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Abstract—Wearable devices are becoming increasingly popular
for health and activity monitoring applications. These devices typi-
cally include small rechargeable batteries to improve user comfort.
However, the small battery capacity leads to limited operating
life, requiring frequent recharging. Recent research has proposed
energy harvesting using light and user motion to improve the
lifetime of wearable devices. Most energy harvesting approaches
assume that the placement of the energy harvesting device and
sensors required for health monitoring are the same. However,
this assumption does not hold for several real-world applications.
For example, motion energy harvesting using piezoelectric sensors
is limited to the knees and elbows, while a sensor for heart rate
monitoring must be placed on the chest for optimal performance.
To address this challenge, we propose a novel dynamic energy
management approach referred to as DIET for wearable health
applications enabled by multiple sensors and energy harvesting
devices. The key idea behind DIET is to harvest energy from
multiple sources and optimally allocate it to each sensor using a
lightweight optimization algorithm such that the overall utility for
applications is maximized. Experiments on real-world data from
four users over 30 days show that the DIET approach achieves
utility within 10% of an offline Oracle.

I. INTRODUCTION

Wearable devices have the potential to transform health
and activity monitoring by providing accurate and objective
measures of users’ health for enabling personalized treat-
ments [1, 2]. Despite this potential, the adoption of wearable
devices has been limited because of low battery lifetime and the
need for frequent recharging [3]. Energy harvesting (EH) has
been heralded as an effective method to increase the battery life
of wearable devices. EH methods harvest energy from ambient
sources, such as light and motion, to autonomously recharge the
battery in wearable devices [4, 5]. Studies show that ambient
light can provide up to 0.1 mW/cm2 (indoor) – 100 mW/cm2

(outdoor) power density [4], while user motion can generate up
to 7.8 μJ per step when walking [6]. Ambient light and user
motion are ideal sources of energy for wearable devices since
they can be easily integrated as patches on clothes [5]. The
wearable device can learn the activity patterns of the user to
optimize both EH and consumption to meet user needs.

Energy harvesting and management algorithms for wearable
devices typically assume that consumption and harvesting take
place at the same location on the human body [4, 5]. However,
this assumption is not true for many applications that require
multiple sensors or devices for monitoring the user’s health. For
instance, the activity recognition approach in [7] places inertial
motion unit on the chest, whereas motion energy is typically
harvested from joints. Therefore, there is a strong need for
algorithms that consider the energy harvested from multiple

sources on the body and dynamically allocate it to a network
of wearable sensors on the body.

This paper presents a general approach for dynamic energy
management (DIET) in wearable devices with multiple energy
harvesters and consumers. The overall goal of DIET is to
enable recharge-free operation of the system over a period
of time while maximizing the utility to the user. The key
challenge is that energy available from ambient sources is
highly stochastic, and an effective algorithm should account
for this inherent uncertainty. Therefore, we propose a novel
robust optimization formulation to explicitly reason about the
worst-case uncertainty and direct the energy available in each
harvester to a battery or a sensor node as a function of the
application requirements and target energy constraints. The
primary components of the DIET approach are shown in
Figure 1. We start by dividing each day into T equal intervals.
At the beginning of each interval, the sensor nodes estimate
their future energy requirements and send their requests to the
harvesters. Similarly, each harvester estimates future energy
availability and uncertainty to determine the energy available
for distribution in the current interval such that the total energy
consumption over a day equals the harvested energy. Using
the energy available to distribute, each harvester solves a
lightweight convex optimization problem to fulfill the requests
by the sensors while maximizing the total system utility. The
solutions obtained at the beginning of the interval are not
optimal due to uncertainty in harvested and consumed energy.
Therefore, at the end of each interval, we apply corrections to
the energy allocations so that system constraints are met.

