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Abstract—Energy harvesting (EH) is increasingly used in
wireless sensor nodes to extend the lifetime of battery-powered
devices in remote locations. On such devices, the use of deep
neural networks (DNNs) is limited not only by the memory and
computational constraints of the system, but also by the often
large amount of energy required to perform DNN inference. As
a result, continuous DNN inference cannot be guaranteed on
such systems, especially under severe power constraints resulting
from small battery capacities and solar panel sizes. A promising
approach to dynamically adjust the power consumption of DNN
inference are early-exit neural networks (EE-NNs), that allow
a DNN to exit early at different points during its inference. In
this paper, we propose a simulation-aided neural architecture
search framework to explore EE-DNN architectures (EENAS)
and an online energy manager (EM) that dynamically decides
which early exit to take based on the available energy and the
EE-NN’s confidence in its predictions while ensuring energy-
neutral operation (ENO). We evaluate our approach on four
vision datasets and show not only that our EENAS approach can
find EE-NNs with low energy consumption that maintain a high
accuracy, but also that our proposed EM can execute the explored
EE-NNs with an up to 36% improved accuracy compared to the
state-of-the-art while satisfying the ENO constraints.

Index Terms—IoT, Energy Harvesting, Neural Networks

I. INTRODUCTION

Energy harvesting (EH) can be used to extend the lifetime of
battery-powered Wireless Sensor Networks (WSNs) running in
remote locations as in, e.g., agricultural [1] and environmental
monitoring [2]. However, the intermittence of the energy
sources makes it difficult to ensure that the nodes in the
network operate without interruption. To address this issue,
energy management strategies have been proposed [3] to max-
imize a given quality of service (QoS), e.g., the nodes’ duty
cycles, or a user-defined accuracy, while satisfying constraints
on the nodes’ state of charge (SoC) to enable so-called energy-
neutral operation (ENO).

Deep Neural Network (DNN) inference is often performed
on sensor nodes in WSNs locally to reduce the amount of
data that must be transmitted over the network. This local
processing and filtering of data is considered essential because
wireless communication of all perceived data would quickly
drain a node’s battery. However, the limited resources of the
nodes, such as RAM and ROM, make it difficult to deploy
even DNNs of moderate size, making the use of compression
techniques such as pruning and quantization essential [4]. If
only a certain amount of weights can be stored, one can

use weight clustering [5]. Alternatively, the precision of the
weights can be reduced to as low as one bit only [6]. Recently,
optimization techniques that are able to explore as well the
space of network structures as the degree of pruning and
quantization so to tradeoff complexity and accuracy have been
proposed under the term neural architecture search (NAS), see,
e.g., [7], [8].

Early-exit DNNs (EE-DNNs) [9] denote a type of neural
network that allow for multiple exits to be taken at different
network depths instead of only one exit at the end. This
means that an EE-DNN can stop processing at an earlier layer,
thereby reducing computation and energy consumption at the
cost of potentially less accurate predictions.

In this paper, we exploit the opportunities of EE-DNNs for
energy saving in the context of EH-WSNs. Here, a power
manager could decide at run time in EH-WSNs, where it
allows a power manager to decide which early exit to take
based not only on prediction confidence, but also on available
energy. In this context, we present a novel simulation-assisted
multi-objective neural architecture search method (EENAS)
for EE-DNNs that maximizes accuracy, and the computational
effort in terms of number of Multiply-Accumulates (MACs),
while considering memory constraints on the target platform.

For evaluating the accuracy of an EE-DNN candidate under
the tight energy constraints in the context of an EH-WSN, a
typical daily harvesting energy profile is applied to a daily
schedule of periodic inference activations. This simulative
evaluation takes into account also the applied energy man-
agement (EM) policy.

Our contributed methodology consists of two major com-
ponents:

1) The multi-objective static exploration and optimization
methodology for EE DNN candidates subject to given
energy and device resources constraints, of which we
provide an overview in Figure 1 and that we describe
in detail in Sec. III-A.

2) The strategy for runtime energy management (EM) by
selecting the best early exit of the EE-DNN for each
inference while ensuring ENO, which we introduce in
Sec. III-B.

