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Abstract  Today, hundreds or even thousands of sensors are spatially deployed in the smart home environment. Through 
these sensed data, an automated system, e.g., home energy management system (HEMS) requires high availability data to be 
processed and controlled. If some sensors result fault data, this can lead to a low availability data to the automated system. As a 
result, the automated system can produce an undesired output parameters and led to the entire system malfunction. In this paper, 
a generalized highly available data interpolation (HADI) scheme is proposed to take advantages of other heterogeneous data. 
Numerical simulation reveals that our proposed scheme can achieve high data availability for the automated system with 
minimum cost computation. 

Keywords  Smart Homes, Sensor, Data Restoration, Data Availability, Data Interpolation 
1. INTRODUCTION 

Today， numerous advanced Internet of Things (IoT) 
technologies and devices have been implemented in smart 
home environment. Due to the remarkable sensing, 
communication and processing technologies and devices, 
the interconnection between physical and virtual things is 
successfully achieved. In IoT- enabled applications, sensor 
networks are the most important component, since critical 
information from both external surroundings and inner 
systems is sampled by networked sensors [1]. As a typical 
research field in IoT, smart home researches make full use 
of sensor networks, which are sensing the ambient physical 
information or even detecting the human activities. With 
the information collected from sensor networks, several 
automated systems such as home energy management 
systems (HEMS) or heating, ventilation and air 
conditioning (HVAC) systems have been achieved. 
Therefore, sensors are playing a significant role in smart 
home. 

However, according to [2], experiments revealed that 
sensors in smart home environment are facing various 
problems which result in the sensor faults or even failures. 
Fault sensors will generate unavailable data, and these data 
will be imported into automated systems. Unavailable data 
can cause undesired control, which not only cost additional 
energy consumption, but also carry risk to normal 
operation of actuators. For EETCC system, faulty sensors 
transfer unavailable data to EETCC controller, which may 
trigger temporary invalidation. Furthermore, actuators 
which receive continual unavailable data probably result in 

system failure. Consequently, efficiency of EETCC is 
challenged.   

In this paper, a novel data restoration scheme HADI is 
proposed, and HADI will focus on restoring relative 
accurate and absolute available data to maintain regular 
operation of automated system. Two main contributions are 
achieved through HADI. First, this paper illustrates the 
definition of availability in smart home environment. 
Through the real experiment data which is obtained from 
iHouse, the availability of temperature, relative humidity, 
solar irradiance and wind speed are detected. This paper 
mainly focuses on restoring low available solar irradiance 
and simulation results show that high availability is 
guaranteed. Second, the novelty is mainly reflected in 
taking advantage of spatiotemporal heterogeneous data, 
hence, processing time and training samples are reduced 
dramatically which differs from the general approaches. 

The rest of the paper is structured as follows. Section 2 
shows the background on definition of availability and 
related works on data restoration. Section 3 details the 
HADI models and mathematical expressions. Section 4 
shows the evaluation of the HADI scheme, including the 
verification of equations, numerical analysis and 
representative comparisons which is followed by 
conclusions in Section 5. 

 

2. BACKGROUND 
2.1. iHouse and EETCC System 

iHouse is an advanced facility of smart home 
environment which is located at Nomi city, Ishikawa 
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prefecture. In iHouse, over 300 objects including various 
sensors, appliances and electronic devices are connected 
with a specialized communication protocol ECHONET for 
smart home issues. In this paper, the raw data is almost 
obtained from iHouse.  

 

 
Fig. 1: EETCC system architecture 

 
Energy efficient thermal comfort control (EETCC) 

system [3] is an advanced automated system that achieved 
demands on occupants ’ thermal comfort, furthermore, 
EETCC also succeed in relative high energy efficiency. As 
the principal inputs data to perform EETCC algorithm, 
temperature, relative humidity, solar radiation and air 
speed are sensed by sensors distributed in smart home 
environment. Thus, available data play a vital role in 
performance of EETCC system. Thus, this paper proposes 
a scheme that concentrates on maintaining high data 
availability for EETCC system. Fig .1 shows architecture 
of EETCC system. 
 

