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Abstract
Learning-based analysis of images is commonly used in the fields of mobility and robotics for safe environmental
motion and interaction. This requires not only object recognition but also the assignment of certain properties to
them. With the help of this information, causally related actions can be adapted to different circumstances. Such
logical interactions can be optimized by recognizing object-assigned properties. Density as a physical property
offers the possibility to recognize how heavy an object is, which material it is made of, which forces are at work,
and consequently which influence it has on its environment. Our approach introduces an AI-based concept for
assigning physical properties to objects through the use of associated images. Based on synthesized data, we
derive specific patterns from 2D images using a neural network to extract further information such as volume,
material, or density. Accordingly, we discuss the possibilities of property-based feature extraction to improve
causally related logics.
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1 INTRODUCTION
Modern machines and robots use various sensors to
capture and navigate their surroundings. Particularly
in road traffic, situations may appear inconspicuous at
first sight but require constant attention and quick re-
actions. This can involve evaluating the potential risks
in autonomous driving scenarios when a car not only
recognizes objects but can also estimate the potential
damage in the event of a collision and adapt its driving
behavior accordingly. Additional information could in-
crease a system’s scope of action and decision-making
as well as the automatic assessment of real-life scenes.

Whether it is a ball that rolls onto the road, a car that
suddenly brakes, or an item that falls off a moving ve-
hicle. Such reactions are often based on causal rela-
tionships that are logical for us humans but not for ma-
chines. Despite their logic, machines lack the necessary
background knowledge and specific skills, such as the
assessment of physical properties, to gain a causal un-
derstanding.

Permission to make digital or hard copies of all or part of
this work for personal or classroom use is granted without
fee provided that copies are not made or distributed for profit
or commercial advantage and that copies bear this notice and
the full citation on the first page. To copy otherwise, or re-
publish, to post on servers or to redistribute to lists, requires
prior specific permission and/or a fee.

Material recognition and the association of related
properties can be helpful in causal decision-making
[26]. For example, an industrial robot can apply the
optimum force for gripping an inelastic object if it
knows the approximate material, mass, roughness, and
size of this object. All this information relates to the
physical density and material property.
Machine learning offers solutions for material recog-
nition [26]. Databases such as Flickr [14] are able to
recognize different materials, as shown in Tab. 1.

Fabric Foliage Glass Leather Metal

Plastic Water Paper Wood Stone

Table 1: State-of-the-Art Material Database [14]. Il-
lustration of ten example material categories of Flickr
database. The lighting conditions, compositions, col-
ors, textures, surface shapes, material subtypes, and ob-
ject associations were considered by an image diversity
of 100 pictures, 50 close-ups, and 50 normal views in
each category [1].

These patterns are recognized by visual features and
stored in the model through a learning process, using
sophisticated AI algorithms for the recognition of
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objects in 2D images, such as YOLOv3 [21], Faster
Region-Based Convolutional Neural Networks (R-
CNN) [22], and Multi-Scale Convolutional Neural
Network (MSCNN) [3]. However, the previously
trained 2D object recognition is limited to specific
object classes and visual interference effects of im-
ages [17]. To collect ambient information and make
accurate decisions with high confidence, the AI usually
needs to be trained extensively with vast sets of data.
Additionally, this material information has usually no
connection with the associated physical properties.

Based on the challenges of accurate processing and
linking causal information, we present an approach that
enables the assignment of physical properties in objects
based on a 2D image by using machine learning and
pattern recognition. The object is extracted and scaled
into triangles to estimate the volume. We derive the as-
sociated materials from a database and ultimately cal-
culate the density as a physical quality.

AI-based recognition of density and volume provides
a solid foundation for the extraction of additional
information from the environment. As an example,
object-related forces can be calculated based on
equation-specific coefficients, constants, and acquired
sensor data including density. This expands the
information content in a visual scene. Especially in
road traffic, this can be an additional aid to improve the
perception of autonomous vehicles.

