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Abstract.  The present work was developed based on the necessity to ensure the air quality
monitoring in places where there is a lack and difficulty of implementation due to the high cost
of monitoring stations. The SDS011 sensor and the Beta BAM1020 attenuation monitor were
used to evaluate the concentration of particulate matter. Duplicates of the sensor were used in
the monitoring site for comparison with the equipment, and to evaluate the readings and the
association with temperature and humidity data according to hourly and daily averages. Weak
correlations were obtained, with R² maximum value equal to 0.38, and a variable behavior of
readings estimation of the low-cost sensor in relation to the reference equipment, evaluated
from the  regression lines  and the  calculation  of  bias  errors,  which suffered  influence  from
abruptly high values. The precision was evaluated based on the coefficient of variation, with a
maximum value of 43%, and the maximum data completeness suffered a decrease due to energy
losses at the monitoring site, reaching a maximum value of 59%.
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1. Introduction
Air pollution is a widespread issue in cities all over
the world, affecting the population's  health due to
the particles of pollutants emitted by industries and
automobiles  which  penetrate  the  respiratory  and
circulatory  systems  [1].  The  World  Health
Organization  (WHO)  estimates  that  approximately
4.2 million people die each year as a result of the
exposure  to  air  pollution  and,  despite  the
increasingly  aggravating  scenario,  there  are  still
limitations  in  the control  of  emissions  that  would
ensure  the  monitoring  of  this  exposure  and could
provide  mitigation  strategies  [2].  The  biggest
challenge  faced,  especially  in  underdeveloped  and
emerging countries is the high investment required
in stations and equipment to monitor the pollutants
[3,4].

Nowadays monitoring is done through fixed stations
that  have  equipment  certified  in  terms  of
performance,  being  highly  accurate  and  able  to
measure a wide range of pollutants, however, they
involve high installation and maintenance costs and
still  have  limitations  in  relation  to  their  spatial
distribution  and  the  publication  of  sampling  data,

making many countries and cities unable to follow
the  guidelines  set  by  the  WHO,  as  is  the  case  of
Brazil [5].

The most recent effort to ensure the creation of a
National  Air Quality  Monitoring  Network in Brazil
was the 2021 National Pure Air Program, providing
an application with local air quality monitoring data
in  accordance  with  international  standards.
However, this platform contains data from only five
states  (out  of  26  states  and  the  Federal  District),
covering less than 50% of the Brazilian population
[6].

As  an  alternative  for  the  establishment  and
expansion of monitoring networks there is the use
of  low-cost  sensors,  including  sensors  for
particulate  matter  (PM)  analysis,  one  of  the  main
pollutants found in its two classifications according
to  particle  size:  PM2.5 for  particles  up  to  2.5
micrometers  in  diameter  (μm)  and  PM10 for
particles up to 10 μm  [7,8]. Not only it  is a cheap,
easy-to-install, and easy-to-maintain alternative, the
use  of  these  sensors  involves  low  energy
consumption  and  enables  real-time  monitoring
[9,10].  Recent  studies  have  compared  the  various
available  models  and  sensor  manufacturers;



however,  few  studies  have  focused  on  the  use  of
connectivity tools that enable the dissemination of
data and there is still a questioning - especially by
governmental  agencies  -  about  the  reliability  of
these  sensor  measurements,  their  appropriate
method  of  use  and  their  degree  of  accuracy  in
relation  to  the  equipment  considered  as  the
reference for the analysis [11–13].

Thus, considering the lack of air quality monitoring
in  Brazil  and  the  advantages  and  possibilities
regarding the use of  emerging sensors,  this  paper
proposed to evaluate the use of the low-cost sensor
SDS011  for  monitoring  the  concentration  of
particulate  matter  in  the  air,  comparing  its
measurements  with  those  from  the  attenuation
monitor  Beta BAM1020 through the calculation of
statistical parameters, evaluating the variations and
errors as well as its possibilities of application and
use. The comparison also included temperature and
relative humidity data, allowing the construction of
graphs  showing  the  distribution  of  particulate
matter concentrations according to the variation of
these parameters.

