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Abstract— In conventional wireless sensor networks (WSNs), 

nodes are powered by small batteries which have a limited 

lifetime. The energy harvesting techniques enable the 

development of energy harvesting WSNs (EH-WSNs) that 

can harvest power from the surrounding environment using 

different energy sources to achieve sustainable node 

operation and perform different tasks. However, the energy 

harvested from these sources depends significantly on the 

surrounding conditions that exhibit significant variations. 

Consequently, uncertainty in the harvestable energy 

hampers nodes to plan their energy resources more 

effectively and incorporate smart energy allocation strategies 

to improve network performance. Therefore, forecasting the 

amount of harvestable energy from external sources will 

enable nodes to utilize the energy resources accordingly and 

consider high variability of energy intake to avoid any power 

outages in the near future. Thus, several prediction models 

have been proposed for EH-WSNs, specifically for solar 

energy to predict harvestable energy. In this paper, existing 

statistical prediction models have been described thoroughly 

in terms of statistical approach and prediction accuracy.  

Keywords— Energy harvesting, WSN, statistical, prediction 

model, forecasting energy  

I. INTRODUCTION  

The energy harvesting (EH) technology enables nodes 

to collect energy from the surrounding environment to 

extend the network lifetime [1, 2]. In these networks, 

sensor nodes harvest energy using external sources such as 

solar, Radio Frequency (RF), wind, or mechanical and then 

convert it to electrical energy which leads to the 

development of energy harvesting WSNs (EH-WSNs) [3]. 

The general structure of an energy harvesting sensors node 

is given in Fig. 1[4]. An EH node contains two additional 

components: an energy harvesting device to extract energy 

from external sources and a power management module 

for the efficient use of the harvested energy. These 

components are used to provide energy continuously and 

store it for later use. 

 Generally, there are two harvesting design alternatives 

to power up the node: harvest-store-consume and harvest-

consume [5]. The former is widely used in EH-WSNs 

which includes rechargeable storage to store the gathered 

energy for future use, for instance at night-time when solar 

energy is not available. In the latter, harvested energy is 

directly utilized to the node without any energy storage 

device. Hence, it may not be possible to keep the node 

operational in a low harvesting scenario.  

 
Fig. 1. Structure of energy harvesting WSN node [2, 4] 

 

There are various energy harvesting sources available 

as shown in Fig. 2. 

The photovoltaic or solar energy harvesting is widely 

used to power up nodes due to its readily available and 

harvesting capabilities. It has high conversion efficiency 

and provides high-power density, which makes it suitable 

for EH-WSNs applications, with a mere disadvantage of 

non-availability during bad weather conditions and night-

time. Although, it is a preferred source to power up nodes 

and it is widely used in the literature. In this approach, a 

solar cell is used to absorb energy from nature (sun) or 

artificial (fluorescent) and its output power depends upon 

the source used: sun or fluorescent. Moreover, storage 

mechanisms e.g., rechargeable batteries are employed for 

storage to support ongoing node operation during the 

absence of harvesting energy, especially at night-time.  

On the other hand, Mechanical or vibrational energy is 

produced due to the motion of certain objects, pressure, 

and human activity. The mechanical harvesting sources are 

piezoelectric, electrostatic, and electromagnetic. 

Compared to others, the piezoelectric is cost-effective, 

lightweight, and provides high power density compared to 

other mechanical sources. However, it is always a 

challenge to integrate piezoelectric devices into small 

devices.  

Moreover, RF harvesting provides a promising solution 

to power up nodes by converting electromagnetic waves 

into electricity. In this technique, the node harvests energy 

from RF signals that are radiated from the sources such as 
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Fig. 2 Energy harvesting sources [6]

TV, Radio, Wireless Fidelity (Wi-Fi), Radar, and others. 

However, the energy radiates from these sources decreases 

promptly as the signal spreads further, leading to energy 

loss. Thus, it requires information about the harvester 

distance, and direction from the RF source to get 

maximum harvesting energy.  

The thermal harvesting is the process of generating 

electric energy, based on the temperature difference 

between two junctions of the same metals or 

semiconductors [7]. In this technique, the harvesting 

power depends on the temperature difference between two 

junctions. This is because, some metals respond differently 

to the temperature difference, resulting in heat flow 

through the thermoelectric generator. However, one 

thermocouple provides very low output power, hence, 

multiple arrangements of thermocouples will be required 

to increase the power level. 

