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Abstract—To respond to variations in solar energy, harvested-
energy prediction is essential to harvested-energy managent
approaches. The effectiveness of such approaches is depend
on both the achievable accuracy and computation overhead
of prediction algorithm implementation. This paper preserts
detailed evaluation of a recently reported solar energy prdiction
algorithm to determine empirical bounds on achievable accracy
and implementation overhead using an effective error evalation
technique. We evaluate the algorithm performance over varing
prediction horizons and propose guidelines for algorithm m@- ‘ ‘
rameter selection across different real solar energy profés to Time
simplify implementation. The prediction algorithm computation ) ] o
overhead is measured on actual hardware to demonstrate pre- Fig- 2. Solar energy measured on 6 days [6] showing varidtioenergy
diction accuracy-cost trade-off. Finally, we motivate thebasis for ~received during different times in a day and across daysh et represents
dynamic prediction algorithm and show that more than 10% energy received during a 5 minutes interval
increase in prediction accuracy can be achieved compared to
static algorithm.
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photovoltaic panels [1]. The amount of solar energy reckate
different times in a day and across days can vary signifigantl
. INTRODUCTION (Fig. 2). Under these conditions, considering the constisain

Use of ambient energy harvesting to design perpetuaffyStem components, the performance requirements can be met
powered embedded systems (Fig. 1) has received much -constantly adapting the application’s energy consumnpti
tention in recent years [1]. Realizing such systems thattmd@ match energy harvested from the environment. To this
application’s performance and availability requirememisy €nd, approaches for harvested-energy management have been
be non-trivial depending upon many factors. This includédoposed that adapt the system to uncertainty in energy avai
efficiency of energy harvester in converting ambient ener@pility by predicting the expected incoming energy [2,3}4,
to electrical energy, non-ideal behaviour of power exteact [N case of solar energy, this is possible by capitalizingten i
circuits and energy storage, constraints on sizes of hnveg4-hour cycles to predict energy availability.
and energy storage capacity, and variability of ambientggne Kansal et al. [2] were the first to propose a simple solar
source. Solar energy harvesting has been increasinglpykspl energy prediction algorithm to support their harvesteergy
to design energy harvesting embedded systems due toMM@nhagement approach. The predictor was based on the obser-

relatively high harvested energy density and falling casdts Vvation that energy generation during a given time slot of day
was similar to that generated at the same instant on previous

days and it can be estimated using an exponentially weighted
moving average of historical data. Moser et al. [3] used sim-

ilar prediction in their proposed adaptive power managdémen

Embedded™ framework. Recently, Recas et al. [5] proposed an improved
Application solar energy predictor by using past and current day’s power
: - measurements in the prediction algorithm. Noh et al. [4]

! have used a similar principle for prediction in their minimu

. variance energy allocation. Recently, Bergonzini et al. [7
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compare the prediction error and computation requirements
\- e : Y, of different prediction algorithms.
arvested-cner anagemen .
. The effectiveness of harvested-energy management [2] 3,4,

Fig. 1. Components of a typical energy harvesting embedgistera with IS Sensitive to accuracy of prediction algorithm. This has
harvested-energy management functions been acknowledged in previous works, nevertheless, there




is a lack of clear justification how the prediction accuracy

should be best quantified. The accuracy of prediction algori Ey K1 K 6

is dependent upon parameters such as number of samples L oBnkd é(n‘—1) é(‘n) R

of energy source taken per day or the length of prediction £

horizon and window sizes of historical source data samples Eo 1 ”K:k ""1 A ”T N
used. At the same time, these parameters also determine the !

overhead of performing prediction algorithm operationsl an

memory requirement for storing historical power samples.