2. Methodology
2.1 Monitoring description
The sensor selected for this study was the SDS011,
developed by Inovafit, a spin-off of Jigan University
(Shangong,  China),  consisting  of  an  optical
technology using the principle of laser scattering to
obtain  the  concentration  of  particles  between  0.3
μm and 10 μm in air, including both PM10 and PM2.5

particles  [14].  The  concentration  of  PM10 will  be
analyzed through comparison with the BAM 1020
equipment, manufactured by Met One Instruments,
which is considered an equivalent method for PM10

measurement  by  the  EPA  and  the  corresponding
classifications by the European Union for measuring
PM10 and  PM2.5  [15]. The sensor was chosen based
on  its  low  cost,  low  power  consumption,  and  its
adaptability  in  different  locations  and  weather
conditions,  which indicates its  prospective use for
implementing  monitoring  networks  with  multiple
points within a city or country.

For  data  acquisition,  it  was  sought  an  alternative
capable of  maintaining the low-cost  feature,  but it
was  also  necessary  to  have  data  storage  and
visualization resources. Thus, it was decided to use
the Raspberry Pi, which is a low-cost computer the
size of a credit card, running the operating system
used and providing an alternative for data storage
[16].

The connection of the particulate matter sensor to
Raspberry  Pi  was  made  through  its  USB  ports,
allowing  the  identification  by  the  command
terminal.  After  installing  the  assembly  (Raspberry
Pi  +  SDS011)  the  internet  available  at  the
monitoring site was configured via Wi-Fi.

The data acquisition and transmission codes were
developed  in  Python  language.  The  particulate
matter  sensor  code  reads  the  serial  port  every  5
seconds and generates  the text  file  to register  the
PM2.5 concentrations,  which  are  stored  in  the
internal  memory  of  the  board  and  sent  to  cloud
storage  by  installing  the  Dropbox  package  for
Python,  synchronizing  through  its  Application
Programming Interface (API), also enabling remote
access and data download. All files were configured
to automatically display the time and date of each
reading with a header containing this information,
and the data acquisition and storage system in the
internal memory of the Raspberry Pi and Dropbox
was  configured  to  automatically  start  when  the
computer is turned on, thus preventing the system
from stopping completely in case of power outages.

The comparison of the SDS011 sensor with the Beta
radiation  attenuation  monitor  was  conducted
through  a  collaboration  between  the  Federal
University of Parana�  (UFPR) and the Instituto AL gua
e  Terra  (IAT),  from  the  Instituto  Ambiental  do
Parana�  (IAP), in the city of Ponta Grossa (PR). The
equipment  installed  at  the  station  measures  PTS
and PM10 concentrations. The sensors were attached
to  the  top  of  the  container  the  IAT  equipment  is
installed,  keeping  one  of  them  closer  to  the
BAM1020  air  inlet  and  separating  one  from  the
other  using  a  rod  (Figure  1),  to  evaluate  the
differences  between  the  sensors  and  equipment
readings.

Fig.  1 - Position  of  the  sensors  in  relation  to  the
BAM1020's air inlet.

The Raspberry Pi was synchronized with the Team
Viewer  software,  allowing  its  remote  connection.
This way, in addition to monitoring the data stored
in Dropbox in real-time,  it  is  possible to remotely
access  the  Raspberry  Pi  kept  in  the  station,
accessing  its  interface  (through  another  computer
using the previously configured ID and password)
and  making  alterations  to  the  codes  when
necessary.

2.2 Data analysis
For  data  analysis,  codes  in  Python  language  were
developed to calculate the averages, by reading the
files  generated  by  the  SDS011  sensor,  calculating



the  averages  per  minute,  and  then  the  averages
needed  for  comparison  with  the  reference
equipment, adjusted and calculated according to the
equipment's measurement time interval.

The  developed  code  was  also  used  to  build  the
graph that represents the correlation between the
data  from  the  SDS011 sensor  and the equipment,
also  enabling  the  calculation  of  the  determination
coefficient R2, bias, coefficient of variation (CV), and
data completeness.