This paper describes a proof of concept for the imple-
mentation of AI-based density recognition. Our work
comprises the following contributions:

• Neural-specific object and texture detection based
on object classification

• Concept of AI-based density recognition

• Analysis of recognized object density and material
composition

Our evaluation reveals the feasibility and transferabil-
ity of AI-based density recognition. For our empirical
examination, we use synthetically generated data from
the Unreal Engine.

The paper is organized according to a fixed structure
consisting of related work, concept, methodology of
AI-based object and texture detection, evaluation, con-
clusion, as well as future work.

2 MODERN RECOGNITION
This section presents recognition models and existing
approaches for physical property recognition. The ba-
sic idea involves material recognition, which gives rise
to entire databases such as Flickr [14] which assigns
materials based on visual appearance.

Liu et al. [14] describe that the visual appearance of a
surface depends on illumination conditions, geometric
structure of surfaces at different spatial scales, and re-
flectance properties. Thereby, the reflectance properties
of the surface are often characterized by features with a
bidirectional reflectance distribution function (BRDF)
[18]. In this context, material recognition can employ
the recognition of colors and textures, micro-textures,
outline shapes, or reflectance-based features [14] by
SIFT algorithms. This algorithm can recognize con-
tours based on corners and edges [13].

Standard k-means algorithms Eq. 1 are used to clus-
ter instances of each feature [14] in order to assign the
image-specific materials M to the respective words.

J =
k

∑
i=1

∑
xj∈Si

||xj −µi||2 (1)

Si describes the cluster in Eq. 1, which is determined
from data points xj and centroids µi on the basis vari-
ance minimization [6] and squared Euclidean distance
||xj − µi||2. The random mean value k is determined
in the visual data set mi, ..., mk. Each data object is
assigned to the cluster with the lowest variance for all
l = [1, ...,k], shown in Eq. 2.

Si = {xj : ||xj −mi||2 ≤ ||xj −ml||2} (2)

Machine learning can be used as a static method to
learn continuously and specifically from experiences.
Thereby, the training-based data is divided into differ-
ent classes. The classification Si permits the mapping of
input variables fi,x : Rni →Rni−1 to discrete output vari-
ables O. In this view, the regression g(x) refers to a dis-
tinction between more than two categories [15]. Fig. 1
summarises the related components of neural networks.

Figure 1: Schematic Neural Network, adapted
from [29]. The input signals f (i,x) :[x1, .. , xn]
are weighted using the weighting factor wi before they
reach the main part of the neuron. A bias bi is included
as a threshold value which must first be exceeded to
generate the output signal O.
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Maschine learning techniques are broadly divided into
two processes: feature extraction and classification.
Feature extraction involves the identification and corre-
lation of patterns with large datasets suitable for mod-
eling. Thereby, a feature refers to a property derived
from raw data input intending to provide a suitable rep-
resentation [10]. In both cases, numerous processing
nodes of neural networks are tightly interconnected and
further layered in organized nodes to perform complex
calculations [24].

The overall quality of learning-based feature extraction
depends on the task area and associated data set. In this
respect, the data must contain a high density of infor-
mation. To differentiate between classes, the algorithms
try to recognize existing patterns of colors, shapes, tex-
tures or pixel values within this information [9].

Girshick et al. [8] describe an approach in which high-
capacity convolutional neural networks are applied to
bottom-up region proposals for localization and seg-
mentation. They introduce a paradigm for training large
CNNs when labeled training data is scarce. They de-
tail how pre-training the network with supervision on
an auxiliary task with abundant data (image classifica-
tion) and then fine-tuning the network on the target task
where data is scarce (recognition) can improve overall
efficiency. This approach is similar to R-CNN. In fast
R-CNN, the CNN is first fed with the input image to
generate a convolutional feature map. Subsequently,
the selective search is performed and the region sug-
gestions are warped into squares. Those region sugges-
tions are called Regions of Interest (RoI) and refer to a
subset of the original image [5]. By using RoI pooling
layers, each region that has been proposed and which
may have different sizes, is reshaped into fixed size so
that it can be fed into a fully connected layer. On the
output, a softmax layer is used to predict the class of
the proposed region and the values of the bounding box
[19]. This method produces results faster since it cal-
culates the CNN features only once per image and not
two thousand times as with the R-CNN method.

