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Abstract—This paper presents a novel Neural Network (NN) based
control strategy for DC-DC Buck converters aiming to enhance the
dynamic system response in face of external disturbances. The proposed
controller employs a compact multilayer perceptron, and it is trained
online through supervised learning strategy. Its ground-truth labels
correspond to the optimal control actions that minimize the converter
output voltage error. This results in a tiny NN, paving the way for
embedded hardware implementations. The validation of the proposed
NN-based controller is conducted via circuital simulations, demonstrating
significant improvements in transient response compared to conventional
control techniques.

Index Terms—DC-DC converters, Neural Network, Tiny Machine
Learning, Artificial Intelligence, Gradient Descent.

[. INTRODUCTION

DC-DC converters are ubiquitous elements in modern Cyber-
Physical System (CPS) power applications such as DC microgrids,
e-mobility, renewable energy systems and IoT. Indeed, since con-
stitute the physical layer of the CPSs, their design need to be
conceived including external connectivity features. The latter enable
remote monitoring, diagnostics and control of the converter operating
setpoints [1]. This provides significant operational advantages and
improve the system flexibility [2]. Nonetheless, it increases the
vulnerability of the converters to cyber-attacks [3]. Therefore, the
introduction of prevention mechanism that ensure the cyber—physical
security of these systems is essential.

Several studies focus on the threats posed by cyber-attacks in
the field of DC-DC converter. These includes false data injection,
denial-of-service, and controller hijacking [4]. The cyber-attacks
lead to degraded performance, instability, or even physical damage.
Mitigation strategies include anomaly detection algorithms at the
control input/output interface, secure communication protocols, and
redundant sensing architectures. Among the others, Neural Networks
(NNBs) offer promising approaches to integrate cyber-attack detection
mechanisms owing to their feature extraction capacity [5] [6].

Beyond cyber-security application, NN-based architectures
emerged as a flexible and data-driven control approach in DC-DC
converters. Rejecting external disturbances and guaranteeing system
stability is crucial, as the proper operation of the supplied devices
strongly relies on a stable voltage level. NN-based controllers
are developed exploiting different approaches such as supervised
learning [7] [8] reinforcement learning [9] [10], and physics
informed neural networks [11].

In recent works, hybrid NNs co-hosting both control and risks
detection features have been proposed [11] [12]. In light of the
requirements on the computational time set in power electronic
applications, Tiny Machine Learning is necessary. In fact, lightweight
NN models are designed to run inference in real time on low-resource
hardware platforms [13]. This work is situated precisely within this
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Fig. 1. The DC-DC Buck converter and the proposed NN-based controller.

context, where a small-sized NN is present in the converter and used
to improve its resilience, intended both as possible resistance to a
cyber-security attack, and as mitigation of a change in the converter
parameter set.

In detail, we focus on the part of the tiny NN used for controlling
the DC-DC Buck converter. It is derived via a novel online training
algorithm that relies on supervised learning. The network is trained
to reproduce the optimal control actions in face of external distur-
bances (e.g., load and line fluctuations). Owing to its structure, the
controller can naturally be extended to include cyber-attack detection
mechanisms.

The paper is organized as follows. Sec. II introduces the theoretical
framework for modeling converter dynamics. Sec. III details the
proposed training algorithm, while Sec. IV presents the simulation
results. Finally, the conclusions are outlined.