The  correlation  curve  obtained  in  the  correlation
graph  is  represented  by  an  equation  of  the  form
y=ax  +  b  that  describes  the  sensor  behavior  in
relation to the reference equipment. The coefficient
of  determination  (R2)  was  obtained  from  the
regression line.

From  the  different  existing  ways  to  estimate  the
bias, equation (1) was used, in which B is the bias, C
is  the  mean  of  the  measurements  and  CR  is  the
concentration  measured  by  the  reference
equipment [17].

B=( C
CR
)− 1

(1)

Precision  was  evaluated  using  the  coefficient  of
variation (CV) obtained in terms of percentage from
equation (2) in which Cs is the standard deviation of
the measurements (obtained from the square root
of  the  variance)  and  Cm is  the  mean  of  the
measurements at a given concentration [17].

CV (%)=
Cs

Cm

×100
(2)

The  final  section  of  the  code  was  developed  to
analyze the data completeness (DC) from equation
(3) and to  analyze  the temperature  and humidity
data that were provided by IAT. Therefore, the code
was  also  used  to  plot  graphs  that  relate  the
particulate  matter  concentration  and  the
temperature  and  humidity  variations  during  the
monitoring period [17].

DC (%)= quantity of data obtained
quantity of dataexpected

× 100 (3)

3. Results
3.1 Cost and storage
The  final  cost  of  the  system  containing  the
Raspberry  Pi  model  3B+,  the SDS011 sensors and
the  necessary  cables  for  connection  was
approximately  U$130  (calculated  using  the
conversion of the Brazilian real based on the dollar
value in April 13, 2022). The text files containing the
concentration values were generated correctly, and
considering a maximum of four generated text files -
which  would  refer  to  the  monitoring  of  MP10 and
MP2.5 using duplicates - for 24 hours of monitoring,
the size of the folder in which the files were stored
did not exceed 4 Megabyte (MB). 

Files with header repetitions were detected, which
can be attributed to possible power outages at the
monitoring site or an abrupt switching on/off of the
Raspberry Pi, causing the codes to start running and
abruptly end. In this case the headers placed in the
middle of the files were removed. 

Peaks  of  values  exceeding  the  sensor's  detection
limit - which is 999 μg.m-3 for MP2.5 and 1999 μg.m-3

for  MP10 -  were eventually  detected.  Therefore,  to
check for possible errors that would interfere in the
comparison  result,  a  data  filter  was  added  to  the
code. The criteria was to classify values in the range
or  above  the  detection  limit  of  the  sensor  as
inconsistent.

3.2 SDS011 and BAM1020 Comparison
First, it was identified that there was a period with
failed readings, making it more feasible to select the
best interval for analysis and comparison with the
BAM  data.  The  selected  interval,  therefore,
corresponds  to  approximately  two  months  of
monitoring.  The  hourly  averages  of  the  sensors
were  calculated,  so  that  they  were  at  the  same
frequency  as  the  data  provided  by  the  BAM
equipment, and also the average of the values read
by each sensor in this interval,  generating a single
value for the SDS011 reading. The data initially used
showed  that  there  were  time  intervals  in  which
there  was  no  information  from  the  reference
equipment. Thus, it was necessary to remove these
missing  time  intervals  to  proceed  with  the
calculations and comparison.

The correlation found in the hourly data analysis is
considered low (Figure 2), with an R² value equal to
0.10. The average value of bias calculated was equal
to  214%.   The  coefficient  of  variation  reached  a
maximum value of 141% and a minimum of 0.05%,
reaching the average CV value equal to 43%. 

Fig.  2 - Correlation of SDS011 and BAM1020 data
considering houly averages.

The graph in figure 3 show the correlation between
the data from the low-cost sensor and the reference
equipment considering the local temperature and in
figure 4 considering the local relative humidity.



Fig.  3 - Correlation and distribution of hourly data
from  SDS011  and  BAM1020  considering  local
temperature.