We evaluate our approach on four machine learning vision
datasets in terms of hypervolume improvement and accuracies
obtained for different battery sizes and photovoltaic panel peak
powers in Sec. IV.
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Fig. 1: Proposed multi-objective EENAS methodology (top)
and simulative evaluation of accuracy of network candidates
(bottom). A candidate EE-DNN configuration is picked from
the search space by the selector 1 . After applying training and
compresssion 2 , the resulting candidate A is then evaluated
in terms of its number of Multiply-Accumulates (MACs),
memory, and average accuracy Acca for each of its early exits
3 . Additionally, A is evaluated within an energy harvesting

node simulation, where the operation of the EE-DNN on
a sensor node when harvesting an amount of energy Eharv
for one day (24h) is simulated to obtain a total accuracy
under simulated conditions Accsim 4 . Acca and Accsim are
then combined to the objective value Acctotal 5 . A selector
then uses both Acctotal and the number of MACs to select
the next candidate configuration from the search space (until
the search budget is exhausted) 6 . The selector thereby also
checks whether the memory requirements of A are within the
constraints of the target device 7 .

II. FUNDAMENTALS

A. Related Work

EE-DNNs [9] were initially proposed to speed up inference
by adding additional side classifiers to a DNN. Here, an
original backbone DNN is extended by additional sets of
layers, the early exit branches, which allow a prediction that
is not based on the full feature extractor of the backbone
DNN, see Figure 2 for a schematic overview. The points in
the backbone DNN where the side classifiers are attached are
called anchors.

The benefit of EE-DNNs is, that they allow to exit an
inference early for samples where the network is highly
confident about the classification, thereby reducing the overall
average inference time and computational overhead. Here,
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Fig. 2: Example of an EE-DNN architecture candidate A
containing C = 3 exits. The backbone network contains the
feature extraction layers, of which some are connected to a side
classifier at an anchor point (black circles). As the inference
proceeds, the input is passed through the backbone network
and the side classifiers.

decision of whether an inference should terminate early by
taking the intermediate result of a side classifier is based on
the classifier’s confidence in the current sample. Let ŷ be the
class probability vector computed by the side classifier over
all class labels l ∈ L, its confidence can be computed using
the entropy score defined λ as

λ(ŷ) =

L−1∑
l=0

ŷl · log(ŷl). (1)

There are different approaches to training EE-DNNs, with
the most commonly used being joint training [9], [10]. In
joint training, fitting the entire DNN, including all of its early
exit branches, is treated as a single optimization problem. The
loss is computed by either combining the cross-entropy scores
of each exit branch [9] or calculating an overall loss from the
output of all exit branches combined [10]. Alternatively, multi-
stage training strategies are used, where first, the backbone
network is trained, and then, each early exit branch is trained
separately with the backbone frozen [11]. A variant of this
approach is to iteratively train every path from the input layer
of the DNN to each early exit classifiers as its own DNN
with parameters shared with previous iterations [12]. Training
the early exit branches separately has also been combined
with knowledge distillation, in which the trained backbone
network serves as a teacher for the early exit classifiers
by calculating the Kullback-Leibler divergence between the
probability vectors of them and the backbone network [13].

In this work, we propose a new strategy for training EE-
DNNs by combining the training with pruning and quantiza-
tion within a multi-objective NAS, which allows our approach
not only to search for EE-DNNs that maximize accuracy, but
also consider resource constraints including memory require-
ments.

In [14], the authors propose a NAS methodology to op-
timize the architecture of an EE-DNN for energy-harvesting
devices. They also propose an energy management strategy
to adaptively select the exit of the EE-DNN to use for each
inference, by training a reinforcement learning agent that takes



a decision based on the available energy and the confidence
in the output of each early exit. This energy management
strategy is combinatorial: it only considers the current state of
the sensor node (energy remaining and harvested) but does not
plan to be energy-neutral over a longer duration, e.g., an entire
day. In contrast, our proposed NAS approach evaluates each
candidate for achievable accuracy using a simulative approach
shown in Figure 1. Based on an initial energy budget and
estimates of harvested energy over a full day, this simulation
includes also an energy management component (EM) that
decides at each inference which early exit to take based on
available energy so to achieve ENO.

B. System Model

We consider a sensor node equipped with a photovoltaic
panel and a rechargeable battery. The node harvests energy at
a rate assumed constant for each time slot n ∈ {0, . . . , N − 1}
of the day (24h), collecting an overall amount of energy
Eharv(n) per slot. The harvested energy is used to recharge
a battery of capacity Emax.