 The wind source converts airflow (e.g., wind) into 

electrical energy [8]. The miniature winds such as 

MicroWindbelt are used to produce the power-up nodes. 

However, the size of the wind has been a challenge for 

sensor applications, and it is still ongoing research. In 

addition, the output power also depends on wind strength 

and weather conditions. Recently, interest has been 

increasing in the development of hybrid energy harvesters 

to scavenge energy from multiple sources, for example, the 

smart bracelet device presented in [9] combines features of 

both thermoelectric and photovoltaic energy harvesters. 

Table I shows power densities, cost, limitations of existing 

energy harvesting techniques.  

The uncertainty in harvesting energy due to dynamic 

conditions raises new challenges in making reliable and 

smart energy allocation strategies. For instance, solar 

harvesting nodes face significant changes in the harvesting 

power over time, due to varying weather conditions. This 

drives to development of efficient power-management 

solutions which may provide sufficient information about 

the future energy intake to allocate energy consumption 

efficiently and proactively to ensure sustainable operation. 

In addition, to allow exploiting the available energy at best 

to improve network performance when the harvesting rate 

is high. 

TABLE I CHARACTERISTICS OF ENERGY HARVESTING TECHNIQUES 

 [6, 10, 11] 

EH Technique Power Density Cost Limitation 

Photovoltaic 

Outdoors (direct sun): 

 15 mW/cm2 

Outdoors (cloudy day): 

0.15 mW/cm2  

Indoors <10 µW/cm2 

(illuminated office) 

Medium 
Unavailability 

during night 

Mechanical 

330 µW/cm3 

 (shoe inserts) 

50 µW/cm3- 100 µW/cm3 

1 µW/cm3 – 4 µW/cm3 

Medium/ 

High 

Difficulty in 

integration 

with sensor 

Radio 

frequency 
0.0002-1 µW/cm2 Medium 

Inaccessibility 

in suburban 

areas 

Thermal 40-50 µW/cm2 High 
Low 

efficiency 

Wind 380 µW/cm3 (5 m/s) High 
Inaccessibility 

in closed area 

 

II. STATISTICAL PREDICTION MODELS FOR SOLAR 

ENERGY HARVESTING WIRELESS SENSOR NETWORKS  

In the literature, various prediction models have been 

developed to estimate future energy availability, 

particularly for solar energy that is the most effective  EH 

source [12]. These models utilize the available historical 

time-series datasets such as NREL [13] and weather 

parameters to predict the future harvested energy, which 

can be employed to implement harvesting-aware solutions 

such as communication protocols, dynamic load 

adaptation using smart energy allocation techniques.  

Moreover, the existing models can further be categorized 

into statistical, machine learning, and stochastic-based 

models. In this work, only statistical prediction models 

have been discussed, as given in Fig. 3. Furthermore, the 

performance comparison of these models in terms of 

prediction accuracy for both short and medium terms and 

additional factors have been explained in Table II. 

 

Fig. 3 Statistical prediction models
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1) Exponentially Weighted Moving Average 

(EWMA) 

EWMA [14] inspired the development of most of the 

prediction models in the literature. In this model, it is 

considered that the energy available at a particular slot of 

the day is similar to that of previous days. The model 

maintains the history of energy available in the previous 

days as a weighted average, which is used to predict energy 

in time slot 𝑛. The model predicts the amount of energy in 

the 𝑖 + 1 slot of the current day as presented in equation (1): 

�̅�(𝑖 + 1) =  𝛼�̅�(𝑖) + (1 −  𝛼)𝐸(𝑖 + 1)  (1) 

where �̅�(𝑖 + 1)  is the energy obtained in 𝑖 + 1 , �̅�(𝑖) 

represents the amount of energy harvested in current 𝑖 slot, 

𝛼 is the weighting factor, 0 ≤ α ≤ 1 and 𝐸(𝑖 + 1) is the 

weighted average of previous days. The model provides 

better prediction results for the long-term seasonal 

conditions; however, it does not perform well in dynamic 

weather conditions and provides significant error when it 

employs a mix of sunny and cloudy days. 