We evaluate the DIET approach on a wearable system
with four sensor nodes and five EH devices with real-world
activity data from four users over thirty days and calculate
the overall utility to the user. We also implement a baseline
approach presented in [8] and an offline Oracle that provides
the optimal solutions. Comparisons to the baseline show that
DIET achieves 189% higher utility for all users. Moreover, the
utility achieved by DIET is within 10% of the optimal with
less than 0.0003% overhead. The specific contributions of this
paper are summarized below:

• A novel robust optimization formulation to manage the
energy in a system with multiple harvesters and sensors

• A lightweight algorithm to distribute the harvested energy
across multiple sensor nodes as a function of the user
activity while maximizing the total system utility.

• Experimental evaluation on a real-world benchmark with
thirty days of operation to show the robustness of DIET.

1369978-3-9819263-6-1/DATE22/ c©2022 EDAA



Fig. 1: High-level overview of the DIET approach.

II. RELATED WORK

Wearable devices have gained prominence recently due to
their applicability in health applications such as Parkinson’s
disease diagnosis and rehabilitation [2, 9]. These devices must
have a small form-factor for user comfort [3]. As a result, the
battery capacity of wearable devices is severely constrained,
which leads to a low operating lifetime [10].

EH has been proposed as an effective method to increase
the lifetime of wearable devices [4–6, 11]. EH from ambient
sources must be managed optimally to ensure that sufficient
energy is available for the applications. For effective manage-
ment, it is important to predict the energy available in the
future [11, 12]. In a wearable device, the future energy depends
on the activities and location of the user. Therefore, activity
prediction is crucial to have an effective energy management
system. Several approaches have been proposed to predict
future activities of the user [13, 14]. In particular, Bayesian
Networks (BNets) have been used extensively in activity pre-
diction. Following the success of BNets in prior work, we adopt
them in the DIET approach to predict future activities.

Several algorithms have been proposed for runtime manage-
ment of EH devices [8, 11, 15–17]. The work in [8] proposes
an energy allocation scheme for sensor nodes with multi-source
EH. The approach first assigns an energy budget from multiple
EH sources and then uses it to determine the energy allocation
of tasks in the sensor node. However, this approach suffers
from two key limitations. First, the energy allocation decisions
are made by a central manager, which is not feasible in a real-
world scenario with multiple harvesters and sensors. Second, it
does not consider the maximization of the application utility,
which is one of the critical components for the quality of
service. Furthermore, future application needs and EH potential
are not taken into account. To address these limitations, the
DIET approach uses a finite horizon stochastic optimization to
maximize the utility of the application. Specifically, it obtains
energy using multiple harvesters on the body and allocates it
to the sensors while maximizing the utility.

III. OVERVIEW AND PRELIMINARIES

We consider a system with M sensing nodes with processors
and N energy harvesters mounted on the body, as shown in
Figure 1. The set of sensors and harvesters is denoted by S
and H, respectively. The M sensors are used to monitor the
activities of the user and report them to a host device, such

as a smartphone, for long-term analysis. The energy harvesters
obtain energy from ambient light and user motion to power
the sensors used in the application. We also consider that all
sensors and harvesters have dedicated batteries to store energy.

User activities and EH typically follow a pattern with day-
to-day variations. To account for these variations, we perform
the energy management with a one-day horizon. The one-day
horizon is further divided into T intervals of equal length to
account for intra-day variations in activity and EH patterns. The
set of intervals in a horizon is denoted by T . With this setup, our
goal is to ensure that the sensors operate on harvested energy
without the need to recharge their batteries manually.

Battery dynamics at each harvester: The battery energy of
a harvester hi ∈ H at the beginning of interval t is denoted
as EB

hi
(t) (t ∈ T ). In each interval, the harvested energy at

harvester hi is given by the random variable EH
hi
(t), while the

energy transferred by the harvester to sensor sj is given by
ET
hi,sj

(t) (sj ∈ S, hi ∈ H). Using this, we can express the
battery level at the beginning of interval t+ 1 as:

EB
hi
(t+ 1) = EB

hi
(t) + ηEH

hi
(t)−

M∑
j=1

ET
hi,sj (t), hi ∈ H, t ∈ T

where η is the EH efficiency. Note that the battery level at
the end of a horizon (day) is equal to the battery level at
the beginning of the next horizon, i.e. EB

hi
(T ) = EB

hi
(0). To

achieve operation on harvested energy, sufficient energy must
be present in the battery at the end of the horizon so that the
next horizon can start without manual recharging. Therefore,
we introduce a target energy constraint on each harvester as:
EB
hi
(T ) = EB

hi
(0) ≥ ET , hi ∈ H, where ET is the battery target.