Since harvested power is often limited, it is important tomi = = =

imize the energy consumption overhead of harvested-energy < & gt > D
management activity, including prediction. In previousrkg ‘E’ Sl

[2,3,4,5,7] the choice of prediction parameters have besadb

largely on specific cases, and no comprehensive evalua®n h

been presented using different parameter choices andsacros P ' . e |y

J

multiple data sets that clearly identifies the extent of eratf
between prediction accuracy and its cost. Fig. 3. Graphical depiction of the prediction algorithm [5]

In this paper we consider how prediction accuracy of solar
harvested-energy can be evaluated and applied to evaluate R ~
achievable accuracy of a recently reported improved solar enp1 = a-e(n) +(1—a) up(n+1)- ek 1)
energy prediction algorithm [5] using multiple real solar |, Equation 1,a is a weighting parameter with value<

energy data sets. The algorithm performance is measured by | The determination of and other algorithm parameters

varying energy harvesting source sampling rates (or predig explained shortlyup () is the average of power measured
tion horizons) and trade-off in prediction accuracy andt cog; beginning of slotg € N in the pastD days:

is obtained based on implementing prediction algorithm on

actual hardware. We analyze results across different wgrki Zg e(i, §)

conditions to give guidelines to simplify prediction algbm’s pp(j) = % (2)
parameters tuning, which ensures that high accuraciesean b

achieved without the need to optimize for different working ®x is @ conditioning factor foy.p(n + 1) and its compu-
conditions. Finally, we motivate the case for dynamic pdation depends on parametir€ Z*, which is the number of
rameters prediction and show that on average greater tifS considered before sloi { 1) of the current day (Fig. 3).
10% higher accuracies can be achieved compared to the stdtic iS @ measure of how much brighter or cloudy the current
algorithm. The paper is organized as follows. The predicti¢lay is compared to previous days [5]. It is evaluated using
algorithm is explained in Section II. Section Il discusses Equation 3, which is a weighted average of ratis) € H
prediction error measurement method. Section IV presefiduation 4), where each ratigk) compares the current day's
a detailed evaluation of prediction algorithm followed by &€asured power (of a slot) to past days’ average. The weights
discussion of dynamic prediction. Section V concludes tHék) € ©x (Equation 5) decrease from 1 tb starting at slot

paper. n since slots earlier than are assumed to be less correlated

[I. PREDICTION ALGORITHM to the future slot + 1) [5].
To present detailed analysis on prediction accuracy and -

overhead, we first describe the prediction algorithm in j&j a Dy = (Ok)” - Hg (3)

introduce the algorithm’s parameters. For energy manageme Zszl 0(k)

and prediction, a day is discretized imdequal duration time ~

slots. Incoming power sampling and prediction are perfarme n(k) = en—K+Fk) (4)

once per slot and the slot’s length is the prediction horidan pp(n — K + k)

predict the future slot power, the algorithm [5] uses meadur

power values:(i, j) € Epyn of the lastD € Z* days’ slots. 0(k) = L (5)

It also uses measured power valigs) € Ey of the current
day’s elapsed slots. The mati%y« y and the vectoE y are The predicted power given by the algorithm in [5] consists
shown in Fig. 3. Assume that at presentc N slots have of two terms, Equation 1. In this paper, the first of these term
elapsed on the current day shown shaded in Fig. 3eanglis is labeled as the persistence term and the second one is the
the measured power value at start of slofThe poweré,; conditioned average term. The persistence term determines
at the beginning of slot+1 (marked with a '?’, Fig. 3) needs how much slotn power value contributes to the predicted

to be predicted. In Fig. 3;p(n+1) denotes average of powervalue, while the conditioned average term is the contrivuti
measured at beginning of all + 1 slots in lastD days. The of averaged pasftn + 1)th slots scaled by the conditioning
predicted power is a combination of present slot poé(er) factor ®x. The parametetr weighs these two contributions.
and the averaggp(n + 1) of predicted slot# + 1): Fig. 3 shows that the parametér controls how many past



days influence the predicted value, while the paraméfer resolution compared to 5 minutes). This leads to realistic
determines the influence of previous slots of the current daypodeling of prediction error when using Equation 7.

For a given sampling rate of solar power per day)( Since determination of prediction accuracy needs to adcoun
to select values of parametess D, and K from their set for prediction error outcomes of a large number of sample
of possible values, Equation 1 is evaluated using differepoints, a suitable average error function is required. Root
values of each parameter over a target solar power data Metan Squared Error (RMSE) is a commonly used measure
to find the minimum value of an error function. The valu®f determining estimation accuracy [8], however, RMSE is
of error function depends on input solar power data and thensitive to large outliers and its value is dependent olesca
parameters’ ¢, D, K and N) selected values. The values obf data. This makes use of RMSE non-intuitive for evaluating
parametersy, D, and K that minimize the error function at a harvested-energy prediction since sudden large fluctumtio
given sampling ratel) is the optimized set. The next sectiorin solar energy profile are difficult to model with simplistic
presents the details of the proposed error evaluation tggbn (heuristic) prediction algorithms and may give large exalr

ues (outliers) that can bias the average results. Mean Afesol
lll. PREDICTION ERRORMEASUREMENT Error (MAE) does not suffer from this aspect but it is also

