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ABSTRACT
Prediction of Wi-Fi and cellular signals is a challenge as the signals fluctuate with time.
There is no definite trend or seasonality associated with the signals. The prediction of random
stochastic signals has always been a challenge. Wi-Fi and cellular signals are ambient energy
sources and can be used for energy harvesting non-volatile processors. This thesis discusses the
prediction of such stochastic events using statistical prediction algorithms to predict the outcome
of next few time periods. Based on these predicted power profiles, I am calculating the energy
required to power an NVP module and check when the processor backs up, restores or runs.
Hence, it becomes imperative on our part to predict these signals such that there is a healthy
balance between performance and overheads. I created a simple NVP simulator to calculate the
number of backups required for both the actual and the predicted energy profiles. A comparison
was made and was found that the model was efficient in predicting the backup cycles.
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Chapter 1
Introduction
The concept of energy harvesting is not a new one. Years ago, people had started looking
for alternate sources of energy in the form of wind power using windmills. Efforts have been
made to capture and store power from external sources like solar energy, wind energy, thermal
energy, Radio frequency, etc. This energy can in turn be used to power sensor networks and
battery less systems. This process of capturing and storing energy is known as energy harvesting
[10].
Battery-less systems are the next big thing in this age of computing. With the
advancement in the field of technology and computing, it will not be a surprise if many new
systems are powered by ambient sources of energy bringing about a radical change in sensor and
monitoring technology. Battery-free systems will be the next big thing in this world if we are able
to harvest sufficient amount of energy using the ambient sources.
This thesis deals with the use of RF signals to forecast the future patterns of these energy
sources so that they can be used to harvest power in wearable devices and prevent/ predict future
occurrences with good performance and minimum overheads. I am also building an NVP
simulator to check for the number of backups required during the entire cycle of a processor.

Forecasting
The main objective in this thesis is to be able to forecast future values based on the past
values of the power signals with a good performance and less overheads. The question arises,
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what is forecasting? It is a process by which one can predict the future trends or values of the data
based on the analysis of past and present available data.
In this thesis, I have used time series as a tool for prediction. With time series forecasting,
one uses a model (typically a time series model) to forecast the future values of the series based
on previously available data. The time series might be seasonal or non-seasonal implying there
might be a cycle or repetition of data values or it might just be randomly distributed with no clear
cycle or pattern. More details on time series analysis is discussed in the next section.

What is time series analysis?
Time series analysis consists of methods to analyze time series data for the purpose of
extracting characteristics of the data and any relevant statistics associated with it. Time series
forecasting involves using a model to predict future values based on previous values. These
values have a temporal ordering i.e., the values have an ordered sequence at equal intervals of
time, hence the term, time series data. A key feature in time series analysis is that the data points
taken over time may have an internal structure (such as autocorrelation, trend or seasonal
variation) and should be considered for analysis [12].
There are various methods employed to examine and analyze a time series data. The
following list gives us few such methods [13]:


Explanatory analysis



Curve fitting



Function approximation



Prediction and forecasting



Classification



Regression analysis
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Signal estimation



Segmentation

In this thesis we are dealing with prediction and forecasting of the signals. Predictive
inference is one of the approaches to statistical inference, which typically means taking a sample
population, gaining knowledge about it and then extrapolating the knowledge to the whole
population, and to other related populations. However, when information is transferred across
time, especially to specific points in time, the process comes to be known as forecasting [13].

Tools used for forecasting
Usually for forecasting on time series, statisticians use a number of automated statistical
software and programming languages like R, Python, SAS, SPSS, Minitab, and so on. The
programming language that has been used in my work is R mostly with some usage of Minitab.
A typical time series has some key characteristics and one of the characteristics is
seasonality. If the data depicts any specific or predictable changes in its behavior which recur at
regular intervals, it shows seasonality. However, if there is no such definite pattern of recurrence,
the data is said not to show any seasonality.
There are various methods used in time series analysis which deal with such kind of data.
Some of the methods are as follows:


Method of simple averages



Ratio to trend method



Ratio-to-moving-average method



Link relatives method



Exponential smoothing
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I have used exponential smoothing method to my data as there was no fixed seasonality
that was characteristic of the data. It is a rule of thumb method for smoothing the time series by
passing the data recursively through low pass filters and exponential window functions [14]. The
details of this type of smoothing technique is discussed in chapter 2. Chapter 3 discusses the
methodology used in this work, chapter 4 consists of the results of the simulation and I finally
conclude the thesis in chapter 5.
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Chapter 2
Background
Energy harvesting as defined in the first chapter, refers to the process where the energy
from the ambient sources can be captured and stored to power sensor and battery-less systems
[10]. The details of this process is discussed in the next section.