Battery dynamics at each sensor: Let us assume that the
battery energy of sensor sj at the beginning of interval t is
EB
sj (t) (sj ∈ S, t ∈ T ). At the beginning of each interval, the

sensors receive energy from the harvesters based on the requests
made by the sensors. We denote the total energy received by
sensor sj at interval t as ER

sj (t). The energy consumed by the
sensor in interval t is given by Ec

sj (t). Consequently, the battery
energy at the beginning of the next interval is:

EB
sj (t+ 1) = EB

sj (t) + ηER
sj (t)− Ec

sj (t), sj ∈ S, t ∈ T (1)

Similar to the harvesters, the battery level at the end of a hori-
zon is equal to the energy at the beginning of the next horizon,
i.e EB

sj (T ) = EB
sj (0). We also impose target energy constraints

on the sensor battery levels as: EB
sj (T ) = EB

sj (0) ≥ ET , sj ∈ S.

Application and utility function: DIET is applicable for any
wearable application such as vital sign monitoring and activity
monitoring. The energy required by the application in each
interval is a function of the user activities. For instance, if
the user is jogging, we must sample the sensors with high
frequency to capture the activities and heart rate accurately.
We model the change in sampling frequency of sensor sj as a
function of activity with duty ratio ρsj (t), i.e., the percentage of
time in an interval that the sensors are active. We can calculate
the energy required in each interval for each sensor as:

EReq
sj (t) = [ρsj (t)[P

a
sj + P com

sj ] + (1− ρsj (t))P
idle
sj ]TP (2)

where TP is the length of the interval, and Pa
sj , P com

sj , and P idle
sj
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are the active, communication, and idle power consumption. If
the energy consumed by the sensor sj in an interval t is equal
to the required energy EReq

sj (t), it means that the user gets the
required quality of service (QoS). However, the QoS is reduced
if the energy available to consume is lower than the required
energy. We define a utility function to model the QoS as:

Usj (t) = ln

(
Ec
sj (t)

EReq
sj (t)

∗ 100
)
, sj ∈ S, t ∈ T (3)

The utility function achieves maximum when the energy re-
quirements for an interval are met.

IV. ROBUST OPTIMIZATION APPROACH

A. Problem Formulation
The overall goal of DIET is to maximize the utility to the

user over each horizon while satisfying the battery dynamics by
reasoning about the uncertainty in EH. Therefore, we formulate
a robust optimization problem as shown below:

max O = E

[
T−1∑
t=0

M∑
j=1

ln

(
Ec
sj (t)

EReq
sj (t)

∗ 100
)]

(4)

s. t. EB
hi
(t+ 1) = EB

hi
(t) + ηEH

hi
(t)−

M∑
j=0

ET
hi,sj (t) (5)

EB
sj (t+ 1) = EB

sj (t) + ηER
sj (t)− Ec

sj (t) (6)

EB
sj (t) ≥ ET , E

B
hi
(t) ≥ ET , hi ∈ H, sj ∈ S (7)

Ec
sj (t) ≤ EReq

sj (t), sj ∈ S (8)

EB
sj (t) ≥ 0, EB

hi
(t) ≥ 0, hi ∈ H, sj ∈ S (9)

The objective function maximizes the total utility of all sensors
over the finite horizon. The first three constraints account for the
battery dynamics described in the previous section. Equation 8
constrains the energy consumption in each interval to the energy
required in the interval. Finally, Equation 9 requires that all
battery levels be non-negative at all times.