In this section we discuss an error evaluation technig@éta scale dependent, making comparison of prediction per-
that accurately models the prediction error and is inteity formance across different solar power data sets non-iveuit
allow comparison of prediction algorithm across differsoiar I this paper, we use Mean Absolute Percentage Error (MAPE)
power data sets. We suggest how predicted output shouldfégction (Equation 8) which is independent of data scale.
compared so that the result is representative of the acttal e 1
and which error function to use to compute averaged error MAPE = —Z (8)
to model overall losses in prediction. To motivate our error T
calculation technique, Figure 4 shows a section of measuredn Equation 8,7 is the the total number of predicted values.
solar power profile of a day. Slot boundaries are indicat&imilarly, we also defin@/ APE’ based orerror;, instead of
and in each slof\/ power samples are available. For instancerror, (see Equation 6 and 7) and it will be used to compare
if slot length isT = 30 minutes (V = 48) and sampling Prediction algorithm’s parameters optimization resuisgtion
resolution of available data is 5 minutes theh= 6. Power [V-B). Since solar energy arrives in large bursts mainlyinigr
samples at start of each slot are indicated and these ardysefnid day, for harvested-energy management it is relevant to
prediction algorithm (Section II) to predict future slotyper. Mmeasure accuracy of prediction during this time. Thergfore
The energy received during a slet can be obtained from night-time values (zero) where prediction is accurate it n
its mean powee,, by ¢, x T. Harvested-energy managementseful, and small values at start/end of a day where predicti
system estimates the energy of sloby using the predicted errors are not meaningful for evaluating prediction perfor

errory,

€n

power valueé,, ;1 asé, 1 x T. mance, should not be included in average prediction error
In previous works [2,5], the prediction error of a slet calculation (Equation 8). This prevents the average ptiedic
(error!) is expressed as: error to be influenced by points outside region of interebe T

specific approach adopted to achieve this is mentioned in the

/ é i .
ErTor!, = €nt1 — ént1 (6) next section

. . . . , IV. EVALUATION AND DESIGN EXPLORATION
Since predicted power is used to estimate a slot's energy, we

argue that it is more realistic to compare the predicted povv%- Setup

to mean power of a slot to express prediction error: We evaluated the recently proposed prediction algorithm [5
using publicly available solar irradiance data of ten défe
error, = €, — éni1 (7) sites [6], out of which six sites (Table 1) are selected that

demonstrate variety in solar energy profile variations. ise
The value ofe,, will be more accurate if solar powerof multiple sites with large of number of recorded obsernvagi
samples data is available at a high resolution (e.g., 1 mingtempts to validate the proposed algorithm over long term
deployment conditions (different number and distributiain
A Slot n-1 Slot n Slot n+1 sunny and cloudy days in each irradiance trace) and indepen-
Sy 6 N 5 > dent of the deployment location.
/f"il.ﬂ —1 = To present the algorithm evaluation results, the range
s N of values used for the algorithm parameters aré: =
{288,96,72,48,24}, 0 < o < 1,2 < D < 20 and
1 < K < 6. These values are exhaustive to capture the
main trends as shown by results in the following sections.
T2 M M 12 For a given N, the objective is to find the optimized set
Samples of prediction algorithm parameters (weighing factor), K
(previous slots) and> (number of past days) for each solar
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T

Fig. 4. A section of solar power samples profile showing skmiiriglaries,
samples per slot, slot energy calculation, and mean sloepow



TABLE | TABLE I
DETAILS OF THE DATA SETS USED PREDICTION ERROR AND PARAMETER VALUES USING DIFFERENT ERROR
EVALUATIONS AT N = 48 FOR SIX SOLAR POWER DATA SETS

