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a manufacturing and functionality perspective, it becomes clear
that a bioinspired technical system looks different than a
biological system. Here AM-technologies help to reduce or
even remove those constraints, as for instance topological
optimized structures can be manufactured without too much
difficulties [1-3]. For bioinspired functional surfaces, a lot of
exploratory work has been performed, which best is
summarized by Malshe et al. [4]. A good understanding of the
chemical and mechanical origin of the functions is mandatory,
and has been gained by collaboration between biologists and
engineers. The technical application hampers one important but
technically missing biological capability, which is self healing.
In this respect some individual attempts for cutting tools have
been realized and showed good successs as described by Voss
et al. [6]. Today biologicalization covers not only structural
approaches but as a main addition the functionalities of
biological systems, such as learning abilities and exchange of
information between individual systems.
In this respect the most striking differences between
biological and technical systems are:
 Health maintenance: A biological system is able to
self-repair (heal damage and adjust for wear) to a
certain extent. Biological systems regrow worn layers
in joints and skins and thus continually degrade until
end of life. They also can abandon functionality and
utilize redundancy to counterweigh the loss to a certain
extent. This is the reason why functional surface
technology has had only limited success, as the
functional microstructures are damaged upon contact,
which disrupts their operation. However, in biology
regrowth of such features enables them to keep
performing at a high functionality level.
 Intelligence: all biological systems have implanted
rules to allow them reasoning about environmental
signals and react in a complex manner. As this is done
according to multiple inputs, which can be external as
well internal, their behavior is only partly predictable
based on externally predefined rules. This means that
complexity in the original sense, meaning the decision
making principles of a biological system, depends on
a large number of parameters, which all have some
scatter. Also the decision rules themselves are unsharp, prone to scatter and can vary over time and in
dependence on environmental conditions.
 Abundance of “sensors”: To start reasoning input
signals are required and cognitive capabilities are
mandatory. All biological systems have sensors in
abundance (i.e. 10 coldness sensors per cm2 in average
on the human skin). These sensors together with their
evaluation methodology develop an as-complete
impression or picture of the surrounding environment,
and its relevance to the brain. The sensors are
organized in sensor networks, which are
counterchecked with each other to determine
plausibility, while they have the ability to recalibrate
themselves. Nearly all biological systems have optical
sensors as broadband sensors capturing colour,
brightness and direction, as well as broadband acoustic
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sensors able to capture loudness, frequency and
direction of origin.
Information exchange: Biological, living systems
communicate and gain additional knowledge, and
transfer experience in order to improve their own
learning capabilities, and to better and faster adapt to
changing environmental conditions.

Technical systems also show in a lot of respects superiorty
over biological systems especially in terms of speed, forces,
power, reaction times and endurance. Biologicalization thus
cannot be boiled down to copying biological systems, but needs
a careful choice and case-by-case adaptation. However, biologicalization or biological transformation as defined in [7, 8]
is more than machine design, as also the manufacturing of
biological products, plants, cells etc. belongs to this topic. This
context is excluded here as-well as new forms of interaction
between biological systems such a humans and the machine.
2. Vision of the intelligent SLM system
SLM is used as an example for a general layout of an
intelligent manufacturing system, due to the fact that this fairly
new technology is governed by high complexity, where
modelling and simulation come to their limits, while still the
process and the related machines are in the phase of strong
development. In manufacturing systems, a separation of
intelligence between the different parts of the whole process
chain is typical. For example, a CAM system contains the
planning intelligence as strategy developing and path planning,
as well as the process intelligence for defining the process
parameters while the execution intelligence is running in the
machine control. The problem with this separation is mainly the
limited interaction between the different parts, for instance the
typical one directional information exchange between the CAM
and the machine. This implies that specific capabilities and
disabilities of the executing machine cannot be taken into
account in the strategic planning phase, although in SLM an
adaption of scanning and process parameters might be required
to overcome local processing variations.