Key Challenges: The robust optimization problem outlined
above has a concave objective and linear constraints. Solving
this problem optimally at runtime is infeasible for the following
key reasons: 1) true values of the uncertain EH for the current
and future intervals within the finite horizon are unknown; 2)
wearable devices are constrained by computing and energy
resources needed to use a commercial solver to obtain the
solution. Therefore, DIET employs a two-stage approach to
efficiently solve the problem at runtime by reasoning about
the uncertainty in the EH. Our approach is guided by two
key insights: 1) We can use historical data about user activity
and energy harvest to design supervised learning algorithms to
predict the future expected EH and the corresponding uncer-
tainty. 2) The predicted values can then be used in a lightweight
optimization problem at each energy harvester to determine the
energy transfer to each sensor. Similarly, each sensor can decide
its energy consumption based on the predicted activities and
available energy. In the following, we detail these steps.

B. Machine-Learning Based Activity and Energy Prediction
The energy availability is a function of the user’s activity,

location, and the duration of the activity. Therefore, we develop
an activity prediction model as the first step in DIET.

Activity Prediction: Activity prediction is a supervised learn-
ing problem where input features of the system state s, φ(s) are
used to make predictions of the activities. We use the ground
truth activity values A∗ to train the supervised learning algo-
rithm. Prior studies have shown that there exists a conditional
dependence between consecutive activities of a user [13, 14].
Following this, we use the following features for the activ-
ity prediction algorithm: {Current activity (An), Current user
location (Ln), Time of the day (τn) and Day of the week
(dn)}. These features are used to train a Dynamic Bayesian
networks (DBN) for activity prediction. We use a DBN since
they have been successfully used to predict activities [13] and
they provide a lightweight solution to predict activities on the
wearable device. The output of the DBN prediction is the future
activity An+1 at any given time instant n.

The final consideration in the activity prediction is to predict
the duration of the next activity once it starts. To this end, we
use a decision tree to obtain the duration of the next activity.
The features used by the decision tree include the current
activity, location, time, day, next activity, and next location.

Estimation of Future Energy Harvest: The DIET approach
uses piezoelectric sensors and photovoltaic (PV) cells to power
the wearable health application. The energy harvested by piezo-
electric sensors depends on the level of movement of the joints
where the sensor is attached [6]. Using this insight, we can
assign an intensity for each user activity and use it to calculate
the energy available from the piezoelectric sensors. The motion
intensity is then combined with the piezoelectric energy model
proposed in [6] to estimate the energy available in the future
and make energy management decisions.

The energy harvested by PV cells depends on the irradiance
of the light, which in turn depends on the location of the
user. Therefore, we use the DBN described in the previous
section to first predict the location of the user. The location is
then used to predict the light irradiance in either outdoor or
indoor conditions [18–20]. The irradiance is used along with
the current-voltage characteristics of the employed PV cell and
activity duration to estimate energy available in the future.

C. Energy Management at Sensor Nodes

The energy management problem at each sensor node in-
volves estimating future energy requirements, sending energy
requests to harvesters, and deciding the energy consumption
in the current interval. We start by estimating the energy
required in an interval t using the predicted activity, location,
and the duration in Equation 2. However, the estimation of
energy required in the current interval alone is not sufficient to
satisfy the target energy requirements at the end of the interval.
Therefore, we maintain an exponentially weighted moving
average (EWMA) of energy requirements in each interval over
all observed horizons. Specifically, the historical average for
each interval Ehist,sj (t)(sj ∈ S, t ∈ T ) in a sensor is given by:

Ehist,sj (t) = αĒhist,sj (t) + (1− α)Ec
sj (t) (10)

where α < 1 is a weighing factor and Ēhist,sj (t) is the
EWMA of the consumption up to the current horizon. Using
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the historical average, the energy required in the rest of the
horizon, Êsj (t)(sj ∈ S, t ∈ T ), to maintain the battery target is:

Êsj (t) = Etarget −
[
EB
sj (t)− Êc

sj (t)−
T−1∑

k=t+1

Ehist,sj (k)

]
(11)

If the value of Êsj (t) is greater than zero, it means that the
current battery level is insufficient to meet future energy needs.
Therefore, the sensor must request energy from the harvesters.