2.2. Data Availability 
In [4], availability is general purposed as following 

equation：  
 lim

$→∞
𝐴𝐴 𝑡𝑡 = 𝐴𝐴 =

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

 (1) 

where t	denotes the time of item, moreover, MTTF , MTTR  
is the mean time to failure and to repair, respectively. 
Therefore, for sensor 𝑥𝑥, we have the sensor availability 𝐴𝐴	1 
defined by faults in this scheme: 

 lim
$→2

𝐴𝐴1 𝑡𝑡 = 𝐴𝐴1 =
𝐼𝐼𝐴𝐴𝐼𝐼

𝐼𝐼𝐼𝐼𝐼𝐼 + 𝐼𝐼𝐴𝐴𝐼𝐼
 (2) 

where 𝑀𝑀 is the operation time. Similarly, IAD , IUD is the 
interval of available and unavailable data, respectively. 

2.3. Unavailable Data Description 
  In this paper, we investigated availability of the 

temperature, relative humidity, solar irradiance and wind 
speed data. Besides, we don ’t consider the data lost and 
data delay as unavailable, and the process of unavailable 
data investigation is shown in Fig .2. In addition, we 
classify the unavailable format for single data according to 
[5], and as shown in Table.1 
 

 

Fig. 2: Process of unavailable data investigation 
 

Table 1: Unavailable format and description 

Format Description 

Outlier Isolated data point or sensor unexpectedly 
distant from models 

“Stuck-at” Multiple data  points with a much greater 
than  expected  rate of change 

Cailbration Sensor reports values that are offset from the 
ground truth 

 
Table 2: Pattern of unavailable data and description 

Pattern Description 

Intermittent 
Data shows unavailabe in one or several 
seconds. Most intermittent unavialable data 
are caused by outlier. 

Continual 

Unavailabe data last for a long period, a few 
minutes, even hours. Most continual 
unaviable data are related with “Stuck-at” and 
cailbration. 

 
In Table.2, we define the pattern of unenviable data as 

intermittent and continual. It will help us to recognize the 
unavailable data and figure out the restoration method.   

Through the investigation, we define threshold 	𝜃𝜃 =
[0,1360	𝑊𝑊/𝑚𝑚@] as range of available solar irradiance value. 
Through availability investigation in year 2016, we find 
unavailable data in daytime last 574.2 hours. It means that 
pyranometer is unavailable nearly 1.6 hours every single 
day. Meanwhile, most of unavailable data reveal the 
continual pattern. Hence, this paper will focus on solar 
irradiance restoration.  

 

2.4. Related work 
Researches related with data restoration have been 

carried out in the last 20 years. Related works are mainly 
divided in three kinds of mechanism: Principle component 
analysis, Linear regression, Artificial Neural Network.  

In [6], PCA first achieve data recovery for HVAC system, 
however, this approach merely considers the temporal data 
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of target data, which results in weak response by data 
variation. Given by the progress of T. Yu et al. [1], a 
recursive principal component analysis (R-PCA) is 
proposed. R-PCA represents a remarkable efficiency on 
data fault detection, data aggregation and recovery 
accuracy, whereas recursion increase burden on processing 
units. Meanwhile, R-PCA costs longer processing time due 
to the high complexity. 

Linear regression is a widely-used approach in data 
analysis. Efficient temporal and spatial data recovery 
(ETSDR) [7] integrate Auto Regressive Integrated Moving 
Average (ARIMA) model with spatiotemporal data, 
furthermore, realized the dynamic model identification and 
accurate intermittent data recovery. But performance of 
dealing with continual unavailable data by using ETSDR is 
a great challenge. Since the ETSDR update the linear model 
for every single data for each sensor, the processing time 
and burden on processor are doubted as well. 

In addition, Artificial Neural Network (ANN) [8] has 
been applied on temperature recovery for HVAC system in 
1996. And neural network based model is optimized by Z. 
Liu et al. [9] by deep multimodal encoder (DME) 
framework, which has excellent performance on high 
unavailability. However, either ANN or DME request the 
training sample as reliable data, besides, the iterative 
process of neural network is time-consuming for dynamic 
systems. Therefore, an approach is expected to reduce 
processing time and achieve accurate data restoration will 
be presented in this paper. 

 

3. MODELS OF HADI SCHEME 
3.1. HADI Structure 

 

 
Fig. 3: Structure of HADI scheme 

 
Fig. 3 shows the structure of HADI scheme, we suppose 

HADI is located at data process module. Raw data from 
each sensor unit is identified as available or unavailable 

data in availability detection stage. Available data will 
continue the data process. However, Unavailable data are 
supposed to be restored by Data Interpolation (DI) model 
with spatiotemporal heterogeneous data. Therefore, due the 
HADI scheme, high availability is guaranteed. 