Throughout the day, the node periodically collects, at a
period T (with 24h

N = K · T,K ∈ N), data from a set of
integrated sensors and performs an inference using a EE-
DNN to classify the data. Let the inference of a EE-DNN
consisting of C exits, consume the amount of energy eDNN(c)
[J] when taking the exit c ∈ {1, . . . , C}. The case c = 0
means not executing the inference at all. This special case must
be reserved for preserving energy-neutral operation (ENO) by
construction. We assume that the energy consumed for data
acquisition, its processing, an energy management policy, data
transmission, and possibly staying in sleep mode until the end
of the period. Thus, the energy consumed by the DNN during
a time slot n can be computed by

Econs(n) =

C∑
c=0

K−1∑
k=0

eDNN(c) ·Xn,k,c (2)

where Xn,k,c ∈ {0, 1} is a decision variable denoting whether
the k-th inference of time slot n stops at exit c (i.e., Xn,k,c =
1) or not (i.e., Xn,k,c = 0) being the default. Consequently,
with Eharv denoting the amount of energy harvested during
time slot n, the energy remaining in the battery at the end of
a time slot n is Erem(n+ 1) can be estimated as

Erem(n+1) = ⌈min (Erem(n)− Econs(n) + Eharv(n), Emax)⌉+
(3)

with ⌈·⌉+ = max(·, 0).
Now, for energy-neutral operation (ENO), the following

constraints need to be satisfied: (1) the battery charge never
falls below a minimum value Emin, i.e.,

Erem(n) ≥ Emin ∀n ∈ {0, . . . , N − 1} , (4)

and (2) the final battery charge at the end of the day is at least
equal to its initial charge, i.e.,

Erem(N) ≥ Erem(0). (5)

Finally, for each inference at time slot n and period k, we
assume that the EE-DNN produces a class probability vector
Ŷn,k,c when using exit c, which aims to predict the ground
truth label Yn,k,c. The problem of selecting the exit of the
EE-DNN to use for each inference in order to minimize the
classification errors during the day, while satisfying the ENO
constraints, could then be formulated as the following Integer
Linear Programming (ILP):

max
Xn,k,c

N−1∑
n=0

K−1∑
k=0

Xn,k,c ·
r
Ŷn,k,c = Yn,k,c

z

s.t.
C∑

c=0

Xn,k,c = 1 (6)

∀ n ∈ {0, . . . , N − 1}, k ∈ {0, . . . ,K − 1}
Eqs. (2− 5)

where J·K is the Iverson bracket, i.e., JP K = 1 if P is true and
JP K = 0 otherwise.

Unfortunately, an optimal solution to the problem shown
in Eq. (6) cannot be computed at runtime, as the values
of Yn,k,c and Eharv(n) are only available at the end of
the time slot n. The time needed to solve the above ILP
might also be prohibitive. Therefore, we propose simulation-
assisted NAS during the exploration phase, as explained next
in Section III-A. Moreover, a simple but effective heuristic
for deciding on the exit of each inference is proposed and
explained in Section III-B.

III. METHODOLOGY

A. Simulation-aided Neural Architecture Search (NAS)

Our NAS methodology consists of three parts marked blue
in Figure 1 (top): First, we use Bayesian optimization, i.e.,
the Parzen Tree Estimator algorithm [15], as a selector for
EE-DNN candidate selection during exploration. Second, for
each selected EE-DNN candidate consiting of a network
configuration, we train it on a target dataset and use iterative
L1 norm pruning [16] and static quantization for compression.
The use of the compression techniques is controlled by the
optimizer via the selected candidate configuration. Third, we
evaluate the resulting trained compressed EE-DNN A by using
a runtime environment called DNNruntime [17] to (a) map
the trained EE-DNNs to C-code, (b) compute their ROM and
RAM requirements Memory(A) to validate if the explored
EE-DNN is feasible given the constraints of the target MCU,
(c) compute the maximum number of MACs MACs(A)
required to compute the final exit c = C, and (d) the average
accuracy Acca of all exits c ∈ {1, . . . , C} of the EE-DNN
obtained over the evaluation dataset âc,

Acca =
1

C

C∑
c=1

âc.