II. ARCHITECTURAL DESCRIPTION AND THEORETICAL
BACKGROUND

The DC-DC Buck converter architecture we refer is shown in
Fig. 1. The input voltage wvin(¢) is chopped by the action of the
switches SWy 1. These are complementary driven by the logic signal
d(t), i.e., when d = 0 the SWy is closed while SW; is open, and
vice versa for d = 1. This results in a rectangular voltage waveform
on the SW node vsw (t), that is in turn smoothed-out by the converter
output filter. The latter is designed to generate a stable voltage vout (%)
on the converter output port and it includes the inductance L, the
output capacitor C' together with its series parasitic resistance Rc¢
and the resistive load Ry. An additional time-varying load current
iout(t) is connected to the converter output port, modeling externally
imposed load variations. The signal d(t) is generated from a Pulse-
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TABLE I
STATE-SPACE MATRICES OF THE BUCK CONVERTER SHOWN IN FIG. 1.
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Fig. 2. Waveforms showing the operation of the PWM Modulator in Fig. 1.
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Width Modulator (PWM) stage. In this scenario, we will refer to
the traditional sawtooth-based PWM [14]. It tunes the duty cycle D,
of the signal d(¢) by comparing the control voltage vctr1(t) and a
sawtooth waveform vsaw (¢) with amplitude Vyx. The latter oscillates
at a fixed frequency few = 1/Tsw. A representative set of time-
domain waveforms illustrating the modulator operation at is shown
in Fig. 2.

The Buck converter operation can be described resorting to its
state-space representation [14]. In the following, we will denote ma-
trices with boldface capital letters (e.g., V) and vectors with boldface
lowercase letters (e.g., v). Referring to Fig. 1, the independent states
of the system are defined by the vector =(t) = [ir(t),vc(t)]”,
while its independent inputs are w(t) = [vin(£)d(t),i0ut(t)]7,
where 7 denotes the transpose operator. We consider the converter
output voltage as the system output, i.e., y(t) = vout(¢). Therefore,
straightforward circuit analysis yields
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where A, B,, C and D denote the state, input, output, and
feedforward matrices, respectively. Their analytical expressions for
the circuit in Fig.1 are detailed in Table 1. The parameter « takes on
the logic state of d.

The time-domain evolution of the converter is derived solving the
state-space equations in (1). Referring to the generic k™ switching
period shown in Fig. 2, ie., t € [tg,tx+1], We aim to evaluate
@ (tr4+1) from a(¢x). Since the signal d(t) is piece-wise linear, we
will separately evaluate the system evolution in the time intervals
[tk,tk + De i Tow| and [tk + De gk Tsw, tr+1], corresponding to d = 1
and d = 0, respectively. Furthermore, it is reasonable to consider
the system inputs w(7) as constants in each switching cycle [15]. In
other words, we consider u(7) = wu(ty) in the k" switching period.
This lead to the sampled-data system description:

x(tht1) = eATSWa:(tk) + Afl([eATSW — eA(lfD”’“TS“’]BO
—+ [eA(liDc’k)Tﬁw — ]I:| Bl)u(tk), 2)
y(tx) = Cx(tr) + Du(ti).

As shown in Fig. 1, the value of D,y is set from the PWM stage
based on the wvety in the kP switching cycle, namely, D, =
Vetrl(te + De,kTsw)/Vpk. The controller stage processes the input
signals 77, and vout to produce wveir1. It embeds the proposed NN
and the Estimator stage [16] [17]. The latter gives an estimate of
the system states and the load current disturbance, here denoted as &
and Tout, respectively. These signals are provided as inputs to the NN,
together with vi, and the error signal € = Viet — R2/(R1 + R2)Vout-
The resistances Ry 2 are chosen so that V1% (1 + Ry /Rz), where

out
Vfareet s the target output voltage value. It is worth noting that, in

out
contrast to vin, the ious can be only estimated as it is not a directly

measurable signal.
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III. PROPOSED TRAINING OF THE NEURAL NETWORK

A custom training strategy is developed for the NN-based con-
troller. It is an online supervised learning strategy based on the
optimal D, minimizing e under varying operating conditions of
the converter.

A. Duty-Cycle Optimization Method

From (2), the optimal D, ; is computed minimizing a cost function
Ji. penalizing large e values. This is accomplished further ensuring
that meaningful D, ; values are derived. In formulas

min Jg = &2 (tk)
De.k 3)
subject to 0 < D, < 1.

