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Abstract: Object detection often struggles with accurately identifying visually similar parts, a
challenge commonly faced in industrial applications. To address this issue, we propose a clustering
methodology based on the visual similarity of 3D object models. This approach is particularly
effective when integrated with synthetic image generation, as both processes rely on 3D models.
In a case study, we observed a 22 % increase in classification performance on a validation dataset
when training an object detector on visually similar groups rather than on all classes, suggesting the
potential of our method as a baseline for a multi-stage classification scheme.
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1. Introduction

In recent years, the performance of machine learning algorithms used for object detection has
gained a significant incline. Therefore, potential industrial use cases for this technology have been
identified and tested. Even though the quality of these models has improved steadily, they still
require a large amount of training data before they can be used in the field. Although some zero-shot
object detection models have recently been published, which are designed to work without further
training, they usually cannot be used for object identification in an industrial environment without
adaptation due to the uniqueness of the objects. Because collecting and annotating image data for
object detection involves a great amount of manual effort, concepts for using synthetic data have
been investigated. Synthetic data for object detection can be generated by rendering 3D-CAD models
in a virtual environment. This kind of data collection can be fully automated and is also error free
but it suffers from the Sim2Real gap, which describes the difference between real and synthetic data.
Furthermore, groups of industrial parts in a particular application are often visually similar which
makes a distinction quite difficult. When dealing with these two problems at the same time, the use of
synthetic data can be unfeasible. In this paper, we propose a concept to measure the visual similarity
of 3D models to identify subsets of similar parts using the objects 3D models. Thus, the concept can
be directly combined with a synthetic image generator and is also generally applicable if the objects
3D models are available. The concept will be validated, and potential benefits will be discussed. The
paper starts with related work on synthetic data used for object detection and similarity analysis for
3D objects. Afterwards, the concept for clustering visual similar objects based on their 3D models
will be presented. The Outcomes section describes the effectiveness of the proposed approach by
comparing the validation classification loss of multiple object detectors. Finally, a conclusion is given
and potential future research aspects are outlined.

1.1. Related Work

1.2. Synthetic Data for Object Detection

In contrast to traditional image processing methods, modern methods based on machine learning
(ML) do not require an algorithmic description of the procedure, but they do require a large amount
of data to carry out a learning process. The collection, annotation and labeling of the data required
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for training a ML model for object detection is problematic and time-consuming. Depending on the
complexity of the use case, several thousand images of the objects are required [1]. This process is
associated with a high manual workload, is prone to errors. Therefore, the use of synthetic data
offers a promising alternative to the manual collection of ML training data. This type of data can be
generated automatically by rendering from the corresponding 3D models and automatically labeled
without errors [2,3]. The use of specifically tailored synthetic data for a certain use case to train object
detectors has already been applied successfully [3,4]. To simplify the generation of synthetic data
Greff et al. published Kubric, which is a framework specialized for synthetic image data generation
[5]. Automated access to image databases for backgrounds and interfaces for importing 3D objects
allow a large amount of synthetic data to be generated in a short time. Frameworks of this type also
offer the potential to be connected to existing and established software systems for product lifecycle
management (PLM) in order to create consistent, automated processes [6].

1.3. Object Similarity Analysis

Concepts of similarity analysis for 3D models are based on encoding the 3D model into a
comparable representation, often referred to as a signature, descriptor or embedding. Obuchi et
al. apply two-dimensional Fourier transforms to rendered depth images of an object from multiple
perspectives to create descriptors for each of the selected perspectives [7]. These can then be analyzed
using metrics such as cosine distance or similar evaluations. While this approach only encodes visual
properties of the 3D models, other approaches focuses on encoding volumetric features [8] or using
rule based models in order to achieve accurate representations [9].

