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Abstract

To ensure functional safety in highly automated vehicles, critical undervoltages of safety-relevant components must be
prevented. Undervoltages can occur because of voltage drops resulting from large currents within the distribution system.
While larger cross-section areas of the wiring harness could prevent critical undervoltages, they are undesirable because
of the added weight and cost. In this contribution, intelligent power management is presented as an alternative method to
stabilize the supply voltage in modern reconfigurable distribution systems. By using reinforcement learning, a neural
network learns to actively control the power flow within the system. This way, temporary undervoltages can successfully

be prevented.

1 Introduction

In highly automated vehicles, voltage stability of the power
distribution system is increasingly important. Functional
safety must be ensured at all times, critical components
shall not experience undervoltage. [1]

Significant undervoltages usually occur in case of high
load currents within the system that result in a large voltage
drop across the supply wires. In the worst case, such volt-
age drops may temporarily violate the required minimum
supply voltage of a critical component, as exemplarily de-
picted in Figure 1. To improve the voltage stability of the
system and prevent these critical voltage drops, wire cross-
section areas can be increased [2]. However, the additional
material results in increased cost and weight of the wiring
harness, which is undesirable. Stabilizing the voltage dur-
ing these critical time spans could alternatively be achieved
by power management. This might include temporarily
disabling comfort loads or redirecting the power flow in
meshed or ring topologies.
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Figure 1: Exemplary supply voltage curve with tempo-
rary undervoltage

Commonly, simple rule-based power management
schemes are proposed. For example, a non-safety-relevant
load is programmed to limit its power consumption if its
supply voltage drops below a specific threshold [3]. In [4],
loads are assigned to different power reduction levels; if
the battery is discharged excessively, the power consump-
tion is limited according to these reduction levels. As the

goal here was to prevent a depletion of the battery, load
voltage stability was not directly considered.

Such static thresholds, however, might require large safety
margins and are not trivial to define. Also, because they do
not consider the actual impact on the voltage stability and
interactions between different components, they can be in-
effective [5].

A more intelligent, system-oriented operating strategy
could be realized using machine learning. Currently, ma-
chine learning is rarely used in this context. [6] proposes a
reinforcement learning approach to optimize the state of
charge of the low-voltage battery. Many works also focus
on machine learning-based energy management in hybrid
electric vehicles (for example [7]), but they focus on effi-
ciency and range of the drive system.

In this contribution, a power management scheme is devel-
oped using machine learning that optimizes the voltage sta-
bility. As depicted in Figure 2, the developed approach
uses the reconfigurability of modern automotive distribu-
tion systems. Instead of conventional melting fuses, elec-
tronic semiconductor fuses (eFuses) are increasingly used
for protection. These offer an active switching and current
measurement capability. To improve the voltage stability,
uncritical loads can be selectively switched off by the
eFuse if necessary, or the power flow can be redirected, for
example by opening a segment of a ring structure (for re-
dundant supply). An artificial neural network shall inter-
pret the current state of the distribution system (represented
by the measured eFuse currents) and chose an appropriate
switching configuration of the system. Reinforcement
learning is especially suited for such a task, because it
doesn’t require labelled training data and learns an operat-
ing strategy by simply interacting with a simulation model
of the distribution system.

The paper is structured as follows: In Section 2, the funda-
mentals of reinforcement learning and the used proximal
policy algorithm are explained. The developed power man-
agement approach is presented in Section 3. It is applied to
an exemplary supply system in Section 4 and the results are
analysed. Section 5 concludes the paper.
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Figure 2: Management of an automotive power distribu-
tion system using an artificial neural network

2 Reinforcement Learning

In this section, the fundamentals of reinforcement learning
are introduced and the specific algorithm used in this con-
tribution is explained.

2.1 Basic Concepts

The basic idea of reinforcement learning is depicted in Fig-
ure 3. During training, an agent interacts with the environ-
ment (for example an automotive power distribution sys-
tem) to learn an optimized operating strategy or policy 7.
Specifically, the agent performs an action a on the envi-
ronment. As a result of this action, the environment transi-
tions to the state s. Additionally, a reward r is calculated
that evaluates the current state. This way, desirable actions
can be encouraged (positive reward) and undesirable ac-
tions can be discouraged (negative reward). Based on this
feedback, the agent updates the policy to perform better ac-
tions in the future. The policy m(a|s) can for example be
represented by an artificial neural network that determines
the next action. In this case, the input of the network is the
current state s, and the output is the possibility that action
a is performed next. [8]
While different reinforcement learning algorithms exist,
they share some basic concepts. To not only focus on the
immediate reward of the next step, the return is defined as
the sum of all future rewards. Furthermore, the discounted
return R weights the future rewards. With the discount fac-
tor y < 1, rewards are decreasingly taken into account the
further they lie in the future [8]:

Ry =1+ ¥resr +¥?104p + o (1)
The index denotes the time step, with ¢ being the current
time step.
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Figure 3: General overview of reinforcement learning

Furthermore, the following quantities / functions are de-
fined to evaluate states and actions [8]:

e  Value function V (s): the value describes the dis-
counted return that is to be expected when using
the current policy from state s. In other words, it
describes how “good” the current state s is.

e Action value function Q(s|a): the action value
describes the expected discounted return, if the
environment is in state s and the action a is per-
formed. In other words: how good is the action a?

o Advantage function A(s|a) = Q(s|a) —V(s):
the advantage quantifies, how much additional
(positive or negative) return a specific action a
yields in state s compared to the current policy.

2.2 Value-based vs. policy-based methods

Different reinforcement learning methods can generally be
categorized as value-based or policy-based. Value-based
methods, e.g., Deep Q-learning [9], use the neural network
to approximate the action value Q. After training, a greedy
policy is used: in each state, the action with the highest ap-
proximated Q value is performed.

Policy-based approaches, e.g., proximal policy optimiza-
tion [10], the policy (a|s) is learned directly by the neural
network. With the input being the current state, the outputs
of the neural network are the probabilities of each possible
action. This allows continuous actions and multiple actions
to be performed simultaneously. [8]

For the investigated problem of intelligent power manage-
ment, the action space needs to address the switching state
of all N eFuses of the system independently. Therefore, 2V
discrete actions are needed to allow all possible switching
configurations. As policy-based methods can perform mul-
tiple actions simultaneously, only N output neurons are
necessary, reducing the complexity of the neural network.
As a state-of-the-art policy-based reinforcement learning
method, proximal policy optimization (PPO) [10] is used.



2.3 Proximal Policy Optimization

In PPO, two neural networks are used during training. One
is called the actor network and outputs the policy, i.e., the
probability of each action a. The other network is called
the critic and approximates the value function V (s), which
is only used during the training process. While having sep-
arate outputs, both networks can share common layers. [8]
At the beginning of a training iteration, a batch of T steps
is performed in the environment using the current policy.
The parameters 6 of the neural networks are then updated
depending on the observed feedback. For this optimization,
cost functions are defined. The cost function of the actor
network is given in equation (2) and shall be maximized.

Jactor = g, [ g (acls,) At] @)

Too1a (aclse)

g (a;|s;) denotes the probability of action a, with the new
network parameters and 7y _ . (a;|s;) the probability with
the old ones. The advantage A, is estimated based on the
actually received return R, and the estimated value V (s) of
the critic network. The E denotes the expectation that aver-
ages over multiple acquired state transitions. In other
words, by maximizing J3°*°", actions with a positive ad-
vantage are made more likely, while actions with a nega-
tive reward are made less likely. To prevent too large pa-
rameter changes within one optimization step, however,
the probability ration 7y /g, is clipped within the inter-
val [1 —¢,1+ €].[10]

For the loss function of the value net (critic), a quadratic
error between the predicted value Vy(s;) and the actually
received return R, can be used:

J6™¢ = Ec[(Vg(se) — Rp?] 3)
Finally, the network parameters are optimized. partial de-
rivatives of the cost functions with regard to the network
parameters are calculated using backpropagation, and an
optimization method like gradient descent is applied to up-
date the parameters. [8]

3  Intelligent Power Management

PPO is applied to learn an intelligent operating strategy. As
presented, the voltage stability shall be optimized by iden-
tifying a suitable eFuse switching configuration.

As an environment for training and testing, a simulation
model is used, which is built from existing modelling ap-
proaches [11]. For simplicity, only dynamic load behaviour
is considered, with time constants in the milliseconds
range. Higher frequency effects in the microsecond range
or below, like switching transients or faults, are neglected.
As machine learning frameworks, PyTorch and the rein-
forcement learning extension TorchRL [12] are used
within Python. The simulation model is implemented in
MATLAB/Simscape, compiled into a shared library and
then directly called from Python. Equidistant time steps are
used in the simulation.