Sean Bell et al. [2] suggest in a direct comparison be-
tween three different CNN models (AlexNet, VGG-16,
GoogleNet) that material recognition and segmentation
of everyday images which are based on Materials in
Context Database (MINC) is possible with a probability
of 82.2 % (AlexNet) to 85.9 % (GoogleNet).

Shukla et al [25] evaluated the accuracy between CNN
classifiers for material recognition and deep learning
classifiers. They found that CNN classifiers have better
and faster recognition accuracy since the existing prob-
ability level allows the classifier to recognize materials
with higher accuracy.

Various previous works [3, 16, 21, 22] refer to AI algo-
rithms such as YOLOv3, Faster R-CNN and MSCNN

that use a class-verifying diversity of object proposi-
tions for object recognition.

Modern Architectures such as YOLO have been contin-
uously improved to perform tasks in the areas of gen-
eral and oriented recognition, instance segmentation,
pose, key points and classification [12]. A DarkNet-
19 model architecture (YOLOv2) was expanded to a
more complex backbone model DarkNet-53 (YOLOv3)
in which features on three different scales can be rec-
ognized [4]. Although the implementation of such
new functions and targeted optimizations reduce la-
tency times, they often require computationally inten-
sive operations that demand considerable computing
power.

Ren et al. [22] found a solution to an issue of R-CNN
caused by selective search. Selective search is a rigid
algorithm that is unable to improve or learn, which can
lead to poor suggestions for candidate regions. They
developed the Faster-R-CNN algorithm, replacing se-
lective search with a separate network, the Region Pro-
posal Network (RPN), to predict region proposals. The
RPN takes an image as input and outputs a series of
rectangular object proposals, each with a class predic-
tion and a confidence value. The network can be trained
throughout by backpropagation, where the gradient of
the loss function is calculated taking into account the
weights of the network for a single input-output exam-
ple [23].

Wu et al. [28] teach a computational vision system to
understand physical relationships with the help of unla-
belled videos. They address specific physical scenarios
and distinguish between two groups of physical prop-
erties: The first inherits the intrinsic physical proper-
ties of objects such as volume, material, and mass. The
other group is the descriptive physical properties, which
describe the scene and are determined by the first group.
These include, but are not limited to, the speed of the
objects, the distance they travel, or whether they fall
into water. The presented model uses CNN to learn the
object properties exclusively from unlabelled data. This
approach provides serviceable results on a physical data
set.

3 DENSITY RECOGNITION
This chapter describes the concept of density and mate-
rial recognition in order to calculate physical properties
like masses. Fig. 2 illustrates the fundamental pipeline
of AI-based density recognition.

Building on identifying specific features from 2D im-
ages of previous work, we combine object detection
with the assignment and calculation of physical proper-
ties. The image data is first analyzed by using a neural
network. Salient objects can be identified and classi-
fied texturally. Object areas are identified as b1, ...,bn.
Within the bounding boxes, possible materials can be
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Image Object Detection Mesh Assignment

Texture Detection

∑M

∑V
VnV1b1 bn

M1
Mn

∑m

∑ρ

Density Assignment

Mass

Figure 2: Pipeline of AI-based density recognition.
The pipeline includes the detection of objects and
their textures as well as the assignment of density
and meshes to calculate physical quantities like object
masses.

attributed based on Flickr Material Database (FMD)
and Materials in Context Database (MINC). In this pro-
cess, these materials M will be assigned a specific liter-
ary density ρ where we consider further pattern proper-
ties like image colors, shapes, textures and pixels. Since
it is necessary to determine the volume V of the respec-
tive objects, the process calculates their corresponding
meshes. The physical properties like mass M can be
derived from the extensive information.