In recent years, contrastive models have gained much attention for creating meaningful
representations for various kinds of inputs. These models try to learn similarities or dissimilarities on
the training data. Known contrastive models are CLIP [10] or DINOv2 [11]. These models differ in
their training routines, but both result in a meaningful embedding space for the model. Due to the vast
amount of data, these models can be used in a zero-shot manner, meaning additional fine-tuning is not
mandatory. Nguyen et al. use the DINOv2 model to generate descriptors based on RGB renderings
of 3D models [12]. The authors use the cosine distance to classify image patches of real objects, by
comparing an embedding of the image patch and the 3D models. Xiang et al. use the CLIP model for
remote sensing scene classification, achieving approximately 85% to 95% accuracy depending on the
dataset [13].

Using the descriptors of machine learning models as an input for clustering algorithms for object
classification is proposed by Xie et al. as deep embedded clustering, which can lead to impressive
results without any prior knowledge of the object classes [14]. Nevertheless, fine-tuning a contrastive
model like CLIP for a specified use case can still result in a boost in performance and should be
considered if an adequate amount of training data is available [15].

2. Materials and Methods

In this section, the concept for clustering visual similar objects is presented. An overview of the
concept is depicted in Figure 1. The algorithms used for the proposed process are presented and
alternatives are discussed to allow future research to be carried out. The concept can be divided
into three stages, a pre processing stage, the main clustering procedure and a post processing stage.
Furthermore, a procedure for fine-tuning the involved contrastive machine learning model for the
intended use case is presented.
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Figure 1. Overview of the proposed concept separated into 3 stages with the 3D models as the input
and the final consensus clustering as the result

2.1. Pre Processing

In the first stage, the 3D models are rendered from different perspectives P (e.g. front, back, upper,
lower, left and right). Depending on the visual complexity of the objects, the amount of perspectives
can be adjusted respectively. The objects are uniformly scaled so that the object’s maximum dimension
equals 1 unit in the virtual environment, to guarantee a complete capturing of the objects. The objects
are placed at the origin of the environment. To avoid shadows being cast, lights are placed at each of
the selected perspectives facing the object. The cameras are placed with a distance of 1 unit away from
the objects. The renderings are made from an orthogonal projection. Each rendering has a resolution
of 224x224 pixel, matching the input size of the latter used DINOv2 model. Each image includes
three color channels and an alpha channel. The alpha values of the background are set to 0 and its
corresponding RGB values are later on replaced by a white & black checkerboard pattern. Doing so
guarantees for a sharp contrast between the object and the background, even if some of the objects
have a dark or white surface color. The rendering procedure is carried out for every perspective and
every object in the set, resulting in |P| * N images, with N being the total number of 3D models.

2.2. Clustering

Afterwards, each image is fed into the contrastive machine learning model DINOv2. This results
in a high dimensional numerical vector representation (embedding) for each image. These Vectors
will be used to compare the similarities of the captured objects using a clustering algorithm. In theory,
clustering algorithms can be directly applied to the high dimensional vectors. However, reducing the
dimension of the data points can help to reveal the intrinsic structure of the data, leading to a better
separation of clusters [16], while also reducing noise of the higher dimensions [17,18]. Furthermore,
it can also improve the performance of the clustering algorithm, depending on the algorithm being
used. Additionally, lower dimensional data points can easily be visualized. Therefore, the t-distributed
stochastic neighbor embedding (t-SNE) algorithm is applied to reduce the dimension of the data points
to two dimensions. Alternatively, the use of the uniform manifold approximation and projection
technique (UMAP) can be considered.

With the dimension of the data points reduced to two dimensions, the clustering algorithm
mean shift is applied. This density based clustering algorithm has the advantage of being almost
non-parametric. It only relies on the bandwidth parameter, which can be estimated using the data
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points to be clustered. Another required property of this clustering algorithm is that it does not require
any prior knowledge of the number of existing clusters, like k-means, as the goal is to identify similar
objects by clustering their descriptors. An alternative clustering algorithm with similar properties
is the HDBSCAN algorithm. In contrast to mean shift, HDBSCAN provides more flexibility with
different parameters that can be configured. The clustering algorithm is applied to each perspective
individually, resulting in an ensemble of | P| different clustering results.