The state vector s, that is returned by the environment and
processed by the neural network consists of the current and
the last sample of all the N eFuse currents. The load current

sums igym ppy of all M PDUs are included as an additional
feature:
St = lyses = [ifuse,l(t)' ey ifuse,N(t)'
ifuse,l(t - 1)' R ifuse,N(t - 1)' (4)
isum,PDU,l(t)! y isum,PDU,M (t)]
The actor network maps this input data to the action prob-
abilities Trg,5e5 (refer to equation (5)). For example, dgge 1
denotes the action of switching fuse 1. If the network out-
put n(afusell) is larger than 0.5, fuse 1 is switched on. If
n(afuse‘l) < 0.5, the fuse is switched off.

Myses = [T[(afuse,l)' ---ln(afuse,N)] )

The structure of the neural network may be adapted de-
pending of the size of the distribution system and, hence,
the complexity of the problem. For this contribution, one
hidden layer with a total of 256 neurons is used.

For the quality of the learned strategy, the training proce-
dure and the received reward are pivotal. After each time
step, a reward is returned that incentivizes stable supply
voltages and penalizes undervoltages and the deactivation
of individual loads. To achieve this, the total reward r con-
sists of several parts. First, a bonus B is rewarded, if all
safety-critical loads experience a sufficient supply voltage:

— 2, Nerituv = 0

B= { 0, else ©)
Nerituy denotes the number of safety-critical loads experi-
encing an undervoltage. If undervoltages occur, an un-
dervoltage penalty P, is determined. This penalty scales
with the amount of the undervoltage:

Ncrituv
PuV = Z 142. Vicrit’uv + Z Vjcomfort,uv (7)
i=1 j=1

Neomfortuy denotes the number of comfort loads experienc-
ing an undervoltage. The vectors Verituv apd peomfortuv
contain the voltages by which the undervoltage thresholds
are exceeded for the critical and the comfort loads, respec-
tively. Furthermore, a penalty is given if eFuses were ac-
tively switched off:

Ncomfort,uv

Pswitch = Mswitch ®

Here, Ngyiten 1S the number of loads switched-off during
the last action. Finally, a penalty is given based on the total
number of deactivated loads nyg:

Pots = 0.2 - nogy )

Noge being the number of all currently switched-off loads.
All in all, this leads to the total reward :

r=B-P, (10)
This way, the agent receives direct feedback after every
step and the current reward only depends on the previous
two actions and the state of the loads. To focus on this im-
mediate feedback during training, a small discount param-
eter y is beneficial, e.g., 0.2.
For the training procedure, a curriculum learning approach
[13] is used. The general idea of curriculum learning is that

- Pswitch - Poff



the neural network shall first be confronted with an easier
task that progressively gets harder.

In this case, the network is first trained on a small number
of static load configurations. This way, the algorithm has
enough time to learn the basic operating principles. After-
wards, dynamic scenarios with realistic load behaviour are
introduced.

4 Demonstration

The proposed method is now demonstrated on an exem-
plary power distribution system. First, this system is intro-
duced, then the PPO training procedure is presented and
finally, the results are examined.

4.1

For demonstration, the simplified distribution system de-
picted in Figure 4 is used. It consists of two power distri-
bution units (PDUs) in a zonal architecture, which is in-
creasingly used and discussed for modern distribution sys-
tems [14, 15]. The PDUs are connected in a redundant ring
topology and are supplied by two sources, i.c., a battery
and a DC/DC converter. The supply wires and all loads are
protected and actively switchable by individual eFuses.

A total of ten loads is considered for each PDU. For sim-
plification, the functions of the loads are not further speci-
fied, nominal currents are given in Table 1. As a voltage
stability criterion, a minimum supply voltage of 9 V is as-
sumed for all loads. For PDU 1, all supplied loads with
even numbers are considered safety-relevant, while for
PDU 2 the odd-numbered loads are safety-relevant.

Based on the given nominal currents, a load dynamic is as-
sumed. For simplicity, all loads are considered to have
equal dynamic characteristics according to the probability
density depicted in Figure 5. Currents smaller than or equal
to the nominal current I, have the largest probabilities.
Larger currents up to 5 - I,y occur less frequently with a
linearly decreasing probability.

An exemplary load current profile resulting from this be-
haviour is depicted in Figure 6 for a load with I,,,,, = 50 A.

Investigated system
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battery
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Figure 4: Exemplary power distribution system

The load current is randomly changed between piecewise
constant values according to the presented probability den-
sity. A new constant current value is approached exponen-
tially, as also shown in Figure 6 (bottom). This low-pass

Table 1: Load parameterization of exemplary system

Load Nominal current  Load wire cross section
1,11 50 A 10 mm?
2,12 40 A 6 mm?
3,13 30 A 4 mm?
4,14 20 A 2.5 mm?
5,15 10 A 1 mm?
6, 16 SA 0.5 mm?
7,17 1A 0.35 mm?
8, 18 0.5A 0.35 mm?
9,19 0.1 A 0.35 mm?