 

3.2. Symbols and Description 
 

Table 3: Symbols and description 

Symbol Description 

𝑛𝑛 Number of data  

𝑡𝑡 A certain time instance 

𝐶𝐶 Set of sequence number of all available 
data in the horizon 

𝑚𝑚 Number of available data in horizon 

𝐾𝐾 Number of snesor ’s locations 

𝑖𝑖 A set of location of target data， 𝑖𝑖 ∈ [1, 𝐾𝐾] 

𝑌𝑌H(𝑛𝑛, 𝑡𝑡) Target data at time 𝑡𝑡 

𝑌𝑌H(𝑛𝑛, 𝑡𝑡) Available target data at time 𝑡𝑡 

𝑌𝑌H	(𝑛𝑛, 𝑡𝑡) Unavailable target data at time 𝑡𝑡 

𝑌𝑌H(𝐶𝐶(1:𝑚𝑚) Available target data in horizon 

𝑌𝑌H	 Restored data by hetergenous data 

𝑋𝑋M:N(𝑛𝑛, 𝑡𝑡) Set of other heterogeneous data at time 𝑡𝑡 

𝑋𝑋M:N(𝐶𝐶(1:𝑚𝑚)) 
Heterogeneous data in horizon at the same 
moment with target data 

𝐴𝐴OP  Percentage of available data in horizon 
𝐻𝐻R(M:N) Horizon of other heterogeneous data 
𝐻𝐻S(H) Horizon of target data 
𝜃𝜃T Threshold of data 
ℎ Determined length of horizon (10min) 

𝑝𝑝 Set of locations determind the minimum 
root mean square error (RMSE)  

 

3.3. HADI Algorithm 
Fig. 4 shows the HADI algorithm. We classify the raw 

data as available and unavailable by threshold. Then, an 
appropriate horizon with temporal raw data is determined 
for training. Meanwhile, we determine the same length 
horizon of correlated spatial heterogeneous data. For 
preventing horizon suffering from too much unavailable 
data in raw data, horizon of target data is reconsidered with 
set of available and restored data when unavailable data 
occupy more than 50 percent. As all horizons are completed, 
the positions of available data in target data horizon 
compose the set 𝐶𝐶 1:𝑚𝑚 . Besides, to keep time 
synchronization, we need to find the corresponding data 
	𝑋𝑋M:	N(𝐶𝐶	(1:	𝑚𝑚))  in heterogeneous horizon. DI model 
contains the correlations between 	𝑋𝑋	 and 	𝑌𝑌 , these 
correlations can be described as	Y = 𝑓𝑓 𝑋𝑋 , hypothetically. 
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With spatial heterogeneous data as inputs, K groups of 
simulated data are generated. Through calculating RMSE 
between K groups simulated data and available data in 
target data horizon, we can find sensors at 
locations 	𝑝𝑝	determine the minimum RMSE. Finally, with 
current heterogeneous data input, restoration of target data 
is accomplished by inputting correlated heterogeneous data 

at location 	𝑝𝑝	into DI model. 

 
Fig. 4: HADI algorithm 

 

4. NUMERICAL ANALYSIS 
 

 
Fig. 5: DI model for solar irrdiance restoration 

 
In this section, we will evaluate the efficiency of HADI 

scheme and solve the low availability of solar irradiance. 
As shown in Fig. 5, heterogeneous data inputs include the 
time information, geographical information, temperature 
and relative humidity data from sensors distributed in 11 
spots of iHouse. 

4.1. DI Model for Hourly Solar Irradiance 
In this paper, we apply an improved hourly solar 

irradiance method for conversion. According to [10], the 
equations are described as follows: 

Solar irradiance 𝑅𝑅 (W/m2) and global solar irradiance 
𝑅𝑅[\]^_	(W/m2) can be expressed as: 

 𝑅𝑅 = 	 𝜏𝜏[𝑅𝑅[\]^_	 (3) 
where 𝜏𝜏[  denotes a radiative transmittance coefficient, 
which is supposed to be an empirical function of relative 
sunshine duration: 

 	𝜏𝜏[ = 𝑎𝑎 + 𝑏𝑏𝑏𝑏/𝑁𝑁 + 𝑐𝑐(𝑏𝑏/𝑁𝑁)@ (4) 
where 𝑎𝑎, 𝑏𝑏, 𝑐𝑐  are the model parameter. 𝑏𝑏/𝑁𝑁  represents 
relative sunshine duration. Moreover, 𝑅𝑅[\]^_	is consist of 
surface beam irradiance 𝑅𝑅e,[\]^_(W/m2) and solar diffuse 
irradiance 𝑅𝑅f,[\]^_	(W/m2): 