3.1 Object Detection
In order to detect objects, we use the convolutional net-
work of YOLOv4 [12]. We extract features from the
input images and calculate them into feature maps. As
part of the YOLO architecture, we use backbone, neck,
and head detectors, as shown in Fig. 3.

Figure 3: YOLO Detectors used in this Work. The
backbone extracts important features from the image at
different scales. The neck concatenates the semantic
information from different layers of the backbone net-
work and transmits it as input to the head. The head
applies the refined features for predictive object recog-
nition.

YOLOv4 contains a pre-trained convolutional neural
network such as VGG16 or CSPDarkNet53 as a back-
bone which is based on SPP-Modul (Spatial Pyramid
Pooling) and PAN (Path Aggregation Network). As
part of the prediction, the head processes aggregated
features and predicts the bounding boxes, objecthood,
and classification values.
Our model is trained on a MS COCO dataset, which
contains over 80 different classes and 1.5 million object
instances in 200 thousand labeled images.

cx

cy

σty

σtx

pw

ph

bw

bh

bx = σtx + cx

by = σty + cy

bw = pw · etw

bh = ph · eth

Figure 4: Bounding Boxes with Dimension Priors
and Location Prediction, adapted from [20]. The
center coordinates of the box can be calculated with the
predicted values tx, ty using a sigmoid function and off-
set by the location of grid cell cx,cy. The width and
height of the final box are adjusted to the previous width
pw and height ph and scaled by etw and eth .

Recognition first divides the image into a grid of cells
like shwon in the example in Fig. 4. The number of
cells depends on the size of the image. For example,
With a size of 608×608 pixels, the cell size is usually
32×32 pixels. Our data set is divided into 19×19 cells.
Each object is assigned to exactly one cell, containing
the object’s center point. Objectless cells are filtered
out according to their low probability of all 80 classes.
The use of Non-Max-Suppression, as shown in Fig. 5,
eliminates unwanted bounding boxes so that only the
most probable bounding box remains for each detected
object.

Non-Max Suppression

Before After

Figure 5: Effect of Non-Max Suppression (NMS).
The post-processing technique Non-maximum suppres-
sion reduces the number of overlapping bounding
boxes.

The bounding boxes localize the position of objects in
order to recognize possible textures and calculate the
object-specific volumes. The area is adjusted to 224×
224 pixels for the matching designation of the model
input.

3.2 Texture Detection
The object-specific bounding box detection enables the
continuous application of a material detection model to
the image area of the box. Inside the box, features such
as color, SIFT, jet, micro-SIFT, micro-jet, curvature,
edge-slice and edge-ribbon are combined and quantized
into visual words by Bayesian framework [14].
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Three different models are used, consisting of the
MINC dataset. MINC comprises 23 different classes,
each with 2500 images. We measure the confidence
score for all three models across MINC dataset and
Flickr Material Database (FMD) for appropriate model
selection (see also Tab. 2).

Classes VGG16 GoogleNet AlexNet

Fabric (78 | 78) (69 | 78) (45 | 64)
Foliage (71 | 95) (68 | 95) (62 | 93)

Glass (40 | 82) (40 | 84) (27 | 78)
Leather (29 | 88) (18 | 84) (9 | 80)

Metal (44 | 72) (37 | 76) (33 | 69)
Paper (41 | 90) (35 | 90) (11 | 85)

Plastic (78 | 75) (84 | 78) (74 | 68)
Stone (78 | 89) (62 | 87) (52 | 85)
Water (47 | 96) (43 | 94) (30 | 93)
Wood (36 | 74) (25 | 78) (13 | 71)

Table 2: Recognition on (FMD | MINC). VGG16
slightly outperforms GoogleNet. AlexNet provides the
lowest accuracy out of these three contrasted models.