It is crucial to choose the appropriate harvester when request-
ing energy since the energy availability in each harvester varies
as a function of the user activity and requests the harvester
receives. We model the problem of choosing the harvester
for energy requests as a multi-armed bandit and use the ε-
greedy policy for bandits to choose the best harvester in each
interval [21]. Specifically, each sensor maintains a numerical
preference for each harvester based on the energy received
from the harvester in the past. Then, the harvester with the
highest preference is selected with a probability of 1 - ε, while
a random harvester is chosen with a probability of ε. The ε-
greedy approach ensures that all harvesters are explored by the
sensor. At the end of each interval, the harvester preferences
are updated to reflect the energy received from the harvester.

D. Energy Management at Harvesters

The energy management problem at each harvester is to
allocate energy to the sensors based on the available energy and
requests from sensors. To this end, we first find the expected
energy available in the current interval, ÊH

hi
using the activity

and location predictions. Similar to the sensors, each harvester
maintains EWMA of the historical energy harvest to account for
the uncertainty in the future harvest, EH

hist,hi
(t)(hi ∈ H, t ∈ T ),

in each interval of the finite horizon. The historical energy
harvest is then used to determine the energy available to transfer
while satisfying the target battery constraint as:

ÊT
hi
(t) = EB

hi
(t) + ÊH

hi
(t) +

T−1∑
k=t+1

EH
hist,hj

(k)− ET (12)

where ÊT
hi
(t) is the energy available to allocate and ÊH

hi
(t) is the

estimated energy in the current interval. The historical harvest
is updated at the end of each interval based on the actual EH
so that future allocations use the feedback from the actual EH.

The available energy ÊT
hi
(t) must be optimally allocated

to the sensors such that the total utility of the system is
maximized. As described in Equation 3, utility depends on
the ratio of sensor energy allocation and the actual energy
requirements in an interval. In turn, the actual energy consump-
tion depends on the activity of the user and the sensors most
critical to monitor the activity accurately. In order to model
the importance of sensors, the harvester assigns a priority to
each sensor γsj (An+1) as a function of the predicted activity.
Finally, each harvester hi ∈ H solves the following optimization
problem to determine the energy allocations for each sensor:

max O =
M∑
j=1

γsj (An+1) ln

(
ET
hi,sj

(t)

Êsj (t)

)
(13)

s. t.
M∑
j=1

ET
hi,sj (t) ≤ ÊT

hi
(t) & 0 ≤ ET

hi,sj (t) ≤ Êsj (t) (14)

The first constraint specifies that the total energy allocation to
sensors does not exceed the available energy, while the second
constraint ensures that all energy allocations are non-negative
and less than the sensor request.
Lightweight Solution: We consider two cases for solving the
above convex optimization problem with linear constraints. In
the first case, the harvester has sufficient energy to fulfill all
the sensor requests. In this case, the solution is trivial, and
the values of ET

hi,sj
(t) are set to the respective requests. In

the second case, the total available energy is lower than the
requests. We obtain a closed-form solution to the second case
by using the Karush-Kuhn-Tucker conditions [22]. Specifically,
the energy transferred to each sensor is given by:

ET
hi,sj (t) =

γsj (An+1)∑M
j=1 γsj (An+1)

ÊT
hi
(t) (15)

The solution specifies that the energy transferred is determined
as a function of the normalized priorities. Intuitively, this
ensures that the most important sensor to the activities receives
the highest energy, which in turn improves the application
utility. At the same time, lower priority sensors are not starved
of energy so that they contribute to the application utility as
well. We omit the proof of the solution due to space constraints.
In summary, the closed-form solution ensures that the energy
management has negligible overhead.

V. EXPERIMENTAL EVALUATION

A. Experimental Setup

Wearable device model: We use a health monitoring device
with four sensors and five energy harvesters. Specifically, we
consider Texas Instruments (TI) CC2652 microcontroller [23]
with inertial motion units (IMU), one stretch sensor [24], and
one ECG sensor for monitoring the user activities. We charac-
terize the power consumption of the TI CC2652 microcontroller
using a digital multimeter. The stretch sensor is passive in na-
ture and consumes energy only when it is communicating data
to the processor. Therefore, we only consider communication
power for the stretch sensor. We obtain the power consumption
values of the ECG sensors from the study reported in [25].