Fig. 1. General layout of a bioinspired intelligent SLM manufacturing system.
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The biologicalized SLM-machine envisioned and shown in
Fig. 1 therefore needs to combine and integrate all the
information required for carrying out and optimizing the
manufacturing task. This requires for SLM as well as for other
manufacturing processes such as cutting with defined cutting
edges (milling and turning) a fundamentally different view,
namely to implement planning and process intelligence into the
machine and not in a system artificially separated by a
postprocessor. It has to be mentioned that this view is not
completely new, as for some processes, e.g. for cutting with
geometrically non-defined cutting edges (grinding etc.), this
needed to be already adopted as no generalized CAM system is
available.
When focusing on the SLM-process chain, the part
placement and nesting, part orientation, support-structuring,
part slicing and scan strategy definition need to be integrated in
the scope of discussion and needs to be deduced from
information available in an expert system, a vault of
information, models and methods, which represents the brain in
a bioinspired technical system. To increase the robustness of
the complex SLM process feedback is required. As the process
is a layer-wise batch process the machine operates in different
time scalesfrom ms to minutes or hours, which is also depicted
in Fig. 1 upper right. The inner loop is a fast closed loop control
to control the laser power. The two outer loops for the layer and
the part or feature are driven by model based supervised
machine learning.
Core characteristic of the bioinspired SLM system is the
expert system with newly designed functionalities as described
in section 3. Typical data for the different process steps are
shown in Fig. 2. This expert system is after some initial loading
permanently able to learn from other machines, from own
observations as described above and from humans.
Furthermore, it becomes a teaching system as all the
experienced process information can be used and retrieved to
design an SLM process.
Learning from externals other machines, humans requires
communication capabilities, for which the system is designed
as cyberphysical manufacturing system connected at least
towards the inter- or intranet with OPC UA and UMATI.
Towards the operators at least an app-based structure of the
human machine interface is envisaged.

3. Expert system of new generation
The data strategies and process data that have been learned
are then stored into the expert system, which is structured
according to Fig. 3 to isolate the influences of different sources.
The expert system can initially be loaded with information from
prior knowledge of the manufacturer and must have the
capability of machine learning. To use this vault of information
as versatile as possible, the different influences from machine,
material and powder, embedding, workpiece and geometry,
process and strategy. The different influences are then
superposed to give in the end the process parameters.
Thus, it is made sure that changing of the geometry of the
powder or changing of the alloying composition does not
interfere for instance with the influence of the laser. Filling of
the database follows different paths:






Initial loading by the manufacturer out of previous
learning cycles from other machines (manufacturers
competence)
Learning from the outer cycles of the manufacturing
on the machine
Learning from other machines: fleet learning and
transfer learning. The latter takes into account that for
a limited amount of data learning from different
individual machines and also different types of
machines is required. The transfer between different
machine types and parameters is made on the basis of
a simple process model.
Learning from humans: Operation of the machine
directly provides the data to feed the expert system.

This approach enables the machine to become the
information center of the SLM process in the company and is
capable to collect and integrate all the implicit information of
skilled operators in the company. Therefore, this system needs
to be enabled to deal with data of different levels of soundness
and to acquire unstructured, unproven and incomplete pieces of
information. For the learning capability the expert system
distinguishes between data which are multiply proven, data that
have been elaborated from the monitoring of the process, data
coming from other machines of the same type and those coming
from different types adapted by models, complete data from an
expert operator, data of obscure convenience as for instance an

Fig. 2. SLM process chain and typical data per process step.

