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Abstract—This study performs spatial prediction of air
quality monitoring data. In addition to COz, which is the
target of prediction, air quality monitoring sensors measure
temperature, humidity, illuminance, atmospheric pressure,
and so on. Using data acquired from multiple air quality
sensors and distributed compression sensing, we will predict
changes in carbon dioxide concentration at unmeasured
points (hypothetical), and compare the results with actual
measurements to evaluate the accuracy. If the prediction is
accurate, it is expected that the number of sensor nodes to be
deployed can be reduced, leading to energy savings.

Keywords—wireless sensor network, compressed sensing,
distributed compressed sensing, air quality monitoring,
spatial prediction

I. INTRODUCTION

Air pollution caused by PM2.5 and sulfur dioxide can
lead to lung cancer, respiratory failure, heart attacks,
strokes, and other diseases. Satish et al. [1] conducted an
experiment to compare the decision-making abilities of
test subjects in an environment with a carbon dioxide
concentration of 1000ppm and an environment with a
carbon dioxide concentration of 600ppm, and found that
there was a statistically significant decrease in the test
subjects' decision-making abilities. Therefore, monitoring
air quality is essential for our health management.
Furthermore, predicting future air quality is effective for
health management. According to the research of Gu et al.
[2], air quality monitoring systems using sensors mounted
on unmanned aerial vehicles have temporal flexibility, but
they also have very high deployment costs and other issues.

Systems that use satellites and unmanned aircraft are
ideal for monitoring environmental conditions on a global
scale. On the other hand, wireless sensor networks are used
for local environmental monitoring [3]. Wireless sensor
networks are low-cost and practical for inexpensive air
quality monitoring at any location. Even the environmental
data obtained from small-scale sensor networks can be
applied to environmental prediction, such as disaster
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prediction and crop yield prediction [4—6]. However, in
order to predict disasters and air pollution conditions,
sensors need to be deployed in a high-density spatial
arrangement. In addition, since wireless sensor networks
are required to operate even in environments where a
power supply cannot be secured, a system that can operate
for long periods of time using batteries is needed.
Furthermore, if the data obtained from the sensors can be
predicted spatially, the number of sensors that need to be
deployed can be reduced. To obtain environmental sensing
data with high spatial resolution (high density) while
maintaining low cost and power efficiency, sensors must
either be densely deployed or a method for interpolating
data in unsensed points must be employed. Machine
learning methods such as random forests and Support
Vector Machines can be used to predict or interpolate
environmental data (spatial prediction). However, these
methods require ground truth data (correct answer data)
obtained by measuring unknown points in advance.
Additionally, reducing the frequency of data transmission
decreases the available data, increasing both time and
effort. Furthermore, interpolating environmental data
using machine learning requires sufficient training data,
which may not always be available in real-world
environments.

This study proposes a method for achieving spatial and
temporal prediction of air quality acquired by Wireless
Sensor Network (WSN) in a more energy-efficient manner.
In the spatial prediction phase, we apply distributed
compression sensing to time series data to reduce the
number of sensors deployed, and we supplement data for
points without observation points. Distributed compressed
sensing leverages the correlation among multiple signals
to estimate values and is often used for image compression
and reconstruction in applications such as Magnetic
Resonance Imaging (MRI). This study applies distributed
compressed sensing to estimate environmental values at
unmeasured locations under the assumption that these
values are correlated with those at nearby measured points.
In contrast to machine learning-based methods, the
proposed method in this study does not require ground
truth data and can spatially interpolate environmental data.
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II. RELATED WORKS

The following are some of the power-saving methods
proposed for wireless sensors.

A. Receiving Node-Initiated Mac Protocol

Receiver-Initiated Medium Access Control (RI-MAC)
belongs to this receiver node-initiated Medium Access
Controltitle (MAC) protocol [7]. In RI-MAC, a receiver
node periodically sends a packet containing a receive-
enabled signal called a beacon to inform its neighbor nodes
of it receive-enabled status. If the transmitting node
receives the beacon and has data to send to the sender, it
starts transmitting the data.