This corresponds to an constrained optimization task that is solved
via an iterative projected gradient descent algorithm. In the iteration
step 4, the DS,)C is updated by moving in the direction opposite to
the gradient of Ji and clipped in the range [0, 1] in order to satisfy
the constraint. Then, the DSL is updated to Dii,jl) as

, )}7 (C))
ot

where e > 0 is the step-size. By repeating the optimization process
until no improvements in minimizing Ji are detected, the optimal
D, is derived, here denoted as DZ’ -

0Jx

Di’fl‘:l) = min {17 max (O, DSL — am

B. NN Training Algorithm

The NN-based controller is implemented as a MultiLayer Percep-
tron (MLP) regressor, whose high-level implementation is shown in
Fig. 1. Given the inputs of the NN, one might assume that the signal
e is in principle not necessary as it can be directly derived from &,
Vin and 2out. However, it facilitates the NN training process, further
improving the model convergence and the final performances.

In contrast to traditional supervised training approaches relying on
static datasets, we perform online training as the system evolution
according to (2). Specifically, we apply uniformly distributed load
and line step changes to the system. The D?, is thus computed
in real time via the optimization method defined in Sec. III-A.
Its value is stored in a replay memory buffer, from which mini-
batches were periodically sampled to update the network. In order
to ensure robustness in the training phase, a probabilistic control
strategy is adopted during simulation. In each time step, the D.
value defining the system evolution is chosen randomly between
D}, and the one predicted by the NN. This approach ensures that
the NN would be exposed to realistic trajectories, thereby improving
its generalization capability and stability. The complete algorithm is
provided in pseudocode form in the Algorithm 1, offering a detailed
step-by-step overview of the training procedure.

IV. RESULTS VALIDATION

In order to validate the effectiveness of the proposed learning
strategy, we conducted circuital simulations. These allows to verify
the NN capability of acting as a control policy for the Buck converter.
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Algorithm 1 Online Training of the NN-based Controller

1: Initialize neural network Ny

2: Initialize replay memory M < ()

3: for Episode = 1 to N do

Sample a random step change in iout and vin
5 fort=1to T do

6: Define the vector £ = [&, %Out, Vin, €]

7: if Rand(0, 1) < ¢ then
8.
9

ook

Compute D, via projected gradient descent
Store (£, D ;) in replay memory M

10: Apply D¢ ;. to evolve the system
11: else

12: Compute duty cycle D, = Ny(z)
13: Apply D, i to evolve the system
14: end if

15: end for

16: Sample a batch {(&;, D7 ;,)} of dimension B from M
17: Compute the Loss: L = & SE (No(&) — :rki)2
18: Update network parameters 6 using gradient descent
19: end for

TABLE I
BUCK CONVERTER AND TYPE-III CONTROLLER PARAMETERS

DC-DC Buck Converter Parameters

L C Rc fow Vin tout R V:.?fr,gCt
(wH] | [WF] | [mQ] | [MHz] [\ (A] ] V]
82 | 260 20 1 [6,25] | [=0.5,3] 5 5

Type-III Controller
Vret Re1 | Repe R 3 Re 4 Cen Ce2 Ces
mV] | kQ] | [k 2] (kO] [nF [nF] [PF]
800 13.3 6.65 180 249 5.6 1.8 150

The NN has been implemented and trained as outlined in Sec. III.
Its architecture consists of a set of fully connected layers with
dimensions [5, 10, 10, 1] and employs a LeakyReLU activation
function with a negative slope equal to 0.01. The model is trained
using the AdamW optimizer with a learning rate of 0.01, a batch size
B=64, and a replay memory of size 512. A gradient clipping is applied
with a threshold of 0.1. Referring to the Algorithm 1, an exploration
probability € of 0.7 is used. A total number of episodes N=3000 is
used, with each episode evolving the system for T equal 200 steps.
Input data is normalized through manual scaling by a factor of 10.
The NN output is clipped between 0 and 1 after the training process,
ensuring that the constraint in (3) is satisfied. This post-processing
step is applied only during inference and does not affect the training
process.