The wearable device used also includes five EH modules.
Specifically, we include piezoelectric sensors on the knees and
elbows (a total of four locations) so that they can harvest energy
when the user’s legs or hands are moving. The system also
includes an SP3-37 [26] flexible PV-cell to obtain energy from
ambient light. The PV-cell is mounted on the user’s shoulder
to allow maximum exposure to ambient light.

User activity benchmark and pre-processing: We use the
ARAS activity data benchmark [27] to obtain traces of user ac-
tivities. The ARAS benchmark contains activity data collected
from two houses with four users over 30 days. It includes a total
of 27 activities collected in a smart home environment. We first
pre-process the activity labels to merge the redundant activities.
For example, the ARAS benchmark classifies cooking and
eating breakfast, lunch, and dinner separately. We merge these
labels as cooking and eating, respectively. At the end of pre-
processing, we have nine activity labels: {Active, cook, eat,
clean, sleep, leisure, work, care, and other}. The activities are
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then used in the EH model presented in Section IV-B to obtain
the energy available for each of the activities.

DIET parameters: The hyperparameters for DIET include the
weight α for the EWMA filter and the learning rate for the
multi-armed bandit. We set α to 0.5 since it has shown good
results in prior work [11]. The learning rate for the multi-armed
bandit is set to 10−3 so that sensors can adapt to changes in EH
patterns. The time horizon is set to 24 hours, and each interval
is 1 hour. The battery target is set to 5 J.

Oracle solution: We use the CVX [28] package to obtain an
Oracle solution to the optimization problem in Equations 4–9.
The Oracle uses actual energy harvest and consumption over
the entire horizon, which is not feasible in a runtime solution
due to the lack of future information.

Baseline solution: We use the approach proposed in [8] as a
baseline for comparisons. The baseline approach first obtains
an energy budget from multiple energy sources using the
algorithm in [15]. The energy budget is then allocated to tasks
on the sensor nodes such that the amount of data transmitted is
maximized while avoiding power failures. While not practical
due to the central energy manager, it provides a useful baseline
to analyze the effectiveness of the solutions obtained by DIET.

B. Validation of Activity and Energy Prediction
To evaluate the accuracy of the activity and duration predic-

tion models, we first use 14 days of data to train the initial DBN
for each user. The remaining 16 days are used to perform the
initial accuracy analysis before updating the DBN at runtime.
With the initial training, we achieve 30% activity prediction
accuracy for user 1, which is insufficient for effective energy
management. Therefore, we continuously update the DBN as
new data is observed at runtime. Table I shows the activity
prediction accuracy for all the users after completing the online
updates. As we can see, the accuracy for user 1 has improved
to 56%, while the accuracy for other users is about 62%. The
accuracy for user 1 is lower since the activities of the user
have a higher degree of randomness compared to other users.
We also note that the accuracy of activity prediction achieved
in this work is comparable to the prediction accuracy of prior
approaches [13]. The second column of the table also shows
that the duration prediction approach achieves more than 85%
accuracy for all the users. The high accuracy ensures that we
make accurate predictions of energy harvest.

The predicted activity and duration are used to predict the
energy available in an interval. The last three columns of Table I
show the mean absolute error of energy prediction for all the
users. We observe that the error in motion EH is lower than
0.5 J for all the users. The error in light energy prediction
is higher due to the higher magnitude of difference between
outdoors and indoors energy. For instance, user 4 has a higher

TABLE I: Activity and duration prediction validation accuracy

User
Act.
Acc.

Dur.
Acc.

Light Energy
MAE

Motion Energy
Hand (MAE)

Motion Energy
Leg (MAE)

1 56% 88 0.70 0.05 0.03
2 63% 87% 10.47 0.15 0.12
3 68% 88% 6.06 0.15 0.10
4 73% 86% 19.41 0.33 0.27

error because the user spends most of their time outside, which
leads to higher variations due to weather changes. Overall,
the higher error for light energy is acceptable since we apply
corrections to the energy allocations at the beginning of each
interval as a function of the actual energy.