FMD consists of ten classes with 100 images of each.
Tab. 2 shows the performance of the models for the
FMD dataset. VGG16 provides optimum results with
an overall accuracy of 86 % at MINC and 52 % at FMD.
The model’s size, however, requires significant time for
both training and recognition. Alternatively, GoogleNet
offers a good replacement model with an accuracy of
86 % for MINC and 47 % for FMD. The use of so-
called inception modules allows a shorter calculation
time. This module replaces a sparse CNN with a normal
dense construction since most activations in a deep net-
work are zero values or redundant due to correlations.
As a result, not all output channels are connected to the
input channels, hence the reduced computing time [27].

3.3 Mesh and Density Assignment
Through the accompanying object recognition, the next
step is to assign a suitable 3D mesh. The mesh must
have certain properties for the correct calculation of
volume. For example, each triangle of the mesh must
have corner points stored in a clockwise direction. The
mesh must be complete without open areas and com-
pletely closed to prevent subsequent miscalculations.
Eq. 3 describes the surface calculation of each signed
triangle with Vi ∈V and i ∈ [1,n]:

V
′
i =

1
6
(−xi,3yi,2zi,1 + xi,2yi,3zi,1+ (3)

xi,2yi,3zi,1 + xi,3yi,1zi,2 − xi,1yi,3zi,2−

−xi,2yi,1zi,3 + xi,1yi,2zi,3)

We use i as the index for the triangles. xi,[1,2,3], yi,[1,2,3]
and zi,[1,2,3] are the coordinates of the vertices of trian-
gle i. Various shapes of objects are not considered in
our analysis. Instead, each class is assigned to a spe-
cific 3D mesh. Fig. 6 exemplifies the resulting 3D mesh
calculated by Eq. 3.

Figure 6: Object Detection and Triangle Estimation.
Triangles: 5.022, Vertices: 4.159, UV Channels: 4 with
approx. Size: 50 × 198 × 114.

After recognition, the applicable model is assigned.
The object’s mass is attributed based on the result of
texture recognition. We simplify our analysis by assum-
ing solid material for the respective model. A further
database is created for the classification, which speci-
fies the density of each recognizable material.

3.4 Physical Properties
Physical quantities such as forces, friction, pressures,
temperatures, air resistances, inertia moments, energies
or material properties n depend on density ρ . The fun-
damental calculation of density (ρ = m/V ) and the in-
clusion of further coefficients and constants offers pos-
sibilities of inferring different values.

By recognizing the actual object and the possible mate-
rial assignment, we can deduce the volume and mass of
the object. The physical property is determined by iter-
ating over each section since many objects are divided
into sub-objects. The bicycle in Fig. 6, for example,
includes the individual wheels, the handlebars, the sad-
dle, and the frame. For each section, the signed volume
is now calculated for each triangle and added to the to-
tal volume. Surfaces that point outwards contribute to
the total volume. Surfaces that point inwards subtract
from it. This leaves only the volume on the inside. The
density and volume can then be multiplied to calculate
the weight of the object.

4 EXPERIMENTAL SETUP
Our approach utilizes Unreal Engine 4.27 and its high-
fidelity rendering pipeline. The realistic rendering and
lighting allow us to assume real test simulations as
shown in Tab. 3. The neuronal training is based on re-
alistic test images.
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Phone Chair 1 Chair 2 Chair 3

Chair 4 Table 1 Hydrant Bicycle 1

Bicycle 2 Dog Scene 1 Scene 2

Table 3: Sample of Items used in our Experiment.
We used Unreal Engine 4.27 for its realistic rendering
capabilities.

The accuracy of the physical information is directly
linked to the image quality. In our conceptual consid-
eration, we use images with a size of 608× 608 pixels
and three assigned color channels.

Our computing hardware has an integrated Quad-Core
Intel or AMD, 2.5 GHz, 8GB RAM, external GPU1
Nvidia GeForce GTX 1050 Ti, and onboard GPU0 of
Intel HD Graphics 630. Cv2 is used for image pro-
cessing and reading deep neural networks, and NumPy
for mathematical functions. Mean subtraction calcu-
lates the average pixel intensity over all images of the
used training set of all three color channels and sub-
tracts these values from the channels of the input im-
age. When using YOLOv4, channel swapping is also
applied for the mean subtraction. Here the image is
swapped in RGB order. In order to obtain one optimal
bounding box for each object, non-max suppression is
applied. To predict the material, we iterate over each
object and use the corresponding image area as input to
the texture model, similar to the object detection model.