B. Sensor Node Placement

Increasing the number of sensors improves observation
accuracy, but while increasing the number of sensors
improves observation accuracy, it also increases costs. For
this reason, it is important to determine the optimal
arrangement that minimizes the number of sensors while
maintaining observation accuracy and reducing costs. In
indoor environmental monitoring, optimal sensor
arrangement methods based on total allocation [8] and
optimal sensor arrangement methods based on genetic
algorithms [9] have been proposed. The genetic algorithm-
based arrangement method classifies the installed sensors
into two groups: independent and non-independent. Here,
independent refers to sensors whose observation values are
not similar to those of other sensors. The optimal
arrangement is found by selecting, exchanging, and
changing values based on the GA algorithm in the sets of
independent and non-independent sensors.

C. Compressive Sensing

Compressive sensing aims to recover sparsity, i.e., a
high dimensional signal with many zero components, from
a small amount of data. When the original signal has
sparsity, the sparsity can be exploited to achieve full
reconstruction with fewer samples than the number of
samples required by the sampling theorem. Compressed
sensing is expected to save power and speed up
computation. This property of compressed sensing has
been applied in various fields. Cloud computing is
indispensable for data processing in [oT. However, the [oT
field using cloud computing has some issues such as
transmission delay and energy consumption for data
transfer. Here, we use compressed sensing for data
collected before transmission, which consumes the most
energy among loT devices. As a result of the study, the
amount of data was reduced up to 103 times without
significantly affecting the accuracy of the data [10]. As a
different approach, compressed sensing at the cluster head
level, rather than at each node level, has also been studied
[11]. By selecting cluster heads for each network and node
environment, the resulting data collection is improved and
compressed at the cluster head level. This allows for
superior performance in compressed sensing in the IoT.

D. Feature Selection

In addition to the atmospheric components that we want
to predict, there are various other factors (such as
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temperature, humidity, carbon dioxide, and air pressure)
that can be used as materials for prediction. The transition
of these factors may or may not be relevant to the
prediction of the target to be acquired. If we can select the
optimal features, we can improve the accuracy of the
prediction, but if we misuse them, they may become noise
and reduce the prediction accuracy [12]. Therefore, it is
essential to perform appropriate feature selection.

E. Air Quality Monitoring

Air quality monitoring has become an essential part of
our health management. As a method of air quality
monitoring, the use of smart drones to acquire data [13]
and the installation of air quality monitoring stations have
been demonstrated to promote green innovation in listed
companies, etc. [14]. In addition, indoor air quality
monitoring has become even more important in recent
years due to the spread of COVID-19. IoT nodes
composed of sensors that measure COVID-19 and other
pollutants have also been developed [15], and predictions
are being made using machine learning such as neural
network models and Long Short-Term Memory (LSTM)
models [16—18].

F. WSN-Used Environment Monitoring

Ridha and Saleem [19] proposed an environmental
monitoring methodology and a framework based on WSN
applications using IEEE 802.15.4, designed to optimize
network resources while sensing environmental data,
transmitting it, and storing it in the cloud. Also, Software-
Defined Networks (SDNs) have been extensively studied
as a means to simplify the configuration, control, and
maintenance of large-scale networks, such as Wireless
Sensor Networks (WSNs) [20, 21]. Software-Defined
WSNs (SDWSNs) require energy-efficient, fault-tolerant
solutions for configuration, maintenance, and control.
Reference [20] proposes an energy-efficient routing
algorithm for loT-based SDWSNss that mimics the flight
patterns of albatrosses to optimize cluster head selection.
This approach extends the network lifetime by up to 25%
while reducing energy consumption. Samarji and Salamah
[21] addressed the controller placement problem in
wireless SDNs by combining a genetic algorithm with the
greedy randomized adaptive search procedure. This
method enhances fault tolerance, optimizes load balancing,
and reduces latency by 40%, ultimately improving
network stability. In contrast, while this study shares a
focus on environmental monitoring with these works, it
differs by prioritizing the efficient estimation of
environmental values at unmeasured points in a sparsely
deployed sensor network, rather than enhancing scalability
or network lifetime.

