] and are licensed under Creative Commons 0 (CC0).

To generate images, STL files are loaded into Blender. Successive models from
each class are then loaded and shifted relative to the previous one. This process
facilitates selecting the currently visible component by moving the entire array of
components in front of the camera. Four combinations of randomly generated camera
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Figure 8. Rendered images were generated using 50, 50 (with denoiser), 500, and
500 (with denoiser) samples, arranged from left to right. The utilization of a denoiser
enables a reduction in the number of samples by a factor of ten while still producing
an image of comparable quality to those generated with significantly more samples.
Nonetheless, expertise is required when implementing this technique since using an
insufficient number of samples may result in blurring of the textures.

azimuth, ranging from 10 to 45 degrees, and elevation, ranging from 25 to 45 degrees
are determined for each of the 250 class representatives (see Fig. 9).

Figure 9. A slender component can be separated into two parts: the camera’s focus
falls upon the green section, while the remainder (red) is visible but disregarded in
camera alignment. The object’s perspective is defined by the azimuth (magenta) and
elevation (cyan) angles.

The angles were selected based on a frequently encountered arrangement for pho-
tographing beams on the internet, while following objectivity principles. One out
of four component materials, one of seven background materials and one of three
environments are randomly selected for the renderings, as portrayed in Figure 10.

All components from each of the eight classes were rendered with the same set-
tings, as demonstrated in Figure 6. The camera’s position is adjusted according to the
component size after being rotated by azimuth and elevation angles. For components
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Figure 10. The top row displays four component materials: rusted steel (a), rust-
speckled paint (b), aluminum (c), and stainless steel (d). The subsequent two rows ex-
hibit seven background materials: poured concrete floor (e), concrete wall (f), painted
wooden wall (g), wooden floor (h), pavement slabs (i), pavement tiles (j), and tread
plate (k). Finally, the bottom row showcases reflections of environment maps, includ-
ing factory interior (l), garage (m), and outdoor (n).

with a length to width or length to height ratio greater than 4:1, only a section of the
component with a length equal to four times the width of the profile is focused on by
the camera (see Fig. 9).
The animation’s keyframes save the positions of the components, camera, and mate-
rials. Simultaneously, the same data is saved in a .csv file for generating images using
the VTK library. The Python script performs the entire process, as Blender has its
own Python API [17]. The animation is saved separately for fast rendering (Eevee
renderer [25]) and both photorealistic representations (Cycles renderer [31]). The
camera position settings that have been saved are then utilized in a Python script
that employs the VTK library to produce graphical representations of the models.
These images include both shaded and wireframe views. The intention behind using
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identical views and materials for each class was to minimize the randomness of the
results obtained.
The various methods of generating images varied significantly in the time required to
prepare an 8,000-image dataset. Fast render took 310 minutes, photorealistic with-
out background took 513 minutes, and photorealistic with background - the most
time-consuming - took 639 minutes. The situation was entirely different for simpler
representations obtained using the VTK library - for a single type, it took 4 minutes.
The script generated all images for all 10 representation types in 32 minutes. Ad-
ditionally, preparing the files required for renderings in Blender is a time-consuming
process that requires experience.

3.3. Methods

The classification process was carried out using four commonly used neural network
architectures:

• DenseNet201

• EfficientNetB4

• ResNet50V2

• Xception

The choice of multiple architectures was made to minimize the influence of the
network’s characteristics on the validity of the results.
One of these architectures is DenseNet [28], an Artificial Neural Network (ANN) that
connects each layer to every other layer. This means that for each layer, the input
consists of feature-maps from all previous layers. DenseNet has a significantly higher
number of direct connections between layers compared to traditional CNNs. In this
work, we utilized a variant of DenseNet201 which consists of 402 layers.
The EfficientNetB4 architecture used is one of the variants of EfficientNet, a family of
networks proposed by Tan [67]. Their solution was based on using neural architecture
search [81] to find combinations of basic parameters that describe the network archi-
tecture, such as depth, width, and resolution. Beginning with the baseline model,
the architecture parameters were scaled using a non-uniform scale factor. One of
the variants achieved the highest classification accuracy on the ImageNet [59] set at
the time of publication, with a much smaller network size and faster inference time.
Non-uniform scaling enables the identification of the optimal architecture at a given
network size. EfficientNetB4 comprises 258 layers.
ResNet, an ANN architecture based on HighwayNet, was proposed by He [26]. In
order to reduce the vanishing gradient problem, ResNet includes links that bypass
some layers [63]. This work uses ResNet50V2 which consists of 103 layers.
Xception, a network architecture based on Inception [66], was proposed by Chollet
[15]. The architecture of Xception, which consists of 81 layers, outperformed Incep-
tion V3 on the ImageNet dataset. Xception uses images with a resolution of 299x299
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pixels, while the other networks use images with 224x224 pixels.
The library used in this work is TensorFlow [2], managed through the Keras [16] li-
brary of the Python language. The networks were trained on a workstation equipped
with a GPU using the NVidia CUDA library. Pre-trained weights from the ImageNet
dataset were used for all architectures, eliminating the need for model training and
reducing network training time. The hyper-parameters also had identical values, as
follows:

• learning rate = 0.01

• momentum = 0.3

• batch size = 32

• decay rate = 1

To reduce overfitting, a dropout layer with a dropout factor of 0.5 was added [62].
The last dense layer has a size of 128. The maximum number of epochs is 40, and an
early-stopping mechanism was used to stop training if the loss did not drop for more
than 3 epochs [7]. Stratified K-fold validation [58] with 10 folds was used to ensure
proper model validation. This method ensures an even distribution of representatives
from all classes in each fold. All tests were run with the random number generator
seed set to the same value of 42, so that each iteration for each style was trained and
tested on exactly the same set of models. This ensured that only the appearance of
the image could influence the quality of the classification.

4. Results and Discussion

The first step was to examine the images generated using the five representation
types. The main evaluation criterion was classification accuracy, but as this already
varied by 98% for the basic types of graphical representation, it was decided to use
an additional criterion - macro-averaged F1 score. The macro-averaged F1 score is
calculated as the arithmetic mean of the F1 scores obtained for each class separately.
This measure allows one to assess whether the model performs equally well for all
classes, as its value drops significantly even if the classification accuracy is low for
just one of the classes [52].

As the chosen initial representations are commonly used and the neural network
architectures tested are state-of-the-art, the results of this first series of experiments
will be taken as a baseline for the remaining tests. Table 1 includes the values of both
classification quality measures and the number of misclassifications.

The ResNet architecture achieved the highest values of accuracy and Macro-F1
for both the Shaded representations, with 98.18% and 99.09% respectively, showing a
negligible advantage over Wireframe (97.90% and 98.95%). The Fast render achieved
an accuracy of 92.85% (Xception), while Photorealistic without background images
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Table 1. Results obtained using 5 basic types. The values for accuracy, Macro-
averaged F1 score, and number of misclassifications for each architecture are as fol-
lows: DenseNet (D), EfficientNet (E), ResNet (R), and Xception (X).

Representation Accuracy [%] Macro-F1 [%] Misclassified
Type D E R X D E R X D E R X

Wireframe 97.75 97.00 97.90 96.73 98.88 98.5 98.95 98.36 180 240 168 262
Shaded 97.88 96.08 98.18 97.78 98.94 98.03 99.09 98.89 170 314 146 178

Fast render 92.40 91.00 92.58 92.85 96.19 95.48 96.28 96.42 608 720 594 572
Render w/o bg. 92.13 88.78 92.03 92.58 96.05 94.37 96.01 96.28 630 898 638 594
Render with bg. 81.95 84.23 81.78 83.45 90.92 92.09 90.85 91.69 1444 1262 1458 1324

(Xception) achieved a slightly lower value of 92.58%. The lowest accuracy result, at
83.45%, was obtained for photorealistic images with a background (Xception). There
is a clear correlation between image accuracy and photorealism - the closer an image
is to photorealism, the lower the accuracy. As the aim of this work is to determine
the graphical representation type that provides the best classification accuracy, the
focus was placed on the two most effective types in search of a better solution.

4.1. Causes of missclassification

To investigate the causes of misclassification, we examined the problematic images.
As ResNet architecture yielded the best results for both representation types, we will
concentrate on its outcomes (Fig. 11).