Data Set Location Observations Days Resolution

SPMD co 105,120 365 5 minutes Dataset| a D K MAPE'|a D K MAPE
ECSU NC 105,120 365 5 minutes SPMD | 02 19 1  4207% | 07 20 1  15.80%
. ECSU | 02 20 2 3289% | 07 20 3  13.45%
ORNL N 525,600 365 1 minute ORNL | 04 20 3 3661% | 07 20 3  17.22%
HSU CA 525,600 365 1 minute HSU | 04 20 3 2690% | 07 18 3  14.01%
NPCS NV 525,600 365 1 minute NPCS | 00 15 1 17.17% | 06 20 2  8.06%
PFCI AZ 525,600 365 1 minute PFCI 02 20 3 1393% | 06 20 3  659%

power data set, which minimizes the average predictionmerghai the values of average prediction errors MAPE are
MAPE. The sample values considered in the average Qg nificantly lower compared td/ APE’. Also, the obtained

calculation are at least 10% of the peak value for reasop§ es of prediction algorithm parametess (), andK) differ
discussed in Section lll. The evaluation is performed forsdapanyeen the two error evaluations, especially the value.of

21 1o 365 as this allows matrix of past days samfles.n  These results indicate that prediction algorithm’s patanse
used in the prediction algorithm to be filled fér = 20, and  htimization is affected by choice of error function beside
it also ensures that an equal number and same sample val{igSgitference in obtained average error values. As distliss
are used for average error calculation irrespective of reimb, seaction Ill, the average error values resulting frofl PE

of past days ). o . optimization capture the differences in predicted andivece
To evaluate the prediction algorithm on actual hardware, t'%nergy more accurately.

following set-up has been used [9]: Next, we evaluate the prediction algorithm using different
o Test board: MSP-TS430PM64. values of prediction horizons. The two issues we want to
« Microcontroller: TI MSP430F1611 (3V@5MHz). address here are:
« Compiler: Code Composer Essentials 3.2. 1) How much influence does varying prediction horizon or
Fig. 5 shows the steps in computation of prediction algo-  sampling rate per day\) have on prediction accuracy
rithm in hardware. Most of the time, micro-controller remsi and associated overhead?

in deep sleep mode in which only the Wake-Up timer is 2) Based on analysis across multiple solar power data sets,
running. The MSP430 wakes up according to the number of  can we arrive at some guidelines to simplify tuning of
predictions per dayX), enables the voltage reference used in parameters, K andD independent of specific data set?
Analog-to-Digital (A/D) conversion and waits in sleep mode Tq address the first issue, Table Ill shows prediction error
until the voltage settles. It then launches the A/D coneersi o five values of N and the optimized values of parameters
and waits for it to complete (again in sleep mode). When A/, and D for each of six data sets. As can be seen for all
conversion is complete, it shuts down the voltage regulatefata sets, prediction accuracy increases with increass, in
executes the prediction algorithm and re-enters in deegpsl§yiih predictions errors less than 9% in all casesVat= 288,
mode. a gain of up to 9% compared & = 48.

Table IV gives the energy consumption of power sampling
) _ o _ (A/D conversion) and prediction algorithm execution at som

Having proposed the error evaluation function in Sectibn ”parameters’ configurations. The energy consumption during
we show the diﬁerencg in results betwgen average predictlg/stem sleep mode per day is also given. As can be seen,
error measurement using/ APE (Equation 8), which uses e a/D conversion for sampling the power consumes the
average slot power to calculate error, compared#d PE’, ik of energy and prediction algorithm uses an additional
which uses error between estimated and actual sampled POWES to 9.J depending upon its parameters’ values. Taking
at the beginning of slot. Table Il shows two sets of optig,,j as roughly the typical energy consumption of prediction
mization results for, D and K with N = 48 samples g|qqrithm, the total energy consumption per day of predicti
per day for different solar power data sets. In the first Sefeivity is given in last row of Table IV. If this is comparex i
MAPE' has been used as the cost function while the secofghext of energy consumption of sleep mode, it is intengsti
set has been obtained by minimizidg AP E function. Note 4 note that the total energy consumption of the sampling and

prediction activity combined folV = 48 (2.880mJ per day)

B. Prediction Algorithm Evaluation

T on ntemal voliage is still small compared to the total energy consumption of
o toe (1o sleep mode (356mJ per day), indeed just 0.8%. If we consider
Vior WakelUp interrupt the extreme ofN = 288 (17.28mJ per day), it is 4.85% of
@ Sample sleep mode energy consumption. Comparing the increase in

s) and go to sleep Interrupt overhead with increase in accuracy, it can be seen that using
A/D Convegion Interrupt N = 288 achieves an average error of less than 9%, or an
i PO improvement of 7-10% in average error compared to N=48
next sampling in high variability data sets (Table Ill). Fig. 6 gives theab

) o ) o energy consumption at different values df per day as a
Fig. 5. Description of power value sampling and predictiexquence.