Energy harvesting
Low energy electronics are the main consumers of the power supplied by energy
harvesters. The ambient background serves as the source of energy for the energy harvesters. The
main advantage of it being, it is free of cost unlike the conventional energy sources like coal, oil
or any other fuel. Some examples of the ambient background energy profiles which serve as
sources to energy harvesters are temperature gradients existing from the operation of a
combustion engine and significant amount of electromagnetic energy in the urban environment
existing due to radio and television broadcasting [10].

Energy harvesting and its applications
As mentioned earlier, the main purpose of energy harvesting from ambient sources is to
power sensors. As the number of sensors are increasing by the day, it gives us all the more reason
to get an efficient source for battery-less systems [11]. However, it does not come with its own
disadvantages. The harvested power being small and the sources being unreliable lead to power
outages, voltage fluctuations leading to low voltages, power failures, different intermittency and
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granularity of power on time [4, 6, 13, 11]. Thus, using traditional volatile processors, becomes a
problem. Whenever a power failure occurs, which in this case is very frequent, the state is not
restored and the processor resets. This leads to a roll back every time power shuts down and
consequently loss in the progress of computations. This is however, not an issue with non-volatile
processors as they save the computation state every time power failure occurs and thus, can
restore the state whenever the power comes back on. Thus, unlike in the case of volatile
processors, there is no roll back and computational progress is not lost. This is a significant
advantage of non-volatile processors (NVPs) over the volatile processors (VPs). Hence, whenever
there is a specific task to be finished, NVPs take shorter time compared to VPs [11].
Before we can discuss regarding which architectures are best suited for such energy
profiles, we need to be wary of the drawbacks of ambient sources of energy. One of the
drawbacks is that these energy sources operate at relatively low conversion efficiencies. This
means that only a small fraction of the total transmitted power can be tapped. Secondly, these
power sources are easily disrupted by external factors like ambient RF power can vary, depending
on power source, frequency, distance from the transmitter, height, obstacles, external
electromagnetic signals and many other factors. This makes them highly unreliable [1]. Hence, it
becomes imperative on our part to store this energy in a non-volatile module so that these factors
do not affect the processor badly.
Applications such as electrocardiogram (ECG) analysis, which require uninterrupted
monitoring capabilities would need a more reliable energy source. Applications that require tasks
to be completed in a stipulated amount of time, also need a constant reliable power source and
cannot afford to lose any forward progress in computations. Thus, it becomes imperative to
enhance these battery-less systems with some techniques to ensure forward progress, or at least,
save its current state in case of a power loss [11]. Thus, non-volatile processors come into play.
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In the following sections I will be explaining how a typical energy harvesting system
works, the typical ambient sources and their characteristics and a comparison between volatile
and non-volatile processors.

Typical energy-harvesting system structures
Figure 2-1 shows a typical energy harvesting system [1]. The three main blocks shown
are: (a) the energy harvesting and management block, (b) the digital signal processor, and (c) the
I/O interface including the analog/RF front-end designed to reduce power consumption. The
energy harvesting and management block provides for the power needed for signal sensing,
processing and transmission. The signal processor can have a volatile or non-volatile design but
non-volatile is preferred so that we can save the previous state and not lose progress. The I/O
interface is not in the scope of this work [1].

Figure 2-1. Energy harvesting system structure.
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Ambient power sources and harvesting techniques
Typical ambient energy sources that could be used for energy harvesting for an
embedded system include solar energy, radio frequency (RF) radiation, piezoelectric effect and
thermal energy [1]. They have three key characteristics based on which they can be classified:
signal magnitude, variability in signal strength, and granularity of variation/intermittency
frequency. The magnitude of harvested power or signal magnitude determines the complexity and
frequency at which the system can operate. The variability in signal strength determines the
reliability of the source and the intermittency frequency determines how soon the power drops
below a given threshold as seen in Figure 2-3 a) [1] hence determining the backup and recovery
overheads [1]. Figure 2-2 shows the different power profiles and the ranges [1].