III. PROPOSED METHOD

Here is a summary of the proposed system flow:

Sensor node (End device) operation:

ED1. Data Collection: Sensor nodes observe time-series
environmental data.

ED2. Data Compression: Each sensor node applies a
compression algorithm by multiplying the observation
matrix with observed data.
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ED3. Data Transmission: Compressed data is sent from
the sensor nodes to a server.

Sink node/server operation:

SN1. Data Reconstruction: The server, with abundant
computational resources, reconstructs the original data
using a computationally intensive reconstruction
algorithm. Distributed compression sensing leverages
temporal correlations among data from different nodes.

SN2. Data Estimation and Interpolation: The system
estimates environmental data at unmeasured locations
based on the restored data and interpolates the
environment value of the unmeasured points.

A. Environmental Sensor

Table I lists the sensors and their model numbers used
in this study. The sensors used in this study are shown in
Fig. 1. Sensors are connected to an Arduino, transmitted to
a Raspberry Pi using a wireless sensor module, and saved
as a CSV file. The air quality data thus obtained is used to
predict air quality components.

TABLE 1. SENSORS USED AND THEIR MODEL NUMBER

Sensor Model number
Temperature
Humidity BME280
Atmospheric pressure
Illuminance TSL2571
Carbon dioxide MHZ-19C

Fig. 1. Air quality monitoring sensor.

B. Spatial Prediction

In the proposed system, each sensor node first observes
time-series data. Next, each sensor node executes a
compression algorithm to compress the observed data. In
compressed sensing, the temporal correlation of the
acquired data is used to reconstruct the data by
compressing the time-series data. The compression
algorithm performs compression by calculating the
product of the observation matrix and the observed data,
which is described later. Since this compression algorithm
only performs matrix operations, it can be implemented
even on sensor nodes with limited computing and power
resources. By reducing the amount of data transmitted in
this way, transmission costs can be kept down. On the
server side, the data sent from each sensor node is received
and the compressed data is restored. The reconstruction
algorithm is a process that requires a lot of computing
power, but it is feasible because the server is assumed to
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have abundant computing and power resources. The fact
that the reconstruction algorithm focuses on the correlation
between the observed values of each sensor data is a
feature of distributed compression sensing that differs
from compressed sensing. After the compressed data is
restored, it is processed using a moving average to correct
errors. This is the overall process of distributed
compressive sensing in this research. Because processing
is performed on the server and sensor that is most suitable
for each resource, it is a system that can handle data
efficiently.

Fig. 2 shows the structure of the proposed system. The
proposed method uses distributed compressed sensing to
obtain environmental data for unobserved points.
Distributed Compressed Sensing is a method for restoring
compressed data based on the assumption that there is
correlation among signals in time-series data acquired by
several sensor nodes. Each sensor node compresses data
independently of each other, which reduces the power
required for transmission. The server can take advantage
of data correlation by restoring compressed data from the
sensors, which allows data recovery with a small number
of samples. The proposal also performs moving average
processing on the restored data to reduce errors. The
proposed method estimates the environmental location of
unmeasured points based on the values obtained from the
restoration results and interpolates the data (spatial
prediction).

Acquire environmental data

?: Data compression
Sensor 1 n \
= on ]
Sensor2 o=~ Data compression Resto
| - ration Restored data
-
| — o
Sensorj o= )
n Data compression
Server

Fig. 2. Outline of the proposed spatial prediction method.

1) Compression and restoration

Fig. 3 is an overview of the compression algorithm for
distributed compression sensing. It uses an observation
matrix of the same length as the acquired data. Multiplying
the data acquired by the sensor by a random matrix, called
the observation matrix, performs a compression of the
sensor data. It is well known that a matrix with elements
following a normal or Bernoulli distribution satisfies the
conditions for restoration with high probability. This study
uses a random matrix following the standard normal
distribution as the observation matrix. If the original
sensor data can be represented as sparsity data, it can be
restored. A basis transformation matrix is often used to
represent sparsity.