Fig. 3. Concept of data structure of the expert system.
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apprentice operator and data that lack completeness. Fuzzy
logics are implemented to specify the soundness of information.
To gain the implicit information the machine must distinguish
between different types of operators, which might be possible
either by identification of the operators with a batch and or by
proving the soundness of the introduced information by own
data of the vault or by the process outcome given by feedbacks
from the quality check.
4. Closed loop controls and machine learning
The inner loop is a fast closed loop control, that feeds back
in shortest possible time the behavior of the melt pool, for
instance size, surface shape, temperature to the laser power, as
to provide as constant process conditions as possible. The next
loop in Fig. 1 upper left shows a loop that works preferably
layerwise which means that after each layer the result is
monitored, the result analyzed and strategies to remove or heal
detected faults in the layer with the manufacturing of a
subsequential layer. A large amount of bonding faults arises
from the spatters that are ejected from the melt pool and land
on the neighboring powder bed. These spatters are often too
large to be completely molten and might be the reason for
reduced fatigue strength of SLM parts. Therefore might be a the
middle loop needs to be split up in a track-wise feedback loop
and a layer-wise feedback loop. The sensory for a suitable
monitoring might be a recorded track or layer from the sensor
of the inner loop indicating irregularities. But most suitable are
optical sensors, cameras that recognize irregularities in the
layer. Both of them need to be trained in, which is a typical deep
learning application. After detection and identification of a fault
by deep neural networks the strategy for healing it must be
generated, which requires process intelligence, which can be
realized in a rule based manner by decision trees taking model
on the basis of simple trained in models indicated as meta
models to adapt the process parameters. The decision trees,
meta models and trained in process parameters are then part of
the memory in the expert system. The outer loop is then
dedicated to the training of parts. But AM is best suited for
small series or individual parts, which means that models for
whole individual parts need to be so complicated that they
cannot be evaluated in due time and training in the strategies
and parameters for them is hampered by lack of data. Therefore
a feature based approach is necessary. For each part the
geometry is then segmented into the geometrical features, for
which strategy and process parameters then can be learned by
the expert system. Basis of the closed loop controls and the
supervised machine learning cycles is the sensory to detect
faults and quality of the parts. An offline quality check will give
the information which can and shall be fed back into the system,
giving only information about the part as such and perhaps with
quite some delay. A self monitoring approach for the machine
is therefore the envisaged technology. Possible sensory
approaches for monitoring in the different time scales are
presented in Fig. 4. A lot of different signals are sent out by the
melting process and can be detected. Suitable for the fast inner
loop are sensors that directly deliver a value that can be fed
back.

Fig. 4. Sensoric principles for the SLM process.

Those are reflected laser radiation, plasma radiation, infrared
radiation from melt and metal vapor, airborne sound and
acoustic emission, X-ray back scattering and radio frequency
emission. But the detected signals cannot directly be used for
controlling the input parameters like laser power but need a
model as observers to generate the control parameter. These
models require parametrization and thus machine learning to
train them in. The time sequence of all above mentioned sensor
signals and the olfactoric signal can also be exploited for the
layer or track loop. Pattern analysis must be used for their
calibration, for the identification of exceptions. As context data
the time and scan speed needs to be recorded to identify
positions of exceptions or even faults. Especially for the layer
or track loop camera signal as full field and broad band optical
image as it is typical for biological systems can be used. To
enlarge the information content also other full field signals as
infrared radiation from the work piece and from sputters and
eddy current can be used. To benefit from those full field
sensors an image processing step is required to extract
exceptions or faults from the whole image. This is done by
standard deep neural networks (DNN) with convolutional
layers as proposed in [9]. The idea is to detect different faults
like sputter particles, surface pores, beginning balling, irregular
surfaces, warping of the surface etc.. For DNN a pre-trained
NN is used and will be adopted with a limited amount of
additional training data for the recognition of the above
mentioned faults.

Fig. 5. Feature segmentation and synthetisation procedure of part strategy
from feature strategies.
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orientation, because it changes the inclination angle of
overhanging geometries.
6. Machine intelligence

Fig. 6. Excerpt of aproposal for a feature segmentation

5. Feature segmentation
Critical features are identified and, process strategy and
parameters are trained in and stored in the memory of the expert
system. A parametric description of the features is chosen such
that similar strategies for a whole class of features can be
defined, where the process parameters depend then on the
geometric parametrization. Then for the features meta models
are applied, trained in, stored in the expert system and used
upon their identification in the CAD model. A proposal for a
list of features is given in Fig. 6. As an example the overhanging
geometry might serve. The parametrization is the inclination
angle. Machine learning trains for a defined strategy of contours
and hatching the process parameters as a function of the
geometric parameter inclination angle. Further it allows to alter
the strategy within a defined framework and gives the limits of
the geometrical parameter for each strategy. With reduced
inclination angles supportstructuring is allowed and chosen by
the learning algorithm as ultima ratio, when other strategies fail.
For all other features also the parametrization and permitted
strategies are defined, the process parameters and the limits of
the strategy identified.
Figure XX shows procedure for segmentation and
synthesizing the strategy and parameters for the whole part. The
segmentation requires a machine learning algorithm for
recognizing the features. The main task for the synthetization is
then to design the handover of process parameters over the
boundaries of adjacent features. Also it must be taken into
account that the feature recognition interferes with the part