In addition, and to better reflect the performance of the
EE-DNNs when deployed on an energy harvesting device,
we combine Acca with the accuracy obtained through an



energy harvesting simulation (see Figure 1, bottom), according
to the model defined in Section II-B of the target energy
harvesting device, given a harvested energy profile Eharv and
the characteristics of a sensor node (i.e., battery capacity Emax,
sampling period T ). The accuracy objective Acctotal defined in
the following thereby encodes not only the accuracy of each
exit, but also how well the EE-DNNs can be used in a real-
world scenario under given energy constraints:

Acctotal = (1− τ)Acca + τ ·Accsim (7)

where

Accsim =

N−1∑
n=0

K−1∑
k=0

Xn,k,c ·
r
Ŷn,k,c = Yn,k,c

z

is the accuracy obtained by the simulation of the energy
harvesting device and τ is a trade-off hyperparameter.

B. Energy Management
The Energy Manager (EM) must perform three types of

tasks to be executed at different timescales over a day:
• Energy-neutral Budget Computation: At the start of each

simulated day, an algorithm computes the maximal en-
ergy budget Eb(n) for each time slot n while satisfying
ENO is computed. This will be achieved by solving a
dynamic programming problem formulated in Eq. (8).

• Maximal Early-Exit Scheduling: At the start of each time
slot n, a schedule is computed determining for each
inference k,∀k ∈ {0,K− 1} within the current time slot
n a highest potential exit cmax(k) that might be taken
for not violating Eb(n). The corresponding knapsack
problem to be solved is introduced in Eq. (9).

• Entropy-Aware Online Policy: For each inference k, a
runtime policy that, given cmax(k), selects the exit branch
of the EE-DNN to use based on the confidence of the
DNN in its output. This policy will be introduced in
Algorithm 1.

A detailed description of these tasks is given in the following.
1) Energy-neutral Budget Computation: The first task has

to be computed once at the beginning of the day, taking
as input a trace of predicted energy harvested per time slot
Ēharv(n) and computing an energy-neutral budget Eb(n) for
each time slot n. Such an allocation of allowed energy budgets
Eb(n) for each time slot n can be computed by solving the
following optimization problem using a dynamic programming
algorithm:

max
Eb

N−1∑
n=0

Eb(n)

s.t. Erem(n+ 1) = ⌈min(Erem(n)− Eb(n) (8)

+ Ēharv(n), Emax)⌉+

Eqs.(4− 5).

A solution to the problem in Eq. (8) will allow for an ENO
over a full day subject that the estimations of harvested energy
Ēharv(n) are exact (Ēharv(n) = Eharv(n) ∀n ∈ {0, . . . , N−1})
as well as the energy estimations in Eq. (2) and Eq. (3).

2) Maximal Early-Exit Scheduling: At the beginning of
each time slot n, the EM computes, for each inference
k ∈ {0, . . . ,K − 1}, a latest exit c that can be taken in
order to not exceed the overall energy budget Eb(n), given
its energy consumption eDNN(c) and accuracy âc. The values
of eDNN(c) for all the exits c of an EE-DNN are modeled
for the targeted MCU by the number of MACs required to
compute the output of exit c (an example of such a model is
given in Section IV-A2). This maximal (allowed) exit schedule
can be obtained by solving the following unbounded knapsack
problem (UKP)

max
xn,k,c

K−1∑
k=0

C∑
c=0

xn,k,c · (1 + log10(âc))

s.t.
K−1∑
k=0

C∑
c=0

eDNN(c) · xn,k,c ≤ Eb(n) (9)

C∑
c=0

xn,k,c = 1,∀k ∈ {0, . . . ,K − 1}

with xn,k,c being the decision variable that is 1 (xn,k,c = 1) for
the highest exit c that can be taken at inference k of time slot n,
and zero else. This problem can be solved at the start of each
time slot n using also a dynamic programming algorithm [18]
with a pseudo-polynomial execution time.

3) Entropy-Aware Online Policy: A simple heuristic for
runtime decision-making on if and how to execute the kth
inference in time slot n is as follows: If the solution of Eq. (9)
delivers xn,k,0 = 1, then there is not enough energy to execute
the DNN at all at this time instant (algorithm 1). Else, we start
executing the DNN from c = 1 until (whatever comes first)
the entropy estimate λc is higher than a threshold thc, or the
maximum value cmax computed for n and k in algorithm 1
from the solution of the ILP in Eq. (9). If the entropy λc of
the output layer of exit c is above a pre-computed threshold thc

(algorithm 1), the inference is halted here (algorithm 1). Else,
if this is the last exit cmax(k) that can be taken without violating
the energy budget, the inference is also stopped algorithm 1.
Otherwise, the next exit is computed.

