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Abstract 

Particulate matter is a growing health concern that is considered to contribute to many diseases. To 

develop appropriate air filtration systems, we need to understand how particulate matter affects air 

filters. In this project, we implement an automated data acquisition system for an air filter test rig. 

The data acquisition system allows us to gather empirical data on how particle matter affects air 

filters over time. Although the quality of the air filters does not reach critical levels, there is a 

measurable degradation. The collected data is used to train and validate a machine learning model 

that can evaluate air filter quality. This machine learning proved to be a powerful tool in air filter 

evaluation and performs with 99% accuracy on test data. The result of this project is a fully 

functioning data acquisition system along with a user interface that considerably reduces the 

number of man-hours needed to perform tests of filters. In addition, the automated data acquisition 

system can notify the operator when the rig needs a change of filter or when certain faults occur. 

Unfortunately, the project did not reach its original goal of being able to automatically determine 

when the test rig needs maintenance or re-calibration. 

Keywords 

Data acquisition, Automation, Particulate matter filtration, Filter quality evaluation, Machine 

learning. 
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Sammanfattning 

Luftburna partiklar är en växande hälsorisk som anses bidra till ohälsa. För att utveckla lämpliga 

luftfiltreringssystem måste en bättre förståelse nås för hur luftburna partiklar degraderar luftfilter. I 

det här projektet så implementeras ett automatiskt datainsamlingssystem i en testrigg för luftfilter. 

Datainsamlingssystemet samlar in empiriska data för hur luftburna partiklar degraderar filter över 

tid. Även om luftfiltren inte når kritiska nivåer, visar testerna på en mätbar degradering. Insamlat 

data används för att träna och validera en maskininlärningsmodell för att utvärdera filterkvalitet. 

Maskininlärning visade sig vara en kraftfull metod för att utvärdera luftfilter med 99% noggrannhet 

för testdata. Resultatet av det här projektet är ett fullt fungerande datainsamlingssystem 

tillsammans med ett användargränssnitt som avsevärt minskar tidsåtgången för att utföra test och 

utvärdera filter. Dessutom kan det automatiska datainsamlingssystemet meddela operatören när 

riggen behöver byta filter eller när vissa fel uppstår. Återstående arbete består i att implementera 

när testriggen behöver service eller kalibrering. 

Nyckelord 

Datainsamling, Automatisering, Partikelämnen filtrering, Filter kvalitetsutvärdering, 

Maskininlärning. 
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1 Introduction 

Particulate matter (PM) consists of liquid or solid particles that get mixed with the atmosphere 

through pollution. Due to their minuscule size, they are undetected by the human eyes and can 

quickly disperse through the body when inhaled. PM is a growing health concern, and studies show 

that it can have serious adverse health effects [1, 2]. These health effects can influence 

cardiovascular, repository, and cerebrovascular diseases [2–4]. It has also been shown to affect 

children’s lung development [5]. PM is generally categorized by size, and it seems the smallest 

particles pose the most significant health threats  [6]. Research and data collection is necessary to 

find ways to limit people’s exposure to these hazardous particles. 

A data acquisition system (DAQ) collects information from the physical world for processing. 

Data collection is done by connecting a computer to sensors. The sensors interpret some physical 

phenomenon, e.g., pressure, sound, or light, and transform it into data (in the form of an analog or 

digital signal). DAQs can consist of multiple sensors, actuators, data acquisition hardware, and 

computers. These systems can be of help when finding ways to reduce particle exposure for humans.  

In this project, we aim to design and implement a DAQ system for a rig that tests air filters. We 

will implement machine learning functionality into the system that can evaluate the quality of the 

air filters. To do this, we will first automate the test rig to make data collection possible on a larger 

scale. Once the automation has finished, we will collect data to understand how air filter quality 

changes with use. This will allow us to create a machine learning model that can monitor air filter 

quality. Finally, this model should be predictive of the need for a change of filter. 

1.1 Background 

Blueair Cabin Air (BCA) makes air ventilation systems that filter out airborne PM. Their product 

utilizes ionization to increase the absorption of smaller particles. To verify and validate their 

product, BCA constructed an air filter test rig. However, a considerable amount of manual labor is 

required to perform tests with this rig. The testing engineer needs to stand next to the test rig and 

copy values from sensor displays into an Excel sheet. Also, this engineer must manually change the 

position of the particle counter by swapping tubes. This periodic swapping destabilizes the particle 

counter since it introduces air from outside the test rig when each swap occurs. All this manual work 

makes the procedure tedious for the engineer, increasing chances for errors. Automating the 

procedure would allow data collection on a much larger scale. Creating the opportunity for further 

data analysis as well as allowing the engineer to control the test rig remotely. 

Figure 1-1 shows a schematic of the test rig. Air travels through a series of compartments. A fan 

blows air from the surroundings into the air inlet filter. Then the air is mixed with particles by an 

aerosol generator. An ionization compartment allows the user to test filters (from the production 

line). By ionizing the particles, there is an increase in the absorption of finer particles. Part of the 

function of the product is based upon this ionization as it increases the filter’s absorption of 

particles. After the air passes through this test filter, it is finally exhausted to the room through a 

high-efficiency air outlet filter.  

Multiple sensors are attached to the rig. Two pressure sensors are used to measure the pressure 

drop over the ionization portion of the product as well as the filter. An airflow sensor is used to 

measure the speed of the airflow in order to control the fan. Two voltage meters are used to monitor 

the current and voltage going to the ionizer. The first voltmeter is used to measure a voltage drop 

over a resistor. This voltage, together with knowledge of the relevant resistance, is used to calculate 

the ionization current. The second voltage meter is used to measure the voltage outputted from the 

power supply. The power supply powers the ionization product. The particle counter is used to 

measure the number of particles in the air (both upstream and downstream). Since the particle 
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counter has only a single intake, a solenoid valve is used to switch the measurement’s position (i.e., 

where the particle counter is connected). The level shifter is used to amplify the control signal to the 

fan. Finally, Figure 1-2 shows an image taken of the test rig along with most of its components 

visible. Note that this is taken before any work has been done, hence some hardware is not present. 