5 EVALUATION
Our evaluation employs density recognition of several
diverse objects.

We used a Convolutional Neural Network to recognize
the texture of the object and MINC for texture recogni-
tion. The model trained and used in our approach shows
the highest accuracy when compared to other CNN ar-
chitectures.

In order to evaluate the functionality of our approach,
we explored and tested select scenarios (see Tab. 3). We
summarize our results in Tab. 4.

However, the FMD dataset only achieves an accuracy
of 52 % across all classes. One of the reasons is the in-
sufficient data set, which consists of only ten categories
in the neural network and 23 in the MINC data set. In-
creasing the data density would significantly increase
the hit rate. With more extensive training, our approach

Material Density [kg/dm3]
Type (Literary | Measured)

Phone Plastic (4.0 | 1.2) ± 70 %
Chair 1 Wood (0.7 | 0.7) ± 4 %
Chair 2 Plastic (4.8 | 1.2 ) ± 75 %
Chair 3 Metal (7.9 | 8.0) ± 1 %
Chair 4 Metal (0.9 | 1.2) ± 30 %
Table 1 Metal (7.9 | 8.0) ± 1 %

Hydrant Metal (7.9 | 8.2) ± 14 %
Bicycle 1 Metal (2.9 | 8.0) ± 180 %
Bicycle 2 Metal (7.9 | 8.0) ± 2 %
Bench 1 Metal (7.9 | 8.0) ± 1 %
Bench 2 Wood (2.1 | 0.7) ± 66 %

Dog Other (1.1 | 1.0) ± 5.6 %
Person Plastic (1.1 | 1.0) ± 9 %

Backback Fabric (1.4 | 1.6) ± 16 %
Car Plastic (5.4 | 1.2) ± 77 %

Table 4: Detected Materials and Density as well as
Percentage Error [%] from the actual Physical Val-
ues of the Objects. The measurements for Phone,
Chair 2, Bicycle 1, Bench 2, and Car deviated sig-
nificantly from the actual values. These deviations
stemmed from incorrect detection of the material.

can also be transferred to other environments. This re-
quires the RGB image for analysis and the database
with the necessary 3D networks and recognition models
for evaluation.
The actual size of objects within a scene has not been
considered in previous work. This would be useful
for volume calculation and different scaling of objects.
Even within the categories, no distinctions are made be-
tween different types of objects. Each object is only as-
signed a 3D mesh, which is considered the average for
that class. This means that object shapes are not taken
into account. Furthermore, for successful mapping and
analysis of physical properties, the use of error-free, de-
tailed, and complete 3D models is essential. However,
depending on the orientation and movement of the ob-
jects, the calculated volume may be inaccurate. Serial
images could help alleviate this error.

6 LIMITATIONS
While our implementation shows promising initial re-
sults, it solely serves to illustrate the feasibility of our
proposed concept. Although our implementation used
neural networks that were trained with real-world im-
ages, we relied on synthetic datasets to assess the per-
formance of the implementation. Consequently, the
generalizability and applicability of our findings may
be limited.
Additionally, our evaluation of the detected physical
properties examined the average density of each object.