The unique sparse component z; obtained by the v-
weighted L1 norm minimization problem, which is a
restoration algorithm, can be used to estimate the spatial
data. In distributed compressed sensing, each data has a
common sparse component z, and a characteristic sparse
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component z;, and the sparse representation of the original
data is the sum of these components. In other words, the
sparse representation of the original data x; at the j-th
sensor node can be expressed as z.+z; . It can be
recovered by solving the y-weighted L1 norm
minimization problem can be solved (i.e., Z = (z, z;,
Zy ... zj) is obtained) [22]. Let the compressed databe ¥,
the basis transformation matrix be ¥, and the observation
matrix be @, then under the constraint Y = WdZ | we
solve:

(1

argminy,||z:||, + Z§=1 Yillzil11-

Acquired data

. . Nx1
Observation matrix !
MxN

Compressed data
Mx1

Y qu

A

Fig. 3. Data compression algorithm.

Then, we obtain Z = (z., z4, Z; .. Zj). The observation
matrix and the base transformation matrix must be
incoherent. Typically, the observation matrix in distributed
compressed sensing is a random matrix. Ideally, a random
matrix following a normal or Bernoulli distribution is
preferred. The choice of a random matrix is flexible,
provided that the default transformation matrix and the
observation matrix used in reconstruction maintain an
incoherent relationship. Commonly used random matrices
include:

1) Gaussian Random Matrix: A random matrix in which
each element of the m X n independently follows a
normal distribution with a mean of 0 and a variance
of =

m

2) Discrete Fourier Transform Matrix: A matrix
composed of rows randomly selected from the
discrete Fourier transform matrix.

These random matrices are chosen for their ability to
maintain an incoherent relationship with the default
transformation matrix, ensuring effective performance in
distributed compressed sensing applications. While any
observation matrix can be used as long as this incoherence

is preserved, this study employs a Gaussian random matrix.

This paper uses the Discrete Cosine Transform (DCT)
based base transformation matrix. Let ¢, [i] be DCT basic.
DCT basic Y for i-th column and k-th line is defines as

(2i+1)km

eili] = 2
/— cos
N 2N

where N is the number of lines. Using the DCT basis
@ [i] defined in the above equation, we can obtain the
discrete cosine transform of the discrete data. The equation
of the discrete cosine transform is shown below, where

1

N

(k =0)
2

(k=12,..N—1)
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c[k] is the data after the discrete cosine transform and f; is
the discrete data:

Clk] = X5 figelil (k=01,..N —1)
2) Interpolation

(€)

The spatial data are complemented from the sparse
component z; obtained by the y-weighted L1 norm
minimization algorithm, i.e., the data are complemented at
the observation points where no observation points exist or
where normal values are not obtained. When the number
of sensor nodes is J, the unique sparse component z;,. at
a new observation point J + 1 is determined as follows:

“)

In this study, we set the coefficients to be equal in the
case of a; +a;..q; =1, and to be weighted by the
RMSE of the target observation points of the observed
complement, which were observed in advance.

_ v/
Zpp1 = Xjoq 47

IV. EXPERIMENTAL RESULT

In this study, we apply the proposed distributed
compressive sensing to the indoor temperature, humidity,
atmospheric pressure, illuminance, and CO; concentration
data measured at 20-second intervals for 12 hours. Sensor
nodes were installed at five locations in our laboratory. At
each of the observation points from 1 to 4, two sensor
nodes were installed, one applying the compression
algorithm and the other performing normal measurements.
At the central observation point 5, a sensor node that
performs normal measurements was installed, which is
used as the correct answer for the accuracy check. A
schematic diagram of the installation points is shown in
Fig. 4. The measured laboratory space is 7.59 (m) in length
and 7.36 (m) in width. Taking the bottom-left corner as the
origin (0,0), sensors were placed at five locations: (1.60,
6.86), (0.53, 0.49), (7.09, 6.37), (5.50, 1.59), and (4.52,
3.67). This experiment is conducted to verify the
effectiveness of the proposed method (interpolation
without using a supervised machine learning model),
specifically to determine its effectiveness by examining
the accuracy of estimating environmental values at
unmeasured points, based on the measurements taken in
our experiment room. The potential of this method for
large-scale environmental monitoring will be explored in
future studies.