 

Figure 1-1: Schematic of the test rig. Components are shown as rectangles while sensors, actuators, and 

hardware are shown as ellipses. Airflow travels along the whole line through the rig. The dotted 

lines show data and control signals with arrows indicating the direction of dataflow. 

 

Figure 1-2: An image of the test rig. 
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1.2 Problem 

In this project, we want to analyze reduction in filter quality caused by extensive PM filtration. 

Furthermore, we are interested in using machine learning to detect a need for a filter change. To do 

that, we first need to automate the DAQ to collect enough data to yield a meaningful analysis.  Our 

problem statement is, therefore: How does PM affect filter quality over time and is machine learning 

a useful tool to evaluate that quality? 

1.3 Purpose 

The purpose of this thesis is to explore ways to evaluate filter quality. We examine existing methods 

that apply to general engineering systems. Furthermore, we are interested in asserting certain 

quality levels rather than completely ruined filters, since it is unclear that we can generate enough 

data (within the duration of this project). The method needs to be able to notify the user of a need 

for a filter change, and thus, it needs to act in near real-time. Finally, we want to see if these 

methods can be extended to predict the remaining useful life (RUL), although we might not 

implement this feature it would be valuable research since it builds upon this thesis and would 

enable the company to schedule filter change. 

The primary purpose of the project is to create value for BCA by reducing the manual labor 

required to use the test rig. Automating the DAQ will do just that. At the same time, this automated 

DAQ will generate the necessary data for this thesis. Additionally, automation could increase the 

efficiency of the rig and make it more reliable. By moving data processing from Excel documents to 

a general-purpose programming language, we hopefully pave the way for further development and 

better analysis of the collected data. Finally, we want to make the rig more natural to use by 

developing an improved user interface.  

We anticipate some issues regarding ethics and sustainability that we need to be aware of in this 

thesis project. Since we are developing a system that evaluates air filters, we have a responsibility to 

be accurate. People need to be able to rely on products that the manufacturer says reduces pollution 

(as this pollution can be hazardous to people’s health). Furthermore, our system needs to be aware 

that false positives can be unsustainable, as throwing away usable filters wastes both time and 

resources. This means we must produce a model that is accurate enough that it can be trusted. 

1.4 Goals 

The goal of this project is to design and implement a DAQ system and demonstrate the usefulness of 

the data collection by developing a machine learning model that can evaluate air filter quality. This 

has been divided into the following five sub-goals: 

1. Automate the DAQ process and implement an improved user interface, 

2. Use the DAQ system to collect data on how filter quality changes with use, 

3. Use part of the data to train a machine learning model that can evaluate filter quality, 

4. By using the remainder of the collected data, we can validate the machine learning model,  

5. Examine how our model can be extended to estimate RUL of the filter. 

1.5 Research Methodology 

During this project, we will collect empirical evidence on how PM affects filter quality. Following 

that, we will use the quantitative method to analyze the collected data. 
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1.6 Delimitations 

We expect that filters are made to last for a long time. Therefore, we might not see a substantial 

drop in filter quality in our experiments. In that case, we will focus on detecting when the filters 

cross a defined quality threshold instead of when it becomes unusable. Better detection will have to 

come with future data collection. Also, we will not compare different machine learning algorithms. 

We are only interested in building a model that can effectively and accurately evaluate filter quality 

based on the collected data. Finally, since the test lab has temperature control, we assume that 

temperature is constant. 

1.7 Structure of the thesis 

In Chapter 2, we better explain the background knowledge that is necessary to understand the rest 

of the project entirely. We give information on DAQ systems, machine learning, and talk about what 

we have found on filter quality detection in literature. Chapter 3 presents the methodology and 

method used to solve the problem. We discuss how data collection will be performed, we give 

further information about the air filter test rig, and what software will be used for data analysis. 

Chapter 4 explains the implementation and design of the DAQ system and the graphical user 

interface (GUI). Chapter 5 will present the results and analysis. Finally, we will state our conclusions 

and suggest areas of future work in Chapter 6. 
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2 Background 

This chapter we will present necessary background knowledge as well as related work that we have 

found in literature. We explain how DAQ systems work and their most common components. Then 

we will go on and give a general overview of machine learning and its applications. Additionally, we 

talk about the characteristics of PM and different quality levels of filters that we will want to be able 

to detect. Finally, we give three examples of other work that have dealt with detecting filter quality 

and how we can benefit from that work. 

2.1 DAQ systems 

The single-board computer that will be used in this project is a Raspberry Pi 3 B+ [7]. The specific 

model was chosen for its improved computational power over older models, while still being 

budget-friendly. Additionally, it offers a wide range of communication channels, such an HDMI 

port, 4 USB ports, Ethernet port, and Wi-Fi interface. The Raspberry Pi also makes it easy to send 

and receive digital signals as well as output pulse width modulation (PWM) signals. The operating 

system that will be used to control the computer is the Debian-based Raspbian [8], which makes it 

compatible with a lot of software. The Raspberry Pi community is both vast and active. Thus, 

documentation and support are freely available. All these features make this type of computer highly 

flexible, and when added to the fact that it is low cost, it is an excellent candidate for DAQ systems. 

However, the Raspberry Pi