The potential reasons for misclassification errors include:

• the presence of large circular holes in non-pipe components machining of the
end of a component that creates features characteristic of another class, such as
a rectangular cutout in the end of a round bar or rounding of a square bar

• camera positioning that causes important details to be hidden

• blending of parallel planes caused by identical shading color

• undetected edges caused by a small angle between surfaces

It was found that the number of misclassified images for each group was low, with
only 26 views misclassified in both wireframe (168 misclassified overall) and shaded
(146 misclassified overall) representations. This indicates that most of the misclas-
sification errors were not solely due to the shape of the component and the camera
setting, but to their combination with a given graphical representation type.
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Figure 11. Examples of images that were misclassified using either wireframe rep-
resentation (upper row), shaded representation (middle row), or both wireframe and
shaded (lower row).

4.2. Additional types of graphical representation

Based on the results obtained in the first stage of the study, a decision was made to
investigate the effect of anti-aliasing [23] (see Fig. 12) on the quality of classification
by adding two more representation types:

• wireframe without anti-aliasing

• shaded without anti-aliasing

Table 2. Results obtained using 2 additional types.

Representation Accuracy [%] Macro-F1 [%] Misclassified
Type D E R X D E R X D E R X

Wireframe w/o AA 96.98 96.50 96.65 96.50 98.49 98.25 98.32 98.25 242 280 268 280
Shaded w/o AA 96.80 95.23 97.20 97.90 98.40 97.60 98.60 98.95 256 382 224 168

4.3. Complex representation types

Three new types, combining the features of wireframe and shaded representations,
were proposed after it was inferred that there was a low overlap between views that
were misclassified using these types of representation (see Fig. 14):
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Figure 12. Differences between images generated with and without anti-aliasing.

Figure 13. Two additional graphical representation type, wireframe without anti-
aliasing (top row) and shaded without anti-aliasing.

• hidden

• overlay

• feature

The images were obtained by modifying the parameters of the Python script used for
creating the 2 basic types.

4.4. Composite representation types

The architectures used in this work were designed for photo classification and utilize
data saved in RGB format, with all color channels passed to the CNN in parallel. As
wireframe and shaded produce grayscale images, each color channel contains the same
information. To determine if this redundancy is necessary, three color channels were
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Figure 14. Three complex representation types. Hidden is similar in appearance
to wireframe but does not contain lines obscured by the surface of the component.
Overlay was created from superimposing wireframe on shaded - this was done not by
merging the two images, but by changing the rendering parameters that caused all
edges to be rendered offset above surfaces. The feature representation is similar to
shaded, but with added feature edges.

Table 3. Results obtained using 3 complex representations.

Representation Accuracy [%] Macro-F1 [%] Misclassified
Type D E R X D E R X D E R X

Hidden 96.50 95.55 96.40 96.85 98.25 97.77 98.2 98.43 280 356 288 252
Overlay 98.93 97.40 99.05 98.43 99.46 98.70 99.52 99.21 86 208 76 126
Feature 97.23 95.15 97.60 98.40 98.61 97.57 98.80 99.20 222 388 192 128

used as additional information transmitted to the neural network. For this purpose,
four additional composite representation types have been developed. Each channel
contains an image generated using a different method:

• composite 1: feature + wireframe + shaded

• composite 2: overlay + wireframe + shaded

• composite 3: overlay + feature + shaded

• composite 4: overlay + wireframe + feature

These new types are based on the two best basic representations (wireframe and
shaded) and the two best composite representations (overlay and feature). Functions
from the OpenCV library were used to create them [56]. Each image used in com-
positing is divided into three color channels - red (R), green (G), and blue (B). These
channels contain the same values, as shown in the example of the shaded image in the
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Figure 15. Separate color channels and an image combining them, in rows from
the top: Shaded (SH), Composite 1 (C1), Composite 2 (C2), Composite 3 (C3) and
Composite 4 (C4).

top row of Figure 15. A composite image is formed by merging three color channels,
each obtained from a different input image.

The Overlay representation combined with DenseNet architecture produced the
best results, with an accuracy of 99.05%. The Composite 1 representation, combined
with ResNet, gave the second-best result with the accuracy of 98.93%, the same as for
Overlay and DenseNet. No other composite types produced better results. Composite
graphical representation types yielded better results for the EfficientNet and Xception
architectures. For EfficientNet, Composite 4 achieved an accuracy of 98.25%, while
for Xception, Composite 3 achieved an accuracy of 98.53%.