2.3. Post Processing

In the post-processing stage, the different clustering results are analyzed to generate a single,
consensus clustering. This is done by creating an N * N association matrix, representing how often
objects 1; and 7; are in the same cluster, normalized by the total number of different clustering results
in the ensemble |P|. By exceeding a predefined threshold, the objects are considered similar and are
placed in the same final cluster.

2.4. Fine-Tuning

While this concept can be applied without any adjustments to a pre-trained contrastive model,
fine-tuning to a specialized use case may result in a better performance [15]. Therefore, this subsection
presents a concept of fine-tuning the contrastive model, aiming for a better clustering performance.

As the ML model is used to analyze the similarity of industrial components, a large and
comprehensive set of 3D models of industrial components is required for fine-tuning. Following the
rendering procedure in section 3.1, the 3D models can be rendered from the predefined perspectives.
The triplet loss, proposed by Chechik et al. [19], can be applied to guide the learning process. It consists
of three components, an anchor, a positive and a negative input. The anchor can be a randomly select
sample of the training dataset. The triplet loss aims at minimizing the distance between the anchor
and the positive input, while maximizing the distance of the anchor and the negative input, in the
embedded space. For a given anchor, a positive sample should be an image of a similar object, or an
image of the same object rendered from a different perspective. A negative sample should in contrast
be an image of an object of different category or type of the anchor, to ensure a dissimilarity between
the anchor and the negative. It is therefore necessary to group the objects in the dataset based on their
similarity. In addition, the data set should include a sufficient number of 3D models so that the zero
shot capability of the contrastive model is preserved.

3. Results

This chapter presents the effectiveness of the proposed concept. The concept is applied to a set
of LEGO pieces, in order to match visually similar parts. Afterwards, a synthetic image dataset is
created and used to train three object detectors. The first detector has to identify each part individually,
while the second detector has to identify the groups of similar objects based on the similarity matching.
The third detector also has to identify groups of similar objects, which are created using a fine-tuned
version of the contrastive model. Finally, the detectors are compared by their classification loss on the
validation data.

3.1. Clustering without Fine Tuning

First, a selection of objects to be detected is set up. In total 20 LEGO pieces, with different color
and shape, are selected. Some of the objects have strong visual similarities to each other, while others
are deliberately different. This guarantees difficulties in the classification task for an object detector.
The LEGO parts are rendered from the front, back, upper, lower, right and left perspective. The
background is set to a checkerboard pattern in order to maintain the contours of the objects. Afterward,
the embeddings obtained from inferencing the contrastive model DINOv2 using the ViTs-14 checkpoint
are reduced in dimension to 2D using the TSNE algorithm, and then grouped using the Mean Shift
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algorithm. A threshold of 0.5 is set for the consensus clustering. The final clustering is shown in
Figure 2.
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Figure 2. Embedded clustering of the selected LEGO parts

To evaluate the effectiveness of the approach, three object detectors are trained. All three use the
same training and validation images, but differ in the class assignment of the objects. While the data
set for the first detector has exactly one class for each object, the clustering in Figure 2 is used as the
basis for the class assignment of the second data set. In the following subsection, the third detector is
trained to identify a clustering based on a fine-tuned version of the contrastive model.

A data generation pipeline is implemented to create the required amount of images synthetically.
During the synthetic data generation, 1 to 5 objects are placed inside a virtual environment, with
random orientation. The camera is placed at a random point on a half sphere around the origin, within
a variable radius. Given the camera’s distance to the origin and its FOV, a view plane is calculated.
The objects are placed randomly on that plane to ensure visibility to the camera. To differ background
and lighting conditions, an HDRI texture is randomly sampled for each image. In total 1000 images
are created this way, used entirely for training.