ISSN 2464-4617 (print) 
ISSN 2464-4625 (online)

Computer Science Research Notes - CSRN 3401 
http://www.wscg.eu WSCG 2024 Proceedings

232https://www.doi.org/10.24132/CSRN.3401.24



Material
25% Silicon
23% Polypropylene
20% Iron
14% Aluminium
7% Copper
6% Lead

Density
1.1 kg/dm3 · 25%
1.2 kg/dm3 · 23%
7.8 kg/dm3 · 20%
2.7 kg/dm3 · 14%

9.0 kg/dm3 · 7%
11.3 kg/dm3 · 6%

Texture
94% Plastic, 4% Glass, 1% Metal

Material
80% Skin
20% Hair

Density
1.0 kg/dm3 · 80%
1.3 kg/dm3 · 20%

Texture
63% Unknown, 16% Fabric,

7% Plastic, 3% Skin,
2 % Ceramic, 2 % Food

Phone
Cat

Figure 7: Material and Density Composition of Recognized Objects. The inner ingredients are frequently
more complex and diverse than the exterior texture suggests. The illustration describes the composition of two
example objects: A smartphone and cat. The density of occluded components can be estimated from the average
composition of each object.

Therefore, our work might not guarantee that our ap-
proach is readily applicable to other properties, such as
plasticity or thermal conductivity, as well as to more
complex object compositions.

7 CONCLUSION AND FUTURE
WORK

In this paper, we presented a concept for the object-
based recognition and assignment of physical proper-
ties as density or material based on a 2D image. Our
work is motivated by the challenges of distinguishing
objects and their properties from each other. The dis-
tinction of mass or density enables new interaction pos-
sibilities in which the causal relationships of an envi-
ronment can be linked to the properties of a given ob-
ject. Our method recognizes specific patterns from 2D
images by neural networks in which we estimate the
volume by the number of object-recognized triangles.
The density is ultimately calculated from the object-
specific assignment of a material recognition model and
the associated volume.
Despite the promising results of our approach, further
work and improvements are needed. An essential as-
pect relates to the data sets that are used. The accuracy
of object-based density recognition goes hand in hand
with the quality of the trained AI model. Our current
field of application is limited to synthetic test data. Fu-
ture iterations and evaluations using real-world data sets
could help deliver further insights into AI-based density
recognition. To achieve serviceable recognition and ac-
ceptable results, the appropriate data set needs to be se-
lected for the application area. Therefore, it is neces-
sary to extend the data sets and the training model. The
COCO dataset covers numerous categories but neglects
existing subcategories. By selecting such data sets, the
transferability of the model could be increased.
Our evaluation shows only a limited number of materi-
als assigned to the objects. In reality, the number and

composition of materials may be different and more di-
verse (see Fig. 7). In particular, the interior composition
of a recognized object may differ from the recognized
surface texture. Consequently, drawing on and combin-
ing a wide variety of databases could lead to more pre-
cise and serviceable results. These assignments can be
linked using an ontological approach. Utilizing ontolo-
gies, information and their relationship to each other
can be stored in a machine-readable form or made com-
prehensible. Additional graph databases can visualize
the data nodes and their relationship and make them
interpretable. In principle, different ontologies can be
merged within one ontology. In this context, possible
databases on physical properties such as material, ge-
ometry and objects could be linked ontologically and
applied to the principle of AI-based density recognition.

Supporting these classifications with suitable image
segmentation, such as with self-organized maps [17],
could further increase the number of distinguishable
materials. The partial change of the segmentable areas
could be cut out or reduced to densely recognizable
areas, which would also reduce quality restrictions and
latencies.

Estimating the object size within a scene proves to be
a difficult task. This process assumes the same size for
all everyday objects in a scene. In the future, it will
be necessary to measure the object size and distance of
acquired 3D models for meter-level distinctions. The
model transfer to a spatial data set would be suitable
for this purpose.

The use of image series or video material can also be
helpful to support a spatial data set [7]. In this con-
text, the distance and perspective of objects within a
scene can be used to determine the speed and possible
acceleration of an object. Javadi et al. [11] describe a
video-based vehicle speed system for measuring speed
based on a measured route. By determining the speed
and acceleration of an object, statements can be made
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about the forces released in a collision. Video analy-
sis can also be useful for other areas of physical prop-
erty recognition. The depiction of an object in sev-
eral individual images with different perspectives al-
lows properties derived previously to be checked and
re-evaluated. This includes, for example, the volume or
size of the object.
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