2) Weather Conditioned Moving Average (WCMA) 

WCMA [15] takes the harvested energy of previous days, 

weather conditions of the current and previous days to 

forecast the energy. Specifically, a matrix 𝐸  of size 

(𝐷 𝑥 𝑁) is used to store past energy intake values, where 𝐷 

and 𝑁 denote the number of days, and times slots per day, 

respectively. In matrix 𝐸 , 𝐸(𝑖, 𝑗) represents harvested 

energy in day 𝑖 at time slot 𝑗. Hence, the energy prediction 

in the 𝑖 + 1 slot of the current day is as follows: 

�̅�(𝑖 + 1) =  𝛼�̅�(𝑖) + 𝐺𝐴𝑃𝑘(1 −  𝛼)𝑀𝐷(𝑖 + 1)  (2) 

where 𝑀𝑑(𝑖 + 1) represents the mean of energy harvested 

during time slot 𝑖 + 1  in the past days. 𝐺𝐴𝑃 represents a 

weighting factor that indicates the change in the weather 

conditions by calculating the relationship between the 

current and previous days. By incorporating weather 

conditions, WCMA achieves better performance for short-

term prediction. However, it has a higher memory 

requirement compared to both AEWMA and EWMA. 

Furthermore, the significant changes in the harvesting 

conditions at the time of sunrise and sunset increase 

prediction error. 

3) Adjusted Exponentially Weighted Moving 

Average (AEWMA) 

To account for the short-term varying weather 

conditions, AEWMA has been proposed in [16], which 

introduced a scaling factor, φ to forecast the future energy 

expectations. The factor denotes the ratio between the 

actual harvested energy at time slot 𝑖 − 1 and the energy 

predicted for the same time slot and can be calculated as 

follows: 

  𝜑 =  
𝐸ℎ𝑟𝑣

𝑖−1

�̅�ℎ𝑟𝑣
𝑖−1

  (3) 

where 𝐸ℎ𝑟𝑣
𝑖−1 and �̅�ℎ𝑟𝑣

𝑖−1 represent the actual harvested energy 

by the end of slot 𝑖 − 1 and predicted harvesting energy 

during slot 𝑖 − 1 according to the EWMA. Then, φ is used 

to adjust the future prediction as follows: 

�̌�ℎ𝑟𝑣
𝑘%𝑁 =  (𝜑 +  

1 −  𝜑

𝑁
 . (𝑘 − 𝑖) ) . �̅�ℎ𝑟𝑣

𝑘%𝑁 ꓯ𝑖 ≤ 𝑘 < 𝑁 + 𝑖   (4)  

where �̌�ℎ𝑟𝑣
𝑘%𝑁 estimates the amount of energy that will be 

harvested during each of the next 𝑁 slots and the modulus 

(%) operation represents the periodic property of solar 

energy harvesting. By incorporating φ, AEWMA reduces 

the prediction error significantly compared to EWMA. 

However, its performance significantly varies for different 

datasets. 

4) PROfile Energy Prediction (Pro‑Energy) 

Pro‑Energy [17] also considers the previous day’s 

energy profiles to predict future energy intake. A matrix 𝐸 

of size 𝐷𝑥𝑁 is used to store energy intake values of past 

days (sunny, cloudy, rainy). Then, the model calculates the 

energy intake in the next slot �̅�(𝑖 + 1) by looking at the 

stored profile in the matrix 𝐸 and finding a most similar 

profile having the highest correlation with harvested energy 

of the current slot. Then, the profile having the highest 

correlation is used to compute energy intake in the next slot 

of the current day, 𝑖 + 1 as shown in equation (5): 

�̅�(𝑖 + 1) =  𝛼�̅�(𝑖) + (1 −  𝛼)𝐸𝑀𝑆  (5) 

where 𝐸𝑀𝑆   denotes the most similar profile to the current 

slot, taken from the matrix 𝐸. Furthermore, to improve the 

prediction accuracy, the model proposes combining 

multiple profiles by introducing a weighted profile, 𝑊𝑃 

factor to account for potential variations in the weather 

conditions. The updated equation to compute the predicted 

is as follows: 

�̅�(𝑖 + 1) =  𝛼�̅�(𝑖) + (1 −  𝛼)𝑊𝑃  (6) 

The model provided good results for both short and long 

terms predictions. However, the use of weighted profiles 

incurs computational complexity.  