Fig.  4 - Correlation and distribution of hourly data
from  SDS011  and  BAM1020  considering  local
relative humidity.

The daily averages of the sensors and the BAM1020
were  calculated  in  order  to  examine  whether  the
range used would generate significant differences in
the  correlation  and  errors  obtained  previously.  A
step was added to the code in this case, in order to
determine  if  the  hourly  averages  obtained  were
sufficient  for  the  calculation  of  the  daily  averages
since it is only valid if calculated with two-thirds of
the valid hourly averages [18]. Thus, considering the
total of 24 hours, it was checked if there was a total
of  at  least  16 hourly  averages  on each monitored
day.  Figure  5 shows the calculated  daily  averages
from  both  sensors  and  BAM1020  and  the  sensor
average.  Values  above the sensor's  detection  limit
were removed in this case.

Fig. 5 - Valid daily average from SDS011 sensor and
BAM1020.

There  was  an improvement  in  the  correlation  for
the daily averages,  with an R² value equal  to 0.38
and  an  average  bias  value  equal  to  160%.  The
graphs from figure  6 show the correlation for the
calculated daily average including temperature data
and  the  graph  from  figure  7 includes  relative
humidity  data.  For  better  visualization,  an
adjustment  was  made  in  each  graph  to  the  scale
from  400  to  60,  excluding  4  points  with  higher
averages.

Fig.  6 - Correlation  and distribution  of  daily  data
from  SDS011  and  BAM1020  considering  local
temperature.

Fig.  7 - Correlation  and distribution  of  daily  data
from  SDS011  and  BAM1020  considering  local
temperature.

Data  completeness  was calculated  considering  the
data  expected  from  SDS011,  since  BAM1020
reported  some  insufficient  hourly  averages.
Considering  the  hourly  averages,  the  data
completeness  for  the  full  monitoring  period  was
59%.  Considering  the  daily  averages  the
completeness was equal to 55%.  The table 1 shows
the  summary  of  the  results  obtained  regarding
hourly and daily averages.

Tab. 1 - Results from SDS011 and BAM1020 
comparison.

Slope
intercept
formula

R2 Bias
(%)

CV
(%)

DC
(%)

Hourly
averages

y  =  5,87x
– 29,86

0,10 214 43 59

Daily
averages

y = 15,47x
– 153,03

0,38 160 41 55



4. Discussion
The  cost  of  the  implemented  system  was  low
compared to the reference equipment and proved to
be an alternative to enable air quality control even
when  there  is  a  lack  of  financial  resources.
Regarding the storage capacity,  the system can be
kept running using only the internal storage, in case
it  was  necessary  or  there  was  no internet  access,
and still storing the data on Cloud for more than 1
year taking into account the total of about 120 MB
of data  expected per month and 1440 MB of  data
expected per year.  In this  case,  free cloud storage
accounts  offer  sufficient  byte  limitation,  such  as
Dropbox with 2 Gigabytes (GB) of free storage.

The  files  that  contained  repetitions  in  the  header
were attributed to the local power outages or to the
Raspberry Pi being suddenly turned on/off, causing
the codes to start running and then abruptly stop.
However,  this  shows  that  the  automatic  code
startup  configuration  for  data  acquisition  and
transmission  worked  correctly  and  prevented  file
loss  as  well  as  interruption  of  monitoring,
representing a further advantage over conventional
monitoring  methods  that  rely  on  repair  and
maintenance to re-establish the system.

Since  the  established  reading  frequency  for  the
SDS011  sensor  was  small  the  adoption  of  the
filtering  criteria  did  not  negatively  affect  the
comparison,  since  the  data  set  remained  large
enough  to  calculate  the  averages  per  minute.  In
addition to the application of the filter, the analysis
of  data  consistency  allowed  the  identification  of
missing  or overwritten data,  attributed to  reading
failures or sensor malfunction.