10, 20 0.1 A 0.35 mm?

behaviour represents the resistive-capacitive input charac-
teristic of a typical load because of its stabilizing capaci-
tance [16].
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Figure 5: Assumed probability density for load current dis-
tribution
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Figure 6: Current profile of exemplary load with low-pass
behaviour during load current change

First, the described distribution system is simulated with-
out any power management. Here, and in the following in-
vestigations, a simulation time step of 1 ms is used. The
resulting supply voltages of safety-relevant loads over a
span of 1 million simulation steps are depicted in Figure 7.
Without power management, during about 2,4 % of the



time safety-relevant loads experience a critical undervolt-
age. To confirm that the system is theoretically stabilizable
by only operating the eFuses, another simulation is per-
formed without any comfort loads for the same number of
steps. As Figure 7 (b) shows, this increases the supply volt-
age of the safety-relevant loads to uncritical values above
9 V. An intelligent operating strategy should now find an
optimum between these two extremes; safety-relevant
loads need to be stabilized, but comfort functions should
only be deactivated if unavoidable.
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Figure 7: Supply voltage distribution of safety-relevant
loads in case of (a) no power management and (b) without
comfort loads

4.2 Training

The training is performed with the described PPO algo-
rithm. The used training parameter are depicted in Table 2.
As explained, the network is first trained on static system
configurations without dynamic load behaviour. Addition-
ally, critical scenarios are emphasised during training, so
the network learns how to intervene to optimize the voltage
stability. After 50 episodes, load dynamic is introduced.
The resulting reward during this training procedure is de-
picted in Figure 8. Starting with a negative average reward
due to the randomly initialized neural network weights, it
quickly rises and then slowly converges to almost 2 at the
end of the training.

Table 2: PPO training parameters

Parameter Value
Discount factor y 0.2

GAE parameter 4 0.6
Entropy factor 0.05

Initial learning rate 0.0003
Batch size 10.000
Sub-batch size 1.000

No. epochs 6

Total no. of steps 10.000.000

Mean reward

0 200 400 600 800
Episode
Figure 8: Average reward after each training batch

1000

4.3 Results

To demonstrate the trained neural network, the environ-
ment is now nominally operated as described in Section
4.1. In Figure 9, an exemplary interval is depicted that
shows the learned intelligent operating strategy. All loads
that change their current consumption during the depicted
time period are shown. The voltage of the safety-critical
load 6 fluctuates as a result of the load current changes. At
about 350 ms, load 1 significantly increases its current con-
sumption. Without load management, this would result in
a critical undervoltage of load 6 (dotted black line). How-
ever, the neural network intervenes accordingly and
switches off the comfort load 12, as also depicted in Figure
9. This action stabilized the supply voltage of load 6. All
other loads remain switched on. Figure 10 depicts all sup-
ply voltages of safety-relevant loads for a larger interval of
1.5 s. Without the neural network (blue), several critical
undervoltages occur during this interval, with activated
neural network, those scenarios are stabilized (orange).
All in all, the network successfully learned to efficiently
stabilize the distribution system. This can also be seen in
the resulting supply voltage histogram, depicted in Figure
11. The critical undervoltages are prevented, while a com-
fort load availability of 97.7 % could be achieved using the
intelligent operating strategy.
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Figure 9: Exemplary prevention of critical undervoltage
by learned operating strategy. Selected currents (top), volt-
age of safety-relevant load 6 with and without neural net-
work (middle) and fuse state of comfort load 12 (bottom)
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5 Conclusion

In this paper, a power management method has been devel-
oped that stabilizes the supply voltage of safety-relevant
components in modern automotive distribution systems.
The approach utilizes the reconfigurability of eFuse-based
power systems and actively prevents critical undervoltages
by selective temporary deactivation of comfort loads.

This operating strategy is realized by a neural network that
processes the measured eFuse currents and then decides if
one or more eFuses need to be switched. This behaviour is
learned through reinforcement learning, where the algo-
rithm interacts with a simulation model of the distribution
system. In a simulative demonstration, the approach effec-
tively and selectively prevents undervoltages of safety-crit-
ical loads, while also maximizing the availability of the
comfort functions. Larger wire cross-section areas are
therefore not needed to stabilize the supply system. In fu-
ture work, the method can be further optimized and applied
to a real vehicular system. Optimizations could include pri-
oritisation of individual comfort loads during training and
integration of real load current profiles.
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