 𝑅𝑅[\]^_ = 	𝑅𝑅e,[\]^_ + 	𝑅𝑅f,[\]^_			 (5a) 
 	𝑅𝑅e,[\]^_ = 	𝑅𝑅g𝜏𝜏e,[\]^_ (5b) 
 𝑅𝑅f,[\]^_ = 	𝑅𝑅g𝜏𝜏f,[\]^_ (5c) 

where 𝑅𝑅g (W/m2) is the solar irradiance on a horizontal 
surface at the extraterrestrial level [10]. The broadband 
solar beam radiative transmittance 	𝜏𝜏e,[\]^_	 and radiative 
transmittance 𝜏𝜏f,[\]^_	 are able to described as: 

 	𝜏𝜏e,[\]^_ ≈ max	(0, 𝜏𝜏jk𝜏𝜏l𝜏𝜏m𝜏𝜏_𝜏𝜏^ − 0.013) (6a) 

 
𝜏𝜏f,[\]^_ ≈ 0.5[𝜏𝜏jk𝜏𝜏m𝜏𝜏l 1 − 𝜏𝜏^𝜏𝜏_ 	+ 	0.013] (6b) 

 
𝜏𝜏m = exp	(−0.0117(𝑚𝑚t)g.uMuv) (6c) 

 𝜏𝜏_ = exp[−0.008735(𝑚𝑚t)(0.547 + 0.014(𝑚𝑚t) 
−0.00038(𝑚𝑚t)@ 	+ 4.6×10z{(𝑚𝑚t)u)z|.g}] 

 

(6d) 

 𝜏𝜏l = min	[1.0,0.909 − 0.036𝑙𝑙𝑏𝑏(𝑚𝑚𝑚𝑚)] (6e) 
 𝜏𝜏jk = exp	[−0.0365(𝑚𝑚𝑙𝑙)g.‚Mu{] (6f) 
 𝜏𝜏^ = exp{−𝑚𝑚𝑚𝑚[0.6777 + 0.1464 𝑚𝑚𝑚𝑚  

−0.00626(𝑚𝑚𝑚𝑚)@]zM.u} 
(6g) 

  𝑚𝑚 = 1/[sin ℎ + 0.15(57.296ℎ + 3.885)zM.@‡u] (6h) 
  𝑚𝑚t = 𝑚𝑚	𝑝𝑝/𝑝𝑝g (6i) 

where 	𝜏𝜏jk, 𝜏𝜏l, 𝜏𝜏m, 𝜏𝜏_, 𝜏𝜏^	are the radiative transmittance due to 

ozone absorption, water vapour absorption, permanent gas 
absorption, Rayleigh scattering and aerosol extinction, 
respectively. In addition, 	ℎ	(rad) denotes the solar elevation, 

𝑚𝑚 refers to relative air mas, 𝑚𝑚′ is the pressure-corrected 
air mass, 	  𝑝𝑝g	(Pa) is the standard atmospheric pressure, 
𝑝𝑝	(Pa) is the surface pressure, then: 

 𝑝𝑝 = 	𝑝𝑝gexp	(−𝑧𝑧/𝐻𝐻2)	 (7) 
where 𝑧𝑧(m) is surface elevation from the mean sea level, 

𝐻𝐻2 = is the scale height of an isothermal atmosphere and 
𝐻𝐻2 = 	8430	(m). To get thickness of ozone layer 𝑙𝑙	(cm), an 
empirical formula is used: 

 𝑙𝑙 = 0.44 − 0.16×  
 			( [(|∅| − 80)/60]@ + [ 𝑑𝑑 − 120 /(263 − |∅|)]@)		 (8) 
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where 	∅	(degree) denotes the latitude, 𝑑𝑑 is determined by 
Julian day 𝐽𝐽f as follows: 

 
𝑑𝑑 = 	 				

𝐽𝐽f 													𝑖𝑖𝑖𝑖	𝐽𝐽f < 300
𝐽𝐽f − 366 𝑖𝑖𝑖𝑖	𝐽𝐽f > 300 (9) 

In(6e), 𝑤𝑤 (cm) is the precipitable water, which use the 
relative humidity 𝑟𝑟ℎ (%) and air temperature 𝑇𝑇 (Kelvin). 
Ångström turbidity coefficient 	𝛽𝛽 in(6g) is calculated as 
follows: 

 𝛽𝛽 = 0.025 + 0.1 cos@ ∅ exp	(−0.7𝑧𝑧/1000) (10) 
 

4.2. Verification of Solar Irradiance Equations 
Simulation results are different due to meteorological 

data and geographical parameters. Therefore, before we 
implement equations in DI model, we verify the equations 
with observed data in [10]. Coefficients and parameters are 
listed in Table 4. And in Fig. 6, result of verification 
proves that equations fit observed solar irradiance data 
dramatically. 