The performances of the proposed NN-controlled Buck converter
are compared with the Voltage Mode Control (VMC) architec-
ture [18]. The VMC architecture is readily derived by replacing the
NN-based controller in Fig. 1 with a type-III compensation network,
whose typical implementation is shown in Fig. 3. Its input-output

Cc,3
e |
| Ce1| I Reo
- HEaw NG
v Cc,2 Rc,3 + __.i_
out %RCA V. fii: Vetrl

Fig. 3. Traditional Op-Amp based type-III compensation network.

transfer function in the Laplace domain is

Guls) = Vewrl(s) _ Geo (1+45/wz0)(1 + S/U-)z,l)’ )
Vout (8) s (14 s/wp,0)(1+s/wp1)

where G0 = (Re,1(Ce,1+Ce3)) L we0 = (Re2(Ce,1+Ce3))
we1 = (Ce2(Ret + Res)) ™", wpo = (Re,3Ce2)” " and wp1 =
(R:,1(Ce3]|Ce1)) . The network is designed exploiting DC-DC
converter averaged small-signal models in order to meet stability and
dynamic performances specifications [14], [18]. Typically, the zeroes
8 = —w; 10,1} are placed near the resonant frequency of the converter
output filter, while the poles s = —w), 10,1} serve to both attenuate
the switching noise and cancel out the zero of the output filter induced
by the presence of a non-zero Rc [19]. The gain G, is tuned
to guarantee adequate stability margin and satisfactory disturbances
rejection performances. For sake of space, we directly list the
component values of the compensation network in Table II. These
have been selected according to the DC-DC converter parameter
values listed in Table II. To further mitigate the propagation of line
disturbances on the output voltage, an input voltage Feed-Forwarding
(FF) mechanism is typically implemented [20]. In practice, it consists
in making the amplitude of the sawtooth waveform proportional to
the converter input voltage, i.e., Vox = vin/krr, Where kpp is the
gain of the FF stage. In the following we set krp = 30.

In Fig. 4, we show the system response to external disturbances
when the NN-based controller and the VMC technique implementing
the input voltage FF are considered. According to Fig. 4(a), the
NN-based controller achieves a significantly faster settling time
compared to the traditional compensator when an %4t Step is applied.
Indeed, the signal e(t) stabilizes with reduced residual oscillations. In
Fig. 4(b), the response of the Buck converter when an vi, disturbance
is applied is shown. The effectiveness of the NN-based controller in
minimizing the effect of the external disturbances on the converter
output voltage is confirmed.

In order to further corroborate the proposed training technique, we
provide a comparison between the transient response of the NN-based
controller and the one obtained by directly applying the D7 ; values
computed as described in Sec. III-A. The results are presented in
Fig. 5, showing that the NN-based controller effectively approximate
the optimal D ;, achieving comparable dynamic performances.

V. CONCLUSION

This paper presents a neural network-based control strategy for
a DC-DC Buck converter. The network is implemented as a tiny
multilayer perceptron and it is trained online via supervised learn-
ing. The network learns to approximate the optimal control action
that minimizes output voltage error when external disturbances are
applied. Simulation results highlight the superior performance of the
NN-based controller compared to a traditional type-III compensation
network. These advantages stem from the capacity of the neural
network-based controller to generalize across different operating con-
ditions, learning an effective control policy from dynamic interactions
with the system.
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Fig. 4. Load and line transient response of the DC-DC Buck converter. We compare the proposed NN-based controller performances (NN curves) with the
ones offered by the conventional VMC embedding the type-III compensation network in Fig. 3 and implementing the input voltage feed-forwarding mechanism
(VMC curve). In (a) a iout step disturbance is applied. In (b) a vi, step disturbance is applied.
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5. Transient response of the DC-DC Buck converter. We compare

the load-transient response of the converter when the proposed NN-based
controller is adopted (NN curve) and the sequence of the D7, values are
applied (OPT curve).
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