TABLE Il
PREDICTION RESULTS AT DIFFERENT VALUES ORV.

Data Set N « D K MAPE MAPEQK =2

4.85%

%Overhead

SPMD 288 1 nia nla ) ot ;

9% 08 20 1 10.27% 10.39% 162% ) 5104

0.81%

72 0.8 20 1 12.36% 12.47% ’—‘ O 0.40%

48 07 20 1 15.80% 16.10% ‘ ‘ —

24 0.6 12 2 20.35% n/a 288 926 72 48 24
ECSU 288 1 nla nla 0 ot N

9% 08 20 2 9.39% nia

72 0.8 20 3 11.11% 11.19% . o . .

s 07 20 3 13.45% 13.51% Fig. 6. Prediction algorithm overhead at different

24 06 19 1 18.24% 18.51% . . .
ORNL 288 1  wa ia  831% 2 irrespective of_ the data set used to obtain IM\AP_E

96 08 20 3 14.42% 14.47% while conserving samples storage memory requirement

7208 20 4 1572% 15.88% of prediction algorithm.

48 0.7 20 3 17.22% 17.43% . . . ..

24 06 12 2 21.43% n/a o «: Table Il indicates thaty = 0.5 to 0.6 gives minimum
HSU 288 09 20 1 6.00% 6.01% average error afV = 24, and forN = 288 o ~ 1 is

9% 08 20 4 10.80% 10.88% ; ;

. T<a<

> o8 w0 s 12110 12.300¢ deswgble For other va_Iues of in .bgtween,o T<a<

48 07 18 3 14.01% 14.11% 0.8 with 48 < N < 96 gives the minimum average error.

24 07 12 2 19.19% n/a o K: The last column of Table Il show that™ = 2 gives
NPCS 288 0.9 20 1 3.91% 3.92% H s

% 07 20 3 6.78% 6 80% an average error that is very close to minimum error value

72 06 20 2 7.40% nla obtained for all data sets.

‘2‘2 g'g 28 i g'gg;‘: ng% Based on empirical results, we have presented the above
PECI 288 09 20 4 3.45% 3.46% guidelines to achieve optimized design. Note that due to

9% 07 20 5 5.64% 5.77% the heuristic nature of prediction algorithm and stocleasti

72 06 20 4 5.92% 6.08% ‘g .

48 o6 o0 3 o 5o% 6 68% characteristic of sol_ar energy profiles, value_snceindK need

24 05 10 2 8.97% nla to be selected for different solar energy profiles. Consetiye

nfa: not applicable we suggest guidelines instead of an exact method to determin

+N=288 is not defined for this data set since the resolutioratd det samples pseudo-optimal values ef and K.

is 5 minutes o ] ] ]
C. Prediction with Dynamic Parameters Selection

percentage of the sleep mode energy consumption. In Section IV-B we have shown that increasing the
Table Il shows that as value oV approaches 288, thep,ryested-power sampling rataV) always results in higher
value ofa tends to 1. Value ofv ~ 1 implies that prediction ,eqiction accuracy at a higher energy consumption ovethea
algorithm is ma_|nly relying on the currently sampled_powe\y\/e also showed that as more number of past ddys dre
value to determine the predicted value, ane- 1 essentially cqnsidered, the average prediction error decreases abljce
means that current value can be used to predict the enefgiia |y with the rate of decrease soon becoming insigaiit.
These results show that using high values6f need for |+ can also0 be noted that across different data sets as well
using the pred|ct|9n algorithm is reduped but at the same tlrﬁS at different values ol for a given data set, the average
energy consumption overhead is dominated by power samplifiyiction error was minimized for combination of paramete
of ADC and not by prediction activity. . ~« and K that varied for these different cases. From these
We now address the issue of simplifying tuning of predictiogpservations, it can be concluded that although there is a
algorithm parameters across different solar power protes fived trend in average error values whahor D are varied,
achieve low average errors in different working conditions he average error value with a giveld and/or a depends