Figure 2-2. Power ranges of ambient sources.

Figure 2-3 shows power traces for four typical ambient energy sources [1]. The RF, piezo
and thermal energies are measured as described in [21]–[23]. Solar power can also be obtained by
means of a photovoltaic cell exposed either to direct sunlight or to indoor lighting. This solar
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energy can be converted to electrical energy which needs to be collected carefully using an
energy harvesting circuit to convert low voltage energy into a more usable form [30].
On analyzing the figures, we see a significant fluctuation in power, even over a few
milliseconds for RF in Figure 2-3a). The ratio between the maximum and minimum power over
this period is around 250× [20], [25], [26]. We can observe that piezo power is more stable than
RF with just some power loss in Figure 2-3b). Thermal power is even more stable, because of the
gradual nature of temperature variation. Fluctuations in solar power is dependent on the weather
conditions and orientation of the solar cell. The thermal and solar power traces are shown in
figures 2-3 c) and d) respectively.

Figure 2-3. Power traces a) TV RF b) Piezo electric c) Thermal d) Solar

The different energy sources and the associated conversion circuitry (such as rectifiers,
DC-DC convertors, voltage boosters) are responsible for influencing the effective power supplied
to the processor.
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Volatile or non-volatile processors
The drawbacks of ambient sources listed in earlier sections makes it difficult to use the
harvested energy in volatile processors. Thus, a non-volatile (NV) processor is essential to
overcome these drawbacks by saving the computational states ensuring higher efficiency in
forward computational progress [1].

Figure 2-4. VP vs NVP progress comparison.

Figure 2-4 shows the behavior differences between an NVP and VP [1]. Whenever there
is a power failure, a VP resets. An NVP on the other hand saves the intermediate state when
power turns off and restores it when the power comes back on. This saving of the intermediate
state is called backup. For such cases, we use a passive capacitor which provides the energy
necessary for backup. So when an NVP enters the backup phase after a power failure occurs, it
uses energy from this capacitor to back up the intermediate computation state. Then, as the power
comes back, there needs to be a check if there is sufficient energy available in the capacitor for
the next back up to occur. If there is, then the state is restored else the processor continues to
remain in the sleep state till there is sufficient energy. A VP however, just resets when power fails
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and immediately resumes when power comes back at the cost of loss of forward progress. There
have been some modifications made to VPs to make them more efficient. One of them is adding
periodic check points to save the processor state. If there are more checkpoints, there is less
eventuality of a rollback [16].
Figure 2-4 gives a clear idea regarding the differences in the behavior of a volatile
processor with periodic check-pointing to an external NV memory and a NV processor when
working under fluctuating power source conditions. Both processors can run only if the input
power crosses a certain threshold. However, the volatile processor does not save the current state
of the system and hence, when the power drops below threshold, it is forced to roll back only to
the previous check-pointed state limiting forward progress. However, it works better than the VPs
without checkpoints where forward progress is lost completely. Here, it is lost only partially. On
the other hand, the non-volatile processor does not have such issues and ensures forward
progress. The only drawback with non-volatile processors is that they may consume more power
than the volatile processors because more power is required for a non-volatile read and write
operation. As a result, determining the degree of non-volatility to ensure efficient forward
progress is a major challenge and a lot of work has been done on it [1].
To implement these power profiles on the architectures, one has to be able to predict
them with some accuracy so that the processors can be tuned accordingly. In the next section I
will be explaining various forecast methods used to predict the power profiles of the ambient
sources.
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Exponential smoothing
Exponential smoothing is a technique used for smoothing time series data applying
recursively low pass filters and exponential window functions [14]. The different types of
smoothing functions are:


Simple moving average



Weighted moving average



Simple exponential smoothing



Double exponential smoothing



Triple exponential smoothing

Exponential smoothing forecasting methods basically make use of constants that assign
weights to current data and previous forecasts to predict the new forecast [15]. These constants
are hence the weights assigned to the current and previous data. The value of these weights
determine the accuracy of the forecasts with respect to the actual demand. In the moving average
method, these weights are equally applied to the past observations while in the exponential
methods, as the observations lie further in the past, the weights assigned decrease exponentially.
Depending, on the deviation of the forecasted data from the actual data we get forecast errors.
Forecast errors can be minimized by using some smoothing constants. There are various error
functions used in forecasting like Mean Absolute Deviation (MAD) or Mean Squared Error
(MSE) or Root Mean Squared Error (RMSE).
There are two very popular smoothing models, one of them is simple exponential
smoothing and the other is double exponential smoothing. In double exponential smoothing, the
time series has a trend adjustment. Simple exponential smoothing does not take into account the
trend of the data which is taken care of in double exponential smoothing.
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Simple exponential smoothing
This type of smoothing is also called single exponential smoothing. It is suitable to be
used in data which show no typical trend or seasonality. In this case, the expected data is just the
level with a few random variations around the mean. The forecast Ft+1 for the future period is the
estimate of average level Lt at the end of period t [15].
𝐹𝑡+1 = 𝐿𝑡 = 𝐹𝑡 + 𝛼(𝐷𝑡 − 𝐹𝑡 ) = 𝛼𝐷𝑡 + (1 − 𝛼)𝐹𝑡

(1)

Here α is the smoothing constant whose value can vary anywhere between 0 and 1. Dt is
the most recent estimate of the average level and Ft is the previous estimate of that level. The new
estimate of level is essentially a weighted average of Dt and Ft. If α is closer to one, it implies that
more weight is given to the recent observations. Smaller values of α suggest that the older values
are given more weight. In other words, the new forecast is not very different from the older
observations. Here we need to assume or estimate an initial forecast F1 [15].

Double exponential smoothing
This type of smoothing is suitable for data showing trend in addition to the level
component. The forecast Ft+1 for the future period is the estimate of both the level and trend
components at the end of period t [15].
𝐹𝑡+1 = 𝐿𝑡 + 𝑇𝑡

(2)

Where Lt and Tt are the estimates of the level and the trend at the end of period t
respectively.
𝐿𝑡 = 𝛼𝐷𝑡 + (1 − 𝛼)𝐹𝑡
𝑇𝑡 = 𝛽(𝐹𝑡 − 𝐹𝑡−1 ) + (1 − 𝛽)𝑇𝑡−1

from (1)
(3)
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β is also a smoothing constant like α and its value lies between 0 and 1. Both α and β can
be set independently. Again as in the case of simple exponential smoothing, an initial level
component L1 and an initial trend component T1 need to be estimated or assumed to start the
forecasting [15].
The next chapter discusses the methodology applied in this thesis to get the predictions of
the available input power profiles.
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Chapter 3
Methodology
The model used for the work in this thesis is simple exponential smoothing. The data
used for the model are RF power signals collected using Wi-Fi. These power signals are random
with certain sharp drops and rises which are necessary to be captured. The signals are in microWatts collected at a sampling time of 0.2 seconds. There are other models which I tried using
before using this particular model. I used linear regression models with logarithmic functions,
square root functions and made a generic power transform. The linear regression models did not
show a good fit for the data.

Linear regression models
I will explain the validity of the linear regression models based on the diagnostic plots
generated on fitting the models in R. These diagnostic plots indicate whether the model is a good
fit or not and why. As earlier stated, I have used three kinds of linear regression models,
logarithmic, square root and a generic power transform model. The following sub sections under
this section clearly explain the validity of these models based on one of the datasets I have used. I
have tested it on the other datasets as well but I have provided the analysis for just three of them.
Logarithmic model:
Data 1: 6.03+0.0075*log(x)
Data 2: 3.49+0.0146*log(x)
Data 3: 4.66+0.0114*log(x)
Square root model:
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Data 1: 32.05+0.1583*sqrt(x)
Data 2: 31.53+0.1621*sqrt(x)
Data 3: 32.001+0.1569*sqrt(x)

Power transform model:
Data 1: 2.32+0.0025*x^ 0.1336171
Data 2: 3.59+0.0086*x^0.2149703
Data 3: 3.87+0.0081*x^0.2175647

With logarithmic transform

Figure 3-1. Diagnostic plot of fitted values and the residuals for log transform (data1)
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Figure 3-2. Diagnostic plot of fitted values and the residuals for log transform (data2)

Figure 3-3. Diagnostic plot of fitted values and the residuals for log transform (data3)

These plots clearly indicate that the models are not good fit. The residuals should have
zero mean meaning the model is not erroneous. The plots should have been centered on 0 for the
models to be good fit.
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Figure 3-4. Diagnostic normal Q-Q plot for log transform (data1)

Figure 3-5. Diagnostic normal Q-Q plot for log transform (data2)
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Figure 3-6. Diagnostic normal Q-Q plot for log transform (data3)

All regression models have to satisfy the condition of normality. It means that the
residuals of the actual and the predicted values should have a normal distribution. The points
should be lying on the line in the Q-Q plot for the condition to be satisfied. If the points are not
lying on the line, it means that the residuals in the predicted model do not follow the normal
distribution as those of the actual data. As we can see in Figures 3-4, 3-5, 3-6, many of the points
do not lie on the line, hence violating the assumption of normality. Thus, this is further evidence
that the models are not good fit.
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Figure 3-7. Plot of fitted values and sqrt (standardized residuals) for log transform (data1)

Figure 3-8. Plot of fitted values and sqrt (standardized residuals) for log transform (data2)
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Figure 3-9. Plot of fitted values and sqrt (standardized residuals) for log transform (data3)

For linear regression models, another important assumption is that the errors have a
constant variance. If the red line is parallel to the x-axis, it means the assumption is satisfied. As
we can clearly see in each of the Figures 3-7, 3-8, 3-9, the line is not parallel and hence, the
assumption is violated. Thus, these models cannot be considered good fit.

With square root transform
The logarithmic model was not a good fit. The variance of errors was not constant. So I
tried a square root transform. The resulting diagnostic plots are as follows.
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Figure 3-10. Diagnostic plot of fitted values and the residuals for sqrt transform (data1)

Figure 3-11. Diagnostic plot of fitted values and the residuals for sqrt transform (data2)

23

Figure 3-12. Diagnostic plot of fitted values and the residuals for sqrt transform (data3)

These plots are not straight lines centered on zero. Hence, these models are not good fit.

Figure 3-13. Diagnostic normal Q-Q plot for square root transform (data1)
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Figure 3-14. Diagnostic normal Q-Q plot for square root transform (data2)

Figure 3-15. Diagnostic normal Q-Q plot for square root transform (data3)

These plots have many points lying outside the line which clearly violates, the normality
assumption. Hence, these models cannot be considered good fit either.
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Figure 3-16. Plot of fitted values and sqrt (standardized residuals) for sqrt transform (data1)

Figure 3-17. Plot of fitted values and sqrt (standardized residuals) for sqrt transform (data2)
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Figure 3-18. Plot of fitted values and sqrt (standardized residuals) for sqrt transform (data3)

These plots should have the red line parallel to the x-axis for the assumption of constant
variance of errors to be satisfied. This, however, is not the case as evident from Figures 3-16, 317, 3-18. Hence, the models are not good fit for the data.
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With generic power transform

Figure 3-19. Diagnostic plot of fitted values and the residuals for power transform (data1)

Figure 3-20. Diagnostic plot of fitted values and the residuals for power transform (data2)
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Figure 3-21. Diagnostic plot of fitted values and the residuals for power transform (data3)

These plots are not straight lines centered on zero. Hence, these models are not good fit.

Figure 3-22. Diagnostic normal Q-Q plot for power transform (data1)
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Figure 3-23. Diagnostic normal Q-Q plot for power transform (data2)

Figure 3-24. Diagnostic normal Q-Q plot for power transform (data3)

These plots have many points lying outside the line which clearly violates, the normality
assumption. Hence, these models cannot be considered good fit either.
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Figure 3-25. Plot of fitted values and sqrt (standardized residuals) for power transform
(data1)

Figure 3-26. Plot of fitted values and sqrt (standardized residuals) for power transform
(data2)
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Figure 3-27. Plot of fitted values and sqrt (standardized residuals) for power transform
(data3)

These plots should have the red line parallel to the x-axis for the assumption of constant
variance of errors to be satisfied. This, however, is not the case in Figures 3-25, 3-26, 3-27.
Thus, it is clear that the above models were not a very good fit for the RF data. Hence, I
used time series to fit the random RF data.
I used a simple exponential smoothing model to fit the data. The method used is
described in the next section.

Simple exponential smoothing
The technique used for prediction of this model is called simple exponential smoothing.
The reason behind using an exponential smoothing model is because of the non-stationary nature
of the data. The data being so random, the conventional regression techniques fail to fit it and
predict it. Hence, it became imperative on my part to search for a different technique that would
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not only capture the data along with its sudden falls and rises but also predict the next instants of
the data.

It is suitable to be used in data which show no typical trend or seasonality. In this case,
the expected data is just the level with a few random variations around the mean. The forecast Ft+1
for the future period is the estimate of average level Lt at the end of period t [15].
𝐹𝑡+1 = 𝐿𝑡 = 𝐹𝑡 + 𝛼(𝐷𝑡 − 𝐹𝑡 ) = 𝛼𝐷𝑡 + (1 − 𝛼)𝐹𝑡

from

(1)

Here α is the smoothing constant whose value can vary anywhere between 0 and 1. Dt is
the most recent estimate of the average level and Ft is the previous estimate of that level. The new
estimate of level is essentially a weighted average of Dt and Ft. If α is closer to one, it implies that
more weight is given to the recent observations. Smaller values of α suggest that the older values
are given more weight. In other words, the new forecast is not very different from the older
observations. Here we need to assume or estimate an initial forecast F1 [15].

The simple exponential smoothing formula can be derived as follows:

𝐹𝑡+1 = 𝛼𝐷𝑡 + 𝛼(1 − 𝛼)𝐷𝑡−1 + 𝛼(1 − 𝛼)2 𝐷𝑡−2 + 𝛼(1 − 𝛼)3 𝐷𝑡−3 + 𝛼(1 − 𝛼)4 𝐷𝑡−4 +
⋯

(4)
𝐹𝑡 = 𝛼𝐷𝑡−1 + 𝛼(1 − 𝛼)𝐷𝑡−2 + 𝛼(1 − 𝛼)2 𝐷𝑡−3 + 𝛼(1 − 𝛼)3 𝐷𝑡−4 + 𝛼(1 − 𝛼)4 𝐷𝑡−5 +

⋯

(5)

Multiplying (1- α) on both sides of equation 5,

(1 − 𝛼)𝐹𝑡 = 𝛼(1 − 𝛼)𝐷𝑡−1 + 𝛼(1 − 𝛼)2 𝐷𝑡−2 + 𝛼(1 − 𝛼)3 𝐷𝑡−3 + 𝛼(1 − 𝛼)4 𝐷𝑡−4 +
𝛼(1 − 𝛼)5 𝐷𝑡−5 + ⋯

(6)
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Subtracting (6) from (4)
𝐹𝑡+1 − (1 − 𝛼)𝐹𝑡 = 𝛼𝐷𝑡
Or

𝐹𝑡+1 = 𝛼𝐷𝑡 + (1 − 𝛼)𝐹𝑡

which is (1)

Why is it called “exponential”?
The name 'exponential smoothing' is given because we use the exponential window
function during convolution. By directly substituting the defining equation for simple exponential
smoothing back into itself we find that the smoothed statistic or forecast is a weighted average of
past values or observations. The weights assigned to older observations decreases exponentially
or as a geometric progression. This is evident in the equations (4)-(6).
However, the model showed some delay in predicted values. Due to the delay, the sharp
drop in signals could not be captured correctly. This causes the system not to back up at the right
time but sometime later. The delay is evident from the figure below.

Fig 3-28. Predicted values fitted over actual values for data1
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Thus, there arose a need to modify the model so that the issue of delay was resolved.

Modified Simple exponential smoothing model
The modified simple exponential smoothing model differs from the original simple
exponential model by taking into account the sharp drop and rises in the data. I set a condition
that whenever, the drop or the rise in two successive data points is more than a particular value,
the predicted value follows the real value. In other words, the predicted value at t+1 becomes
equal to the demand at t+1. In rest of the cases, it follows the simple exponential model. By doing
this, we avoided the delay during sharp changes in data facilitating back up at the correct times.
𝑖𝑓(𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑑𝑎𝑡𝑎 < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) 𝑡ℎ𝑒𝑛
𝐹𝑡+1 = 𝛼𝐷𝑡 + (1 − 𝛼)𝐹𝑡
𝑒𝑙𝑠𝑒 𝐹𝑡+1 = 𝐷𝑡+1

(7)

Another change I made to the simple exponential model was to be able to predict three
steps in advance without using the demand at exactly the previous time period, which was not
possible in the former.
The simple exponential model predicts Ft+3 in the following method.
𝐹𝑡+3 = 𝛼𝐷𝑡+2 + 𝛼(1 − 𝛼)𝐷𝑡+1 + 𝛼(1 − 𝛼)2 𝐷𝑡 + (1 − 𝛼)3 𝐹𝑡

(8)

This poses problems as we have to know the previous data points in order to predict the
next data point. Hence, the modified simple exponential model that I used predicts Ft+3 in the
following way.
𝐹𝑡+3 = 𝛼𝐹𝑡+2 + 𝛼(1 − 𝛼)𝐹𝑡+1 + 𝛼(1 − 𝛼)2 𝐷𝑡 + (1 − 𝛼)3 𝐹𝑡

(9)

This method indicates that I just need to know the value of the actual data at time t. At
time t+1 and t+2, I have used the value of the forecasts at those times instead of the actual data.
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A simple NVP simulator
I created a simple NVP simulator to check for the value of the passive capacitor against
the backup energy to check the number of backups needed whenever a power failure occurs. The
value of the energy in the capacitor is dependent on the energy income and the energy consumed
by the processor. The equation for the change in energy in the capacitor is as follows.

𝐸𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑜𝑟𝑇+1 = 𝐸𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑜𝑟𝑇 + 𝐸𝑖𝑛𝑐𝑜𝑚𝑒𝑇+1 − 𝐸𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑𝑇+1

(10)

Where, Ecapacitor is the energy stored in the capacitor, Eincome is the incoming energy
and Econsumed is the energy consumed by the processor while it is running or backing up or
restoring. We are calculating the value of the energy stored in the capacitor at time T+1, based on
its energy at time, T and the incoming and outgoing energy values at time T+1.
There are four phases that an NVP can go into depending on the status of the power input
(which means either power is ON or OFF) and the level of energy stored in the capacitor. The
four phases are shown in the following figure.
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Figure 3-29. NVP simulator states
Whenever, the power is off the processor is in a Sleep state. The capacitor gets charged
till the energy is more than the energy required to restore the state saved before the processor
went to sleep. This energy is denoted by Eres. When energy of the capacitor (Ecap) exceeds Eres,
it goes into the Restore state. The capacitor keeps getting charged until it reaches a threshold,
Eres+th1 where th1 is a small value. As soon as Ecap exceeds threshold, the processor starts
execution (Run) from the restored state. The execution continues till another power failure occurs
and the processor needs to back up the current computation state. That’s when it enters the
Backup state. The energy in the capacitor should be greater than Ebac (energy required to back
up) so as to enter the backup state. If not, then backup fails and the processor goes to sleep. If
Ecap exceeds a backup threshold, Eback+th2, th2 being a small value, the processor goes to Run
state again.
The following diagram shows how NVP and VP behave when power failure occurs [16].
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Fig 3-30. Fine-grained states of VPs and NVPs under unstable power supply.
The results of the simulation is included in the next chapter.
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Chapter 4
Results
The datasets used in my research consist of RF signals measured in mW and a small
subset of each is included in this section. The predicted vs actual power profiles and the results of
the simulation indicating the number of backups and restores are also included in this chapter.
The mean square errors and the root mean square errors for both the energy and power profiles
are included.

Data sets
Table 4-1. A snapshot of the six datasets used.
data1
data2
data3
data4
data5
data6
1585 2044.85 1730.13 2009.44 1749.48 1531.85
7943 7447.83 7966.08 8550.78 7907.71 7453.11
15849 16229.5 15825.7 15960.2 15741.3
15652
15849
16031 15897.7 16035.6 15797.1 15838.5
19953 19606.3 19911.7 20384.8 20412.9 19061.9
12589 11840.3 12652.9 12818.2 12576.5 12755.6
1585 1585.21 1601.94
1988.5 1604.29 1574.17
40 812.947 94.5331
0
0
0
79 406.541
0 220.302
0 101.877
20
0
0 258.668 117.469 238.555
1585 1090.61 1455.12 1919.11 1984.46
1738.6
316
0 284.364
0 730.274 372.136
20 23.8508 0.402026 410.292
0
245.24
200
0 182.042 268.432
629.57 683.274
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Predicted vs Actual Power Profiles

Figure 4-1 Plot of predicted vs actual power profiles for data 1
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Figure 4-2. Plot of predicted vs actual power profiles for data 2

Figure 4-3. Plot of predicted vs actual power profiles for data 3
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Figure 4-4. Plot of predicted vs actual power profiles for data 4

Figure 4-5. Plot of predicted vs actual power profiles for data 5
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Figure 4-6. Plot of predicted vs actual power profiles for data 6
The alpha values for each are provided in the following table. The alpha values were
calculated in R.
Table 4-2. Values for alpha in each dataset
Dataset

Alpha values

1

0.4833894

2

0.4819727

3

0.4827424

4

0.4798268

5

0.4759392

6

0.4827996

The calculated MSE and RMSE values of the power and energy profiles are listed in the
following table.
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Table 4-3. MSE and RMSE in the predicted power and energy profiles
Datasets

D1

D2

D3

D4

D5

D6

MSEpower

768.94

774.06

797.01

796.77

794.24

788.73

MSEenergy

2097.4

2188.8

2229.9

2258.6

2272.6

2230.5

RMSEpower

27.72

27.82

28.23

28.22

28.18

28.08

RMSEenergy 45.79

46.77

47.22

47.52

47.67

47.22

The simulation results for backups and restores are listed in the following table.
Data 1
Actual Number of backups: 4
Predicted number of backups: 4
Table 4-4. Backup cycles for data1
Actual cycle number

Predicted cycle number

3

3

21

21

52

50

61

61

Data 2
Actual Number of backups: 5
Predicted number of backups: 5
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Table 4-5. Backup cycles for data2
Actual cycle number

Predicted cycle number

3

3

21

25

51

47

60

57

62

62

Data 3
Actual Number of backups: 4
Predicted number of backups: 4
Table 4-6. Backup cycles for data3
Actual cycle number

Predicted cycle number

3

3

20

25

44

46

61

60

Data 4
Actual Number of backups: 6
Predicted number of backups: 5
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Table 4-7. Backup cycles for data4
Actual cycle number

Predicted cycle number

3

3

22

24

25

39

43

55

58

62

61

-

Data 5
Actual Number of backups: 6
Predicted number of backups: 6
Table 4-8. Backup cycles for data5
Actual cycle number

Predicted cycle number

3

3

22

24

26

34

43

49

55

61

63

63

Data 6
Actual Number of backups: 6

46
Predicted number of backups: 9
Table 4-9. Backup cycles for data6
Actual cycle number

Predicted cycle number

3

4

19

24

25

42

54

60

61

62

63

64

-

65

-

66

-

67
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Chapter 5
Conclusion
The purpose of this work was to predict the RF signals which are random and highly
unreliable. Energy harvesting using ambient sources of energy is now the most sought after
technology. This can be used for sensors in battery less systems. The source of ambient energy
are Wi-Fi and RF signals. However, they are so random and unreliable that it is difficult to use
them for energy harvesting. Hence, in this thesis I tried to make a prediction model that would
allow me to predict the behavior of these signals so that I can use these energy profiles in the nonvolatile processors and minimize overheads. The technique I used for this was a modified simple
exponential smoothing algorithm that was able to fit the data and predict the nature of the data
with less overheads. This work was further extended to create a simple NVP simulator to
calculate the number of backups required for both the actual and the predicted energy profiles. A
misprediction in case of backups can incur a lot of overheads. While expecting energy to be
sufficient for backup, if the actual energy is not then it incurs a lot of overheads resulting in a
significant loss in forward progress. This could result from not saving the previous state due to
false prediction which did not require a backup. Thus, an accurate prediction reduces these
overheads and improve the forward progress. A comparison was made and was found that the
model could almost correctly predict the backup cycles.
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