For the validation images, a more realistic data generation pipeline is implemented. The objects
are placed randomly above a flat surface. A physics simulation is then carried out to calculate physical
accurate orientations of the objects on the surface. This is achieved by simply dropping the objects from
the specified height onto the surface. The camera is placed at a variable height over the surface, facing
downwards. The minimum and maximum height is set to match the minimum and maximum radius
of the half sphere, the camera is placed on during the training data generation. Lighting conditions
are again set by sampling a random HDRI texture for each image. 400 images are generated this way,
using 200 as validation data and the other 200 as training data. Including 200 samples into the training
dataset is because to an otherwise high amount of false positives due to the shadows of the objects on
the flat surface. The synthetic images are shown in Figure 3.

olel®

el®’

Figure 3. Synthetic images used for training and validation

For training, the pre-trained object detection model YOLOVS in its small version is fine-tuned.
The training is stopped when no further improvement on the validation data is achieved for 50 epochs,
measured by the mean average precision of the model. Stochastic gradient descent with an initial
learning rate of 0.01 is used, in addition to the default augmentation and learning configuration of the


https://doi.org/10.20944/preprints202408.1793.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 August 2024 d0i:10.20944/preprints202408.1793.v1

6 0f 8

ultralytics python module. Figure 5 shows a plot of the validation classification error during training
for the different object detectors. In contrast to an object detection model without any clustering of
similar objects, a second detector, trained to identify the resulting clusters, achieves an improvement
of approximately 22 %. The results are listed in Table 1.

3.2. Clustering with Fine-Tuning

For fine-tuning the contrastive model, the training procedure described in the concept section is
carried out. As for the dataset used to fine tune the contrastive model, the DMU-Net dataset is chosen
[20]. It consists of 2000 CAD models, grouped into 34 categories. Rendering each CAD model from six
perspectives, results in a total of 12000 training images. For the triplet loss, a positive sample is an
image of the same object as the anchor, but from a different perspective. A negative sample is a random
image of an object from a different category as the anchor. Additionally, the images are augmented by
applying a random rotation and a random horizontal or vertical flip during training. The batch size is
set to 16 and the learning rate is set to le-4, using the ADAM optimizer. The training is conducted for
10 epochs. Afterwards, the clustering procedure is reapplied, resulting in the clustering illustrated in
Figure 4, and a third object detector is trained.

Figure 4. Embedded clustering of the selected LEGO parts using a fine-tuned contrastive model

Figure 5 indicates the validation classification loss of all three object detectors during training,
while the numerical results can be found in Table 1. The improvement of the classification error is
almost identical to that of the detector trained on the clustering of the standard DINOv2 model and is
in a range without statistical significance. However, an additional cluster is identified, which improves
the interpretability of the detector results. This result could be achieved by training the contrastive
model for only 10 epochs and on just 12000 images.

—— no clustering
—— default clustering
—— finetuned clustering

144

124

104

Validation Classification Loss

0.8 4

0.6

T T T T T T
20 40 60 80 100 120
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Figure 5. Classification error during training on the validation data


https://doi.org/10.20944/preprints202408.1793.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 August 2024 d0i:10.20944/preprints202408.1793.v1

7 of 8

Table 1. Validation classification error

Contrastive Model ~ Clusters min. val. cls. loss improvement

- 20 0.546 -
DINOv2 15 0.426 22.03 %
Finetuned DINOv2 16 0.435 20.44 %

4. Discussion

In this work, we introduced a methodology for grouping visually similar objects using their 3D
models for an embedded clustering technique to address challenges in object detection. This approach
not only helps assess the applicability of an object detector in specific use cases but also establishes
a baseline for implementing a multi-stage classification strategy. Although designed to integrate
seamlessly with synthetic data generation pipelines, our method can also be applied in scenarios with
real data, if the corresponding 3D models are available.

Our experimental results validate the effectiveness of this approach in the given use case,
demonstrating its potential for broader application. For future research, we plan to evaluate the
concept with a larger set of objects to confirm its general applicability. Additionally, expanding the
dataset and extending the fine-tuning process of the contrastive model are anticipated to further
enhance the robustness and accuracy of the proposed method.
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