o D: Fig. 7 shows the values dff APFE versusD at N = on variations in solar power profile. In other words, for a
48 using values ofa and K obtained in Table IIl. It
can be seen that beyond a certéirvalue, further gains 0.2
in accuracy are smallD can be set to value of 10-11 x\\ 2 ceen
0.18¢ KX%%HHH 1| ><ORNL
%y —¥-HsU
TABLE IV IR e e
ENERGY CONSUMPTION OF POWER SAMPLING AND PREDICTION 014l K&&j@ﬁ%% N
ALGORITHM. 2;:
= 0.2t -
Hardware Activity Energy/Cycle
A/D conversion 551 0.1 ;\S% 7
A/D conversion + Prediction (K=1x=0.7) 58.6:J ~0-6-0¢
A/D conversion + Prediction (K=7¢=0.7) 63.4uJ 008 o T
A/D conversion + Prediction (K=7¢=0.0) 61.5:J 0.06— j 3 j : j j j ;
Low power (sleep) mode LA@3V 356mJ per day 2 4 6 8 10 12 14 16 18 20
A/D conversion 48 samples per day@&5 264QuJ per day
AID conversion + prediction 48 times per day@®@0| 288QuJ per day Fig. 7. MAPE trends with increasingD for different data sets




. i TABLE V
given value of N and D, values of K and o may be varied Resyits FOR DYNAMIC PARAMETERS SELECTION VARYING BOTHy AND

at different points in a profile to minimize error at these K, ONLY K AT A FIXED o AND VICE VERSA.
points compared to using certain fixed values that minimize

- . 2 Static K+« K only a only
the average error across the yvhole. pro_ﬂle (Se.ctl_on IV-B). Data Set N MAPE MAPE o MAPE K MAPE
To demonstrate the potential gains in prediction accuracy spmp 288 000%  000% 1 000%  nia 0.00%
by dynamically varyinga and K, Table V gives the values 3*23 ig;égﬁo ging; g-‘s‘ 573;113//0 g 2-3%
of average errors with dynamically changing betrand K, 18 1580%  643% 03 1063% 6  Bo1%
changing onlyK at a givena and vice versa. These averaged 24 20.35% 6.95% 03 13.08% 3  11.21%
error (M APE) values in Table V are calculated using the min- ECSU 288 000%  0.00% 1 000% nfa 0

. . .. . . 96 9.39% 3.76% 0.3 6.32% 6 4.85%
imum prediction error at every prediction, which is obtaine 79 1111%  4.44% 03 740% 6  568%
by evaluating the Equation 1 for values @< « < 1 and/or 48 13.45% 537% 03 892% 6  6.93%
1 < K < 6 to obtain the minimum prediction error. This 24 1824% 616% 03 11.25% 3  10.37%
. . . ORNL 288 8.31% 3.85% 0.2 6.07% 6 4.68%
constitutes a clalr\_/oya_nt approach tp §e|ect the idealegabd 06 14.42% 640% O  935% 6  7.69%
« and/or K that minimizes the prediction error. Table V also 72 1572% 672% O  1009% 6  8.10%
; ; : ; ; 48 17.22% 7.38% 0.1 11.34% 6  9.26%
gives average error obtameq using static parametersigetti s o143 73006 02 1204% 3 12.05%
(from Table Ill) for comparison. Whenk is dynamically AsuU 288 6.00%  2.75% 03 446% 6  3.43%
changing, a fixed value ofv has been chosen for which 96 10.80% 4.60% 01 7.19% 6  576%
‘e mini 72 1211% 515% 02 814% 6  6.49%

average error is minimum among other valuesrofrhe same 48 14016 S50% 02 93%% 6 7360
consideration has been made wheris changed. Note that 24 19.19% 592% 03 11.21% 3  10.11%

maximum gains in average error compared to static parameter

algorithm are achieved when boti and a are adapted, yone ysing a recently proposed prediction algorithm, itss a
followed by adapting only: at a giveni. Furthermore, these 5 jicable to other solar energy prediction algorithmssitne
gains of dynamic algorithms compared to static algorithtfimensions or parameters considered in this paper areajener
increase asV is decreased. This is a useful outcome SINGE conext of prediction algorithms. Finally, we explordtbt
the implementation overhead of dynamic adjustment will ins of extending to dynamic parameters selection ahyorit

minimized at a smalledV. It is interesting to note that the 54 found that more than 10% gains can be achieved depend-
dynamic algorithm accuracy aVv = 48 is higher than the ing upon the length of prediction horizon.