© ]
2/

\2)
[ d b
@ I

Fig. 4. Location of sensor node.
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In this section, we will first evaluate the power-saving
effect of compressed sensing when transmitting data.
Table II shows the power consumption for a compression
ratio of 70%, 50%, 30%, and 0% (no compression). In this
study, the power consumption of the entire sensor node
was 12.7Wh when only observation was performed
without data transmission. Therefore, the power
consumption for data transmission is the value obtained by
subtracting this value from the power consumption when
data is transmitted. From this table, we can see that the
higher the compression ratio, the more power consumption
can be reduced. It was found that the compression rate of
70% can reduce the power consumption during
transmission by up to 78%.

TABLE II . POWER-SAVING EFFECTS OF COMPRESSED SENSING

Compression ratio Power Consumption (Wh)

0% 5.4
30% 4.26
50% 4.24
70% 4.2

Figs. 5 and 6 show the results of the temperature and
CO2 supplementations when the compression rate is 30%,
and Figs. 7 and 8 show the results of the temperature and
CO2 supplementations when the compression rate is 50%.
Figs. 9 and 10 show the results of the temperature and CO2
supplementations when the compression rate is 70%. In
each Figure, the vertical axis indicates the observed values
and the horizontal axis indicates the time. The accuracy of
the interpolation data was generally stable for the
temperature data, but unstable for the CO, concentration
data. This is considered to be due to the fact that the
restoration and completion methods are not able to cope
with the highly localized and rapidly changing CO;
concentration data.
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Fig. 5. Temperature data (30%).
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Fig. 6. CO; data (30%).
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Fig. 7. Temperature data (50%).
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Fig. 9. Temperature data (70%).
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Fig. 10. CO; data (70%).

Next, the accuracy of the data is evaluated for
compression ratios of 30%, 50%, and 70%. The value of
the central observation point is supplemented with the
restored compressed data observed at four points in the
room. The accuracy of the supplemented data is evaluated
by the root mean square error (RMSE) of the non-
compressed data of the central observation point, which is
the correct data. The coefficients a_j of the characteristic
sparse components are adjusted so that the total sum of the
coefficients is 1.0, and the interpolated data is calculated
for both cases where the data is equally weighted and
where the weights are derived from the error between the
interpolated data and the correct data based on the RMSE.
If the coefficients for each sensor data have different
weights, and the error between the interpolation point and
the observation point is ¢;, the coefficient a; is expressed
by the following formula.

s
I
1

y_ =
]—1e]

&)

a]-=

Tables III and IV show the RMSE for the case where
the coefficients are constant and the case where the
coefficients are changed according to the error,
respectively. From the results of these tables, we can see
that, for a compression ratio of 70%, the maximum error
for temperature data is 0.85, for humidity data it is 1.65,
and for air pressure data it is 0.90, and that, as with the
accuracy of the reconstruction results, the data is generally
being supplemented with a high degree of accuracy. On the
other hand, there were cases where differences occurred in
data with strong local characteristics, such as illuminance
and CO> concentration. We believe that this can be
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improved by improving the reconstruction accuracy.
When setting coefficients based on errors from correct data,
it is necessary to obtain data from the observation points to
be supplemented in advance. However, in this study, even
if the coefficients are uniform for many environmental
data, the same or higher accuracy was obtained as the
method of setting coefficients based on errors. On the other
hand, looking at the accuracy of the interpolated data at a
compression ratio of 70%, we can see that the coefficient
setting based on the error may be effective in the case of
illuminance and CO, data. This shows that the coefficient
setting based on the error may be effective in some cases
depending on the characteristics of the data, such as the
locality of the data, by acquiring the error between each
observation point and the completion point through prior
observation.