Algorithm 1 Entropy-Aware Online Policy

1: Input: n, k
2: Output: Xn,k,c

3: if (xn,k,0 = 0) then ▷ If at least one exit can be scheduled
4: cmax ← argmaxc {xn,k,c | xn,k,c = 1}
5: for c = 1 to cmax(k) do
6: Run inference of exit c on the input n, k
7: λc ← entropy of value at exit c
8: if (λc > thc) then
9: Xn,k,c ← 1 ▷ The network is confident

10: break
11: end if
12: end for
13: Xn,k,cmax(k) ← 1 ▷ Otherwise, use the worse-case exit
14: end if



The threshold values thc, ∀c ∈ {1, . . . , C} can be obtained
offline using a Bayesian multi-objective optimization algo-
rithm [15] to minimize the amount of energy spent, while
maximizing the accuracy obtained when applying the entropy
threshold filter.

IV. EXPERIMENTS

In this section, we first present results on the performance of
our EENAS in terms of achieved accuracy, number of MACS
and memory requirements of the obtained architectures. Then,
we evaluate the simulation accuracy obtained by our energy
management in an end-to-end simulation of a wireless sensor
node against varying battery capacities and solar panel sizes.
We compare our approach against [14], a state-of-the-art NAS
methodology for EE-DNNs.

A. Neural Architecture Search (NAS)

1) Datasets and DNN Architecture: We selected four dif-
ferent vision datasets to evaluate our approach. All datasets are
classification problems of small scale images (between 28×28
and 32×32 pixels). CIFAR10 [19] contains 10 different kinds
of vehicles and animals, MNIST [20] contains handwritten
digits between 0 and 9, FMNIST [21] contains 10 different
classes of clothing, while Chars74k [22] contains all digits
and letters of the English alphabet in upper and lower case,
i.e. 64 classes in total. In all of our experiments, we use
MobileNetV2 [23], a well known DNN architecture suitable
for embedded deployment, as the backbone architecture from
which our NAS approach samples different EE-DNNs.

2) Platform-specific Energy Modeling: For evaluating the
consumed energy eDNN(c) of a DNN candidate when exiting at
exit c according to Eq. (2), we performed a series of measure-
ments of the energy consumption of the node during the infer-
ence of several differently scaled EE-DNNs obtained from our
NAS optimization approach for CIFAR10. All measurements
were performed on a NRF52840 SoC, which is a low-power
microcontroller with a Cortex-M4F core. The targeted MCU
has 256 kB RAM, 1 MB Flash (ROM), a FPU, and runs at a
constant clock speed of 64 MHz. These measurements were
then used to fit a linear model that estimates eDNN(c) from the
number of MACs as

êDNN(c) = α · #MACs(c) + β (10)

where α is the slope of the line, β is the y-intercept and
#MACs(c) is the number of MACs computed when taking the
exit c. The model achieves an R-squared value of 0.75, which
indicates a good fit. The obtained regression line is shown in
Figure 3.

3) EENAS Validation: We evaluated the Inverted Genera-
tional Distance (IGD) and Hypervolume (HV) improvements
obtained by our NAS approach over time for four different
datasets, see Figure 4. For the computation of the IGD, we use
the front of non-dominated points obtained by the optimization
as the reference set. We performed this optimization for
all four datasets for 50 samples and report the results in
Figure 5, which plots the non-dominated points resulting from
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Fig. 3: Estimation of the energy consumption of a NRF52840
SoC when running an inference of a DNN until exit c in
dependence of the number of MACs.
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Fig. 4: HV (higher is better) and IGD (lower is better)
improvements obtained by our multi-objective optimization
approach for different datasets over 50 explored DNN can-
didates.

the optimization, i.e., the trade-offs in target space between the
total accuracy Acctotal and the number of MACs.

1 2 3 4

·106

60

70

80

#MACs

A
cc

to
ta

l
[%

]

CIFAR10 MNIST FMNIST Chars74k

Fig. 5: Pareto fronts obtained by our approach for four
different datasets (bold colored points). Light colored points
denote dominated sampled DNNs explored by the optimizer.
The accuracy Acctotal is maximized while the number of MACs
is minimized.