 
Table 4: Coefficient and Parameters for verification. 

Coefficient Value  Parameter Value (unit) 

𝑎𝑎 0.456 𝑧𝑧 1219 (m) 

𝑏𝑏 0.3566 ∅ 31.8 (°) 

𝑐𝑐 0.1874   

 

 
Fig. 6 Verification of Solar Irradiance Equations 

 

4.3. Evaluation of HADI Scheme 
 

Table 5: Coefficient and Parameters for DI Model 

Coefficient  Value  Parameter Value (unit) 

𝑎𝑎 0.2976 𝑧𝑧 132 (m) 

𝑏𝑏 0.4119 ∅ 36.44 (°) 

𝑐𝑐 -0.0254   

 
The coefficients and parameters of local geographical 

information for DI model are shown in Table. 5. To 
evaluate the performance, we use the RMSE and mean 
absolute error(MAE). RMSE reveals the accuracy of 

simulation results, then, for data series with length of 𝑁𝑁, 
RMSE can be written as: 

 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 	

(𝑑𝑑 𝑛𝑛 − 𝑑𝑑(𝑛𝑛))@”
•–M

𝑁𝑁
	 (11) 

Moreover, MAE is used to measure how close the 
simulated values are to original measured value: 

 
𝑅𝑅𝑀𝑀𝑅𝑅 = 	

1
𝑁𝑁

𝑑𝑑 𝑛𝑛 − 𝑑𝑑(𝑛𝑛)
”

•–M
	 (12) 

In (11) and (12), 	𝑑𝑑 𝑛𝑛 	denotes the original measured data, 
and 	𝑑𝑑(𝑛𝑛) is the simulated data.  

To show the performance of HADI better, we compare 
HADI with the ETSDR scheme. Simulation results consist 
of intermittent and continual unavailable data restoration 
by HADI and ETSDR, respectively.   

 

4.3.1. Intermittent Unavailable Data Restoration  
 

Fig. 7 Intermittent unavailable data restoration 
 

Fig. 7 shows an example of intermittent unavailable data 
restoration. In 100 minutes ’ dataset, we interpolate 10 
minutes ’ unavailable data at random time. Although 
ETSDR performs a higher accuracy, however, high 
availability is guaranteed with HADI as well as ETSDR. 

 

 
Fig. 8 Performance of intermittent unavailable data 

restoration 
 

In addition, we increase the percentage of unavailable 
data from 10% to 30% as shown in Fig. 8, and results reveal 
that ETSDR shows extremely high accuracy without 
influence of unavailable data increase.  

4.3.2. Continual Unavailable Data Restoration  
On the other hand, we consider the circumstance of 
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continual unavailable. Fig. 9 shows continual unavailable 
restoration of same length unavailable data with Fig. 7. 
Results reveal that HADI performs better than ETSDR on 
dealing with continual unavailable data. Without real-time 
data to update ARIMA model in ETSDR, the restoration 
data regress to straight line rapidly, and consequent 
enormous error gradually. 

 

 
Fig. 9 Continual unavailable data restoration  

 
However, as shown in Fig. 10, HADI shows a steady 

performance on accuracy whose RMSE and MAE vary at a 
low value despite percentage of unavailable data grow. 

 

 
Fig. 10 Performance of continual unavailable data 

restoration 
 

4.4. Processing Time Comparison 
 

 
Fig. 11  Performance of processing time  

 
Processing time is a significant feature for real-time 

automated system as well, therefore we compare the 
processing time between two schemes. In each processing 

data length, we keep percentage of unavailable data as 10%, 
and Fig. 11 shows that in logarithmic scale, it is obvious 
that ETSDR costs much more processing time than HADI. 
Hence, we can conclude that HADI achieves a dramatic 
efficiency on continual unavailable data problems. 

 

5. CONCLUSION 
In this paper, we purposed a new data restoration scheme 

based on spatiotemporal heterogeneous data to solve 
continual unavailable issues. HADI is able to maintain 
relative high accuracy and absolute available. Furthermore, 
HADI shows amazing efficiency on processing time. Our 
future work will focus on attempting to introduce more 
models and correlations into HADI so that automated 
system will be isolated from unavailable data.  
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