accuracy of static algorithm @ = 288. Observing the best
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(K only’ and 'a only’ columns), we find that these values The first two authors would like to thank the EPSRC-UK for
of o and K are different from the pseudo-optimum valuesunding this work in part under grant number EP/E035965/1.
suggested in Section IV-B. Lower values of and higher Also, this work is partially supported by the Spanish Gov-

K values give better results when the other parameteor( ernment Research Grants TIN2008-00508 and CSD00C-07-
K) is dynamically set at every prediction. A low implies 20811.

that effect of conditioned average term (Equation 1 doneimat
while a high K dampens the effect of conditioned average
term due to consideration of more previous slots (Sectiin 1[1] W. K. Seah, Z. A. Eu, and H.-P. Tan, “Wireless sensor neka@owered

indli ; ; by ambient energy harvesting (WSN-HEAP) — survey and chgédls,”
It should be noted that the indicated error values with dyicam in Proc, VITAE '09, May 2009, pp. 1.5,

parameters’ selection are minimum achievable since arl idg& A Kkansal, J. Hsu, S. Zahedi, and M. B. Srivastava, “Pomanagement
approach is used to select best parameters at every point.in energy harvesting sensor network8CM TECS vol. 6, no. 4, p. 32,

[T i i~ 2007.
These results show that it is promising to develop dynan}l'ac] C. Moser, L. Thiele, D. Brunelli, and L. Benini, “Robustna@ low

parameters selection algorithms that can achieve lessl®fan complexity rate control for solar powered sensors, Piroc. DATE ’08,
average error without the need to use higher sampling rates. March 2008, pp. 230-235.

[4] D. K. Noh, L. Wang, Y. Yang, H. K. Le, and T. Abdelzaher, “Mmum

V. CONCLUSION variance energy allocation for a solar-powered sensoesysin DCOSS

'09: Proceedings of the 5th IEEE International Conference on Distributed

In this paper we have evaluated prediction accuracy of solar Computing in Sensor Systems. ~ Springer-Verlag, 2009, pp. 44-57.

harvested-energy prediction based on recently reporteel pp! J: Recas, C. Bergonzini, D. Atienza, and T. S. Rosingetiation and
dicti | ith QY_II? that th btained y pb e Fﬁs management in energy harvested wireless sensor node3;bin VITAE
iction algorithm. To ensure that the obtained numbers were g9 may 2009, pp. 6-10.

indicative of the real performance, we reconsidered théceho[6] “NREL: Measurement and Instrumentation Data Center &) Home
i ; i i iant i Page.” [Online]. Available: http://www.nrel.gov/midc/

of error evaluayon function to achieve this ObJeCtlve' m‘lﬁl.g] C. Bergonzini, D. Brunelli, and L. Benini, “Algorithmsof harvested
data fro_m mUI“PIe_ real SOl_ar power measurements a.-nd IM- energy prediction in batteryless wireless sensor netwoiksAdvances

plementing prediction algorithm on actual hardware, défe in sensors and Interfaces, 2009. IWAS 2009. 3rd International Workshop

it ; ; ead on, June 2009, pp. 144-149.

predlctlon horizons were tes_ted and CompUtatIQn overh i?j R. J. Hyndman and A. B. Koehler, “Another look at measweforecast
measured. BaSEdlon .resultmg YaIU?S of algorithm par"f‘met accuracy,"International Journal of Forecasting, vol. 22, no. 4, pp. 679 —
we suggested guidelines to simplify parameters’ tuning for 688, 2006.

different working conditions. Although this evaluation sva[®! “Texas instruments.” [Online]. Available: http:/fwwtkcom/

REFERENCES