Table III-V compares the RMSE of the proposed
method with that of a baseline method, which estimates the
environmental values at an unknown point (Sensor 5)
using the average environmental values of known
measurement points (Sensors 1 to 4). In this comparison,

the compression ratio of the proposed method is set to 30%.

From this table, it can be said that variance compression
sensing is accurate enough to be used as spatial
interpolation.

TABLE III. RMSE WITH EQUAL WEIGHT

RMSE RMSE RMSE
Parameter (30%) (50%) (70%)
Temperature 0.16 0.20 0.81
Humidity 0.54 0.78 1.39
Air pressure 1.10 0.91 0.87
Iluminance 6.80 24.72 18.03
CO, 341 55.37 40.13

TABLE IV. RMSE WITH THE WEIGHTS DERIVED FROM ERRORS

Parameter RMSE (30%) RMSE (50%) RMSE (70%)
Temperature 0.22 0.22 0.85
Humidity 0.88 0.68 1.06
Air pressure 1.32 1.32 0.89
Illuminance 2.33 25.56 17.08
CO, 3.81 56.01 36.45

TABLE V. COMPARISON WITH THE AVERAGE OF SENSORS 1 TO 4

Proposed method Average
Parameter (30%) (Comparison)
Temperature 0.22 0.47
Humidity 0.88 1.11
Iluminance 2.33 25.22
CO, 3.81 6.72

Next, we consider the variations in environmental
values during the experiment. Figs. 11 and 12 illustrate the
changes in CO» levels in the experimental room with and
without a few persons present, respectively. These
measurements were conducted separately from the main
experiment, with data collected every 10 seconds for
approximately one hour. In Fig. 11, the initial phase of
measurement (approximately 0 s—700 s) represents a
transient state due to the presence of the person who
configured the measuring instruments, causing
fluctuations in the values of Sensor 2. However, after this
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period, the system reaches a steady state, and the five
sensors exhibit a qualitatively consistent trend. The CO,
concentration in the unoccupied room remained relatively
stable. In contrast, when a person was present, the overall
concentration tended to increase over time, with sensors
positioned closer to the individual detecting even higher
values. This indicates that the presence of a test subject
significantly affects environmental values such as CO; and
that the distribution of these values fluctuates depending
on sensor placement. In Fig. 12, the five sensors exhibit a
qualitatively similar trend even in the presence of people
in the room. From Figs. 11 and 12, it can be concluded that
the environmental values at the measurement points are
correlated regardless of the presence or absence of people.

As a comparison with typical supervised machine
learning models, for CO,, when the training-to-validation
ratio is 7:3, the RMSE is 0.33 for the random forest model
and 13.1 for the Support Vector Machine (SVM). In
contrast, for the proposed method using variance-based
compressed sensing, the RMSE is 3.41 at a compression
ratio of 30%. In these experiments, data were measured
with a few people present, and the proposed method
achieved the same level of accuracy as typical machine
learning methods, even when some degree of bias was
present in the CO; values. These results indicate that the
proposed method can achieve a level of accuracy
comparable to conventional machine learning models
without requiring training data. Based on these
experiments, we conclude that the proposed method
remains effective even under environmental variations
caused by human presence.
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Fig. 11. CO, concentration distribution (empty).
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V. CONCLUSION

This study proposed a method for spatial and temporal
air quality predictions to obtain information on the local
atmospheric environment in a more energy-efficient
manner. The proposed method showed that distributed
compressed sensing provided environmental data for
unobserved points (i.e., spatial prediction). Future work
will use many types of environmental data to predict a kind
of environmental data in time with high accuracy. Our
results, which suggest that the proposed WSN with
distributed compressed sensing is effective in reducing the
number of spatial sensors and saving power, provide
valuable insights for future research approaches.

For future work, we will evaluate our method in a wider
and more diverse range of environments.
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