C. Utility Comparison with Baseline and Oracle
One of the primary objectives of DIET is to enable the long-

term operation of the device on harvested energy. To this end,
we simulate DIET over a period of 30 days for each user. Then,
we compare the utility obtained by the Oracle, DIET and the
baseline, as shown in Figure 2. The DIET approach closely
follows the utility of the Oracle for users 2, 3, and 4. In contrast,
the baseline approach has a significantly lower utility. This is
because the baseline is unable to learn the user’s activity and
EH patterns. The utility of DIET is lower in the first few days
because it has not learned the activity and EH patterns of the
users. Once DIET learns the activity patterns of the user, it
quickly adapts and achieves utility that is equal to the Oracle.
User 1 experiences higher variation in the utility due to the
highly stochastic nature of the activities. Moreover, the total
EH for user 1 is lower than other users, due to which DIET is
unable to distribute the energy as effectively as the Oracle. The
baseline approach achieves higher utility than DIET on days
4, 5, and 6 for user 1. This is because the baseline allocates
lower energy on the first three days with lower utility and
uses the saved energy on days 4, 5, and 6. However, it fails
to adapt to the changes in the EH pattern after day 6. The
average utility achieved by DIET for user 1 is within 35% of
the optimal, which shows that DIET works effectively for users
with stochastic activities and energy harvest. In summary, the
utility of the DIET is within 10% of the optimal for all users.

D. Evaluation of Energy Allocations by DIET
In this section we compare the performance of DIET with

the Oracle in terms of the energy consumption. Figure 3 shows
a comparison of the energy consumption of the four sensors
for user 1 on a specific day. The blue dotted line shows the
energy requirement in each hour, while the red and black
(dashed) lines show the Oracle and DIET, respectively. We
observe that the Oracle follows the required energy level for
the stretch sensor and the ECG. The DIET approach has a
lower energy consumption in the early hours because it does
not have knowledge of the future and conserves energy. During
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Fig. 4: Combined energy allocation comparison of proposed algorithm to the
optimal for a) user 1, b) user 2, c) user 3, and d) user 4 over 30 days

the later hours of the day, the sensors have sufficient energy to
follow the energy requirements. The IMU sensors have a higher
energy requirement due to their higher power consumption. The
Oracle is unable to meet the energy requirement in all intervals
because sufficient energy is not available in the system. The
DIET approach also has to consume lower energy during the
initial parts of the day due to insufficient energy. However, there
is sufficient energy in the battery during the later parts of the
day to meet the energy requirements.

Finally, we compare the total energy consumption for all
four users for 30 days in Figure 4. This comparison allows us
to verify whether the total energy consumption of the DIET
approach matches the Oracle. The total energy consumption
of the DIET approach closely follows the Oracle, except for
few days. The energy consumption of DIET is higher than the
Oracle on some days because of the fact that DIET consumed
lower energy in the previous days. The surplus energy is used in
the following days to achieve a higher utility. In summary, these
results show that DIET closely follows the energy consumption
of the Oracle for all four users.

E. Implementation Overhead

We implement the DIET approach on the CC2652 processor
to characterize its execution time and energy overhead. We
observe that the lightweight optimization algorithm to allocate
energy used by each harvester takes about 0.05 ms to execute,
which is negligible compared to the interval length of one hour.
Similarly, the bandit update algorithm takes about 0.09 ms for
each sensor. The energy consumption for the two algorithms is
0.60 μJ and 1.18 μJ, respectively. The energy overhead is less
than 0.0003% of the typical EH value.

VI. CONCLUSION

Wearable devices are transforming activity and health mon-
itoring with the ability to record user data continuously. How-
ever, their widespread usage is still constrained by energy limi-
tations. Recent work has proposed ambient energy harvesting as
an effective solution to augment the battery of wearable devices.
However, most energy harvesting methods assume that the
placement of the harvester and sensors is the same. The DIET
approach addresses this issue and performs dynamic energy
management with multiple harvesters and sensors. Specifically,
we harvested energy from multiple sources and allocated it to
the sensors while maximizing the utility. Experiments on a real-
world dataset showed that DIET achieves utility that is within
10% of the optimal Oracle solution.
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