The bioinspired intelligent SLM machine has to fulfill
different tasks, which reflect the complexity to be mastered by
such kind of machines. The reception of a new order with
respect to material and powder takes the following steps:
 Store data in internal format
 Evaluate the completeness of the information and
request further information needed
 Assess whether still missing information can be
covered from prior knowledge and evaluate risk
working with estimated data
 Estimating flowability with help of models,
calculation from data available and interpolation
between data points. Lateron in the first layer the
image recognition system provides information on the
real flowability and from there decides to abort the job
or to teach in a parameter adaptation model
 For a new material with new chemical composition the
closest data points out of the vault of the expert system
are used for interpolation of the process parameters. In
a later version material data bases and Scheil
simulation can be retrieved from the internet to
estimate the micro structure and critical behaviors as
for example hot cracking.
 Uncertainty of parameters and risk to miss the required
quality is computed, and the system advises test builds
for training if necessary.
 The new material gets a material identification,
derived and learned parameters are stored in the expert
system together with a remaining uncertainty level.
Essential is that the system does not restrict the material, but
provides best possible information to the operator, who then is
enabled to decide for a risky job or initiate test procedures.
Different methods of machine intelligence need to be
applied to cope with the different tasks within the SLM system
and are adaptations of natural functions of biological systems.
The following intelligence methods are used:
 Ontology for the exploration and retrieval of the data
within the expert system.
 Machine learning for the recognition of geometric
features from the provided geometric model and
feature segmentation of the model by a feature agent
based approach to define the feature boundaries.
 Decision trees with rules for the elaboration of the
build strategy.
 Variable NN, decision trees and autonomous software
modification for correcting faults and exceptions.
 Supervised model based learning for identification of
optimal parameters per feature. Also transfer learning
and especially fleet learning is required.
 Fuzzy logic for the utilization of obscure data.
 DNN for image processing and recognition of
exceptions and faults for the full field monitoring.
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NN for pattern recognition in time functions of signals
out of the process area.
Rules and models for the part placement and
orientation in the building chamber.
Partial observable Markov chains for the nesting of
build jobs such that with each new part in the build job
an optimum also under consideration of possible
further parts is derived.
Agent system for order placement and acceptance.
Sensor fusion technology for state monitoring.
Markov chains and life time models for the prediction
of remaining useful life times for different machine
elements.

7. Teaching part for fault detection and overhang
optimization
For teaching in the layer wise full field monitoring of the
process with cameras a test sample is defined and shown in Fig.
7. Training of the deep neural network requires a large amount
of cases with and without the fault to be detected. Figure 7
shows a sequence of images for the training of the image
processing and exception feature recognition, where the
sequence shown teaches the behavior of the horizontal hole
closing as one example for the full field monitoring approach.
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8. Conclusion
SLM is used as an example for a general layout of an
intelligent manufacturing system, as it is a complex process and
still open to significant research work. The biological
transformation trend provides significant advantage as the
complexity of the process and the high number of influencing
parameters disables the access with physical models. But
anyway the solution pursued here is the combination of
modelling
approaches
with
artificial
intelligence
functionalities. The different possible application fields of
different AI methods is proposed and shows that not only one
method solves the whole problem.
Also as inspiration from nature the machine will be equipped
with a multitude of different sensors. Today it is still in the state
of exploration, which sensor is capable of detecting which
exception. The possibility of observing the whole area of
interest with a broad band of emitted signals (frequency) is
selected as very efficient sensoric principle. Today existing
machines which posess monitoring capabilities still hardly use
it for controlling the process and thus increase its robustness.
The foreseen benefit of the AI approach is a strong increase
in autonomy of the manufacturing cell, the increase of
robustness, the possibility to efficiently explore new powders
and new materials for enlarging the field of applicability. A
strong impact on sustainability of the SLM technology is
expected due to reduced setup times, reduced scrap rate and
reduced abort rates of the process.
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