In the plot, we highlight Pareto-optimal points in bold



colors, while we show dominated points in lighter colors. In all
experiments shown in Figure 5, we set the trade-off parameter
τ between the training accuracy Acca and the simulation
accuracy Accsim in Eq. (7) to τ = 0.8 when calculating
Acctotal.

Both IGD and HV indicators show a monotonic improve-
ment over the 50 samples used for the search. For all four
datasets, the HV stabilizes towards the end of the optimization
between 0.7 and 0.8, showing that the Pareto fronts resulting
from the optimization cover the target space well. Looking at
the Pareto optimal tradeoffs found for each dataset in Figure 5,
the accuracy achieved by the models is at first glance slightly
lower than expected when compared to the accuracy that can
be achieved with state-of-the-art models [24]–[26]. However,
there are two reasons for this: First, our NAS approach is
optimized for a small MCU, which means that it imposes tight
memory and energy constraints on the search. As a result,
many architectural trade-offs that could achieve state-of-the-
art accuracy are infeasible and therefore never explored by the
optimizer because they would require too much memory or be
to computational expensive for the target MCU. Second, and
more importantly, the accuracy Acctotal shown in Figure 5 has
been evaluated by a combination of the average accuracy of
the EE-DNN over all exits, and the accuracy achieved under
simulated constraints of an energy harvesting system. As a
result, the simulated accuracy is typically slightly lower than
the maximally achievable accuracy of the EE-DNN because it
accounts for the fact that not always the ideal exit with the
highest confidence and accuracy can be taken, but an earlier
one due to limited energy availability. Therefore, the results
paint a more realistic picture of how the EE-DNNs would
perform under ENO on the respective datasets. With this in
mind, we argue that our results clearly show that the explored
EE-DNNs still achieve high accuracy despite limited energy.

4) Comparison with State-of-the-Art: To further emphasize
the competitiveness of our approach, we compare our results
with those obtained by a SotA method [14] that explores EE-
DNNs for ENO when using the same datasets. In Table I, the
results obtained by our methodology for different datasets are
shown alongside the ones presented by the authors of [14].
For our method, we report the results obtained by the non-
dominated candidate EE-DNN with the maximum accuracy
Acca (first line) and the one with the minimum number of
MACs (second line). For each EE-DNN, the column â1 ∼ âC

denotes the upper and lower bounds of the range of accuracies
âc obtained for all exits c ∈ {1, . . . , C}.

We can see that our method achieves mostly similar ac-
curacy values, while having a small memory footprint and
a small number of MACs. The architectures obtained by
our NAS approach manage to be competitive in terms of
RAM usage. However, the authors of [14] do not report
the ROM usage of their architectures. Besides, the FRAM
non-volatile memory technology used in HarvNet is only
available in specific low-power microcontrollers, which makes
the architectures obtained by our method deployable on a
broader range of devices. The memory footprint of the DNNs

TABLE I: Comparison of the neural network architectures
optimized by our method with ones obtained by HarvNet [14].

Dataset Method â1 ∼ âC [%] ROM
[kB]

RAM
[kB]

#MACs [k]

CIFAR-10
Proposed

(max. Acca) 79.0∼81.6 665 10 1033∼1945
(min. #MACs) 42.4∼62.7 138 5 172∼382

HarvNet 71.2∼77.6 n.d. 118 200∼347

MNIST
Proposed

(max. Acca) 98.7∼99.0 220 3 131∼460
(min. #MACs) 98.1∼98.6 141 3 91∼366

HarvNet 98.4∼98.6 n.d. 6 14∼14.1

FMNIST
Proposed

(max. Acca) 90.7∼91.1 211 6 388∼803
(min. #MACs) 89.6∼89.8 154 2 128∼296

HarvNet 83.9∼93.2 n.d. 29 30∼1114

Chars74K
Proposed

(max. Acca) 50.9∼66.3 167 8 407∼719
(min. #MACs) 40.1∼62.0 260 4 143∼422

HarvNet 70.9∼83.7 n.d. 21 59∼220

obtained by our method is larger than the one obtained by
HarvNet, but it is still small enough to be run on a low-power
microcontroller.

B. Energy Neutral Operation (ENO)

In this set of experiments, we evaluate the accuracy achieved
by the DNNs obtained by different NAS methodologies when
being driven by different energy management policies. We use
a simulator written in Python to simulate the energy harvesting
device and the energy management policy. Historical energy
harvesting traces are obtained from the PVGIS platform1, at
the location (50° 42’ 28.4544” N, 3° 50’ 57.1776” E) on the
4th of May 2017.