95% confidence interval was calculated for the best results, yielding ranges from
97.736% to 98.614% for shaded representation and ResNet architecture and from
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98.685% to 99.415% for Overlay and ResNet architecture, allowing the assumption
that overlay results are in fact better. In the case of Xception and EfficientNet
architectures the confidence interval of the best of the simple representation was from
97.469% to 98.081% for the shaded representation and Xception architecture, while
for the Xception and Composite 3 representation it ranged from 98.090% to 98.960%,
also proving the advantage of this type of graphical representation.

Table 4. Results obtained using 4 composite representations.

Representation Accuracy [%] Macro-F1 [%] Misclassified
Type D E R X D E R X D E R X

C1 98.75 97.23 98.93 98.10 99.38 98.61 99.46 99.05 100 222 86 152
C2 98.83 97.75 98.60 98.08 99.41 98.88 99.30 99.04 94 180 112 154
C3 98.58 98.10 98.83 98.53 99.29 99.05 99.41 99.26 114 152 94 118
C4 98.75 98.25 98.58 98.23 99.37 99.13 99.29 99.11 100 140 114 142

Furthermore, the positive outcome achieved with the composite graphical repre-
sentation types warrants exploring the potential for further modifications. It is pos-
sible for each of the color channels to display a distinct perspective of the classified
component, which may enhance the accuracy of the classification (as demonstrated
in MVCNN [65]). This method would utilize supplementary data stored in multiple
views, without requiring the creation of a new, multi-view architecture. Composite
images can be classified using a neural network architecture developed for single im-
ages. This approach is advantageous because methods developed for general image
classification atract more research interest to researchers and new advances are more
frequent.
Achieving a substantial decrease in misclassified images, despite the study’s initial
use of simple representations that already yielded an accuracy of over 98%, is a tes-
tament to the effectiveness of the proposed novel types. To further validate their
performance, it would be beneficial to test the developed representations on a more
diverse dataset, such as ModelNet40. Possible directions for further research include
investigating why the composite representation types only yielded better results for
EfficientNet and Xception architectures and testing the effect of camera angles on
classification accuracy. In conclusion, we have established an inverse relationship be-
tween image photorealism and classification accuracy. The Overlay and Composite
representations provided the best results, despite their appearance being less natural
to the human eye than that of basic graphical representation types.

5. Conclusions

The problem of classification of objects presented in various images is well known and
studied, but there are a wide range of aspects that have to be taken into account
regarding specialized identification. The proposed study and methodology is a novel
approach to analyze images based on the set of different image representation modes.
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The study found that a simple graphical representation was superior in terms of
accuracy and confidence in classifying 3D models, and that using an overlay represen-
tation reduced misclassification by 94% compared with a photo-realistic renderings
with background. It may be assumed that using the most realistic images would re-
sult in the highest classification accuracy since the network architectures used were
created to classify photographs. However, the obtained results indicate the oppo-
site: the more photorealistic the image, the lower the classification accuracy. The
advantage of simple representations over those that provide more realistic renderings
can be attributed to the feature extraction process. Simple shading produces images
with fewer gradients and complex textures, where surfaces typically have the same
hue throughout, and gradients only occur on non-flat surfaces. The lower number of
unique features in these images likely contributes to their higher accuracy.
Generating images using the VTK library has a major advantage over photorealis-
tic renderings - it does not require complex configuration of lighting, materials, and
parameters. Additionally, the generation of images takes only a fraction of a sec-
ond. Furthermore, the VTK library does not require separate computer graphics
software, making it easy to integrate with other applications. The findings indicate
that selecting an appropriate graphical representation type can lead to achieving high
classification accuracy, exceeding 99%, when using neural network architectures in-
tended for photorealistic image classification. The overlay representation, which was
developed for this study, resulted in a 94% reduction in misclassified images compared
to the photorealistic image and a 48% reduction compared to the best of the basic
types.
The study found that the graphical representation type most useful for image clas-
sification was one that appeared unnatural to the human eye. From the authors’
perspective, this is the most important conclusion from the research conducted, sug-
gesting the need to move away from an anthropocentric point of view in the research
on convolutional neural networks. At the same time, it emphasizes the novelty of the
presented research.
Future research could involve validating the developed graphical representation types
using a larger and more diverse dataset of 3D models. It is worth considering ap-
plying the conclusions to improve photos or medical image classification or to check
the possibility of classifying photographs using a model trained only on computer-
generated images. Another follow-up could be to investigate whether similar results
are obtained for different image classification methods, such as Vision Transformers.
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