The correlation found in the analysis of hourly data
indicated  a  negligible  correlation  and the  straight
line  equation  indicated  the  existence  of  high  bias
errors  and the  tendency  of  the  SDS011  sensor  to
overestimate  the  concentrations,  which  was
confirmed by the calculated value.  It is understood
that the mean errors were high because the sensor
readings  reached  very  high  values,  which
contributed  significantly  to  increasing  the  final
averages.  However,  there  were  still  very  similar
readings.  In  the  analysis  of the  percentage
differences of each sensor in relation to BAM1020, it
was found that the sensor placed closer to the air
inlet of the equipment obtained smaller differences.
The  highest  value  obtained,  equal  to  99%,  was
related to the sensor located at the outermost end of
the  rod  attached  to  the  site,  which  shows  the
sensitivity of the sensor and the importance of the
proper  placement  of  the sensor at  the monitoring
site.

From  the  analysis  of  hourly  averages,  it  was
possible  to  observe  that  there  are  concentrated
values of higher temperatures with lower readings
in  the  SDS011  sensor  compared  to  the

concentration  measured  by  the  reference
equipment.  Looking  at  the  graph  that  inserts  the
local  humidity values,  a tendency of  the sensor  to
overestimate the concentrations of MP10 when the
relative humidity is low is noticed, and this behavior
is contrary to that observed in the concentrations of
PM2.5 in the study of Tagle et al. (2020), which may
mean  a  difference  in  the  influence  of  these
parameters in relation to PM10 and PM2.5.

There was an improvement in the correlation when
considering daily averages, with R² value indicating
a  moderate  correlation.  However,  the  slope
intercept equation  obtained  also  indicated  the
existence of high bias errors and the tendency of the
SDS011 sensor to overestimate concentrations. 

The temperature and humidity data according to the
calculated daily average allowed us to infer that at
lower  temperatures  and  relative  humidity  (below
20ºC  and  80%)  the  highest  values  were  obtained
from  the  SDS011  sensor,  overestimating  the
reference  equipment.  It  is  noteworthy,  however,
that for the daily data the temperature had a small
oscillation of less than 10ºC throughout the period
considered,  which  makes  it  harder  to  establish  a
direct  relationship  between  temperature  and
particulate  matter  concentrations.  Similarly,  the
relative  humidity  did not  reach  low values,  below
50%. Therefore, it is expected that monitoring over
a  longer  period,  covering  different  seasons,  will
allow  more  effective  analysis  of  the  relationship
between the concentration of particulate matter and
climatic  variables  in  the  SDS011  sensor  readings,
leading to a correction of concentrations from these
data  and  the  measurements  from  the  reference
equipment.

The  data  completeness  value  found  is  considered
low to ensure efficient monitoring and is probably
related to power losses or other technical problems
at the monitoring site, since the IAT team notified
and reported every time there was a possibility of
data loss, also observed in the reference equipment
so that the sensor's operation could be checked. 

5. Conclusion
The  implemented  system  using  Raspberry  Pi
represents a cheap and efficient alternative for the
use of sensors, especially applied to the acquisition
and  transmission  of  data  from  low-cost  sensors.
The  performance  of  SDS011  in  relation  to  the
equipment  showed  great  variation,  which  may  be
related  to  specific  monitoring  conditions,  such  as
the type of installation, the distance between sensor
and equipment,  different frequency of readings,  as
well as external influences such as weathering.

Regarding  the  criteria  established  internationally
for the use of the sensor, the most critical  was the
bias error, having higher values than those found in
the study by Badura et  al.  (2018), which obtained



results between 61% and 80%.  Data completeness
was influenced by power outages at the monitoring
site,  but  this  problem  can  be  solved  by  using
external batteries or solar panels to supply power to
the  Raspberry  Pi  since  its  energy  consumption  is
low

The  temperature  and  humidity  data  showed  the
distribution  of  PM10 concentrations,  however,  no
dependent relationships of the sensor response on
local  temperature  and  relative  humidity  were  yet
found.  It  is  suggested for future  work,  to  proceed
with  comparisons  for  a  longer  period  in  order  to
adjust and correct the concentration of particulate
matter based on relative humidity and temperature.
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