We evaluated the accuracy Accsim and the relative difference
in remaining energy ∆Erem at the end of the day

∆Erem =
Erem(N)− Erem(0)

Erem(0)

of an EE-DNN obtained by our EENAS over the FMNIST
dataset while varying the peak wattage of the solar panel from
3W to 5W and the battery capacity Emax from 300mAh to
600mAh. We compare the obtained accuracies with the ones
obtained by a SotA method [14] and an oracle agent who has
a perfect knowledge of whether the output of an early exit is
correct or not at the time of inference. We assume an accurate
energy harvested prediction (i.e., Ēharv(n) = Eharv(n) ∀n ∈
{0, . . . , N−1}) and we set Erem(0) = 0.5 ·Emax, N = 48 and
K = 60.

The results of the experiment, presented in Figure 6, show
that our methodology achieve Accsim values close to the ones
obtained by the oracle (with differences in accuracy ranging
from 0.02 to 0.04), for each energy constraint, while per-
forming strictly better than the related work (with differences
in accuracy ranging from 0.07 to 0.36). Furthermore, these
close-to-optimal accuracies are obtained while achieving ENO:
the values of ∆Erem are always greater than zero (i.e., the
requirement specified in Eq. (5) is never violated) and there

1https://re.jrc.ec.europa.eu/pvg_tools/en/tools.html

https://re.jrc.ec.europa.eu/pvg_tools/en/tools.html
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Fig. 6: Achieved accuracy Accsim and ∆Erem values for different solar panel’s peak power and battery capacity Emax for our
proposed approach, an oracle, and the HarvNet [14] on a real solar energy trace.

is, at worse, a surplus of energy of 11% of Erem(0) at the
end of the day. Our methodology scales well as the energy
requirements become more relaxed, being able to utilize more
energy to achieve higher accuracy values.

On the contrary, the SotA method performs poorly when the
energy constraints are unbalanced (i.e., high battery capacity
and low peak power), reaching accuracies as low as 14%. It
also often violates the ENO constraint (40% of the tested pairs
of constraints), by as much as 39% of the initial energy. As
the constraints get more relaxed, the method does not utilize
all the energy available and often leaves a surplus of energy
at the end of the day that is greater than the one obtained by
both the Oracle and the proposed approach.

None of the energy management policies violate the mini-
mal energy constraint specified in Eq. (4).

C. Energy Management Overhead

We evaluated the overhead of our energy management
policy when deployed on a in terms of computational overhead
(time) and energy of the three algorithms for energy neutral
budget computation (Eq. (8)), determining a maximal exit
schedule (Eq. (9)), and finally choosing an early-exit based
on its entropy (Algorithm 1). We measured the cumulated
execution time and energy overhead required to compute the
energy budgets, for solving the UKPs shown in Eq. (9) and
for the online policy shown in Algorithm 1 with C = 6,

K = 60 and N = 24, for an entire day. We performed the
measurements on the aforementioned NRF52840 SoC. The
measurements, displayed in Table II, show that the overhead
of our energy management policy is negligible compared to
the rest of the workload of the sensor node: according to our
energy model, the energy cost of a single inference of an
EE-DNN of 1.2M MACs is around 20 mJ, which is about
the same amount of energy than the overhead of the energy
management.

TABLE II: Measured overheads of the three energy manage-
ment policy tasks cumulated over a full day (24h).

Measurement Time [ms] Energy [mJ]

Energy-neutral budget computation 78.3 4.3
Maximal Early-Exit scheduling 302.4 16.6
Entropy-Aware Online Policy 2 0.11

V. CONCLUSION

In this work, we presented a novel multi-objective ex-
ploration and optimization methodology for EE-DNNs under
given energy and device resource constraints in energy har-
vesting IoT systems. Furthermore, we contributed a strategy
for runtime energy management (EM) by selecting the best
early exit of the EE-DNN for each inference while ensuring
ENO. Our results on four machine learning vision datasets



show that our approach can explore feasible EE-DNNs that
achieve high accuracy while still allowing ENO. Furthermore,
our results show that we outperform related work in accuracy
when driven by our energy management policy in a simulated
energy harvesting system, while having similar memory and
computational requirements.
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