5) PROfile Energy prediction model with Variable-

Length Timeslots (Pro-Energy-VLT) 

The authors in [18] extended the Pro-Energy model by 

incorporating variable-length timeslots to adapt the 

granularity of the timeslots according to the dynamics of 

the power source. The model assigns a variable-length 

timeslot using the average daily harvesting rate computed 

using historical data. Initially, each day is divided into 𝑁 

equal-length timeslots, then weight 𝑤𝑖  assigned to each 

timeslot as follows: 

𝑤𝑖 = log(𝑑𝑖  𝑎𝑏𝑠(𝑝𝑖 − 𝑝𝑖−1) + 1)  (7) 

where 𝑑𝑖  , 𝑝𝑖  , 𝑝𝑖−1  represent the duration of timeslot 𝑖 , 

average power harvested during timeslots 𝑖  and 𝑖 − 1 , 

respectively. Furthermore, in timeslot resizing, each 

timeslot 𝑖 further split into sub-timeslots 𝑛𝑖, which can be 

calculated as follows:  

𝑛𝑖 =  ⌊
𝑤𝑖

∑ 𝑤𝑖𝑖
 .  (𝑁 − 𝑧)⌋  (8) 

where 𝑧 denotes the number of generated timeslots during 

the initialization phase. It achieves good performance in 

terms of memory and energy-saving and provides a lower 

prediction error compared to Pro-Energy, WCMA, and 

EWMA. However, it does not show a substantial 
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improvement compared to Pro-Energy. In addition, the use 

of variable weights assignment increases model complexity.  

6) Improved PROfile Energy Prediction 

(IPro‑Energy) 

IPro-Energy [19] is the extension of Pro‑Energy that 

aims to improve the prediction accuracy and reduce the 

computational overhead for both short and medium terms 

prediction horizons. To achieve this, a Smarting factor (𝑆) 

is introduced that incorporates the average rate of change 

of energy between the last two 𝑖 − 1  and 𝑖  timeslots of 

current days as follows: 

𝑆 = 𝑟 (
(𝐶𝑖 − 𝐶𝑖−1)

(𝐶𝑖 + 𝐶𝑖−1)
2

⁄
) 𝐶𝑖−1  (9) 

where 𝑟  , 𝐶𝑖  , 𝐶𝑖−1  represent constant ratio to control 𝑆 , 

energy observations of  𝑖  and 𝑖 − 1  timeslots. Then, the 

expected energy at time 𝑖 + 1 can be computed as follows: 

�̅�(𝑖 + 1) =  𝑊𝑓 . 𝐶𝑖 + (1 −  𝑊𝑓). 𝑊𝑃𝑖+1 + 𝑆               (10) 

where 𝑊𝑓  and 𝑊𝑃𝑖+𝑖  denote the weighting factor and 

harvested energy at timeslot 𝑖 + 1 of the weighted profile, 

respectively. The proposed model achieves good prediction 

accuracy and execution time compared to the Pro-Energy 

model at the cost slight increase in the model’s complexity 

due to weighted profile and 𝑆.  

7) Enhanced‑Pro 

Enhanced‑Pro [20] is the extension of the Pro-Energy 

model that introduces two additional factors called tuning 

and fine adjustment index to improve the prediction 

accuracy. The model uses the past energy profiles to find 

correlation coefficient factors with the current harvested 

energy profile in the current slot. The predicted energy 

intake at time slot 𝑖 + 1 is computed as follows: 

�̅�(𝑖 + 1) = (𝛼�̅�(𝑖) + (1 −  𝛼)𝐸𝑠𝑒(𝑖 + 1))(1 + 𝐿) + 𝐹  (11) 

where 𝐸𝑠𝑒  , 𝐿  and 𝐹  represent the most similar profile, 

tuning, and fine adjustment index factors, respectively. 

Both, 𝐿 and 𝐹 factors are used to improve the accuracy and 

statistical formulas are given in [20]. The proposed model 

achieves good predictions results, but the model 

complexity increases due to the additionalLF factors. 
 

TABLE II CHARACTERISTICS OF STATISTICAL PREDICTION MODELS [9] 

 

III.  CONCLUSION  

Energy harvesting has gained significant interest that 

helps to overcome the energy issue faced by traditional 

WSNs and allows nodes to make use of their available 

energy efficiently to improve the network performance. In 

these networks, the dynamic nature of energy sources 

drives to development of prediction models to forecast 

energy. In this paper,  the most promising statistical 

prediction models for solar EH-WSNs have been discussed 

in detail, which relies on the past energy profiles and 

weather conditions to correctly predict energy for short and 

medium terms durations. By incorporating the future 

available energy in routing or MAC protocol may help to 

optimize the network performance using smart energy 

allocation strategies. However, these models are facing 

computational complexity and prediction accuracy issues. 

Hence, the investigation on design parameters such as 

prediction accuracy, complexity and execution time must 

be considered in designing the prediction model to provide 

an accurate estimation of the future energy availability for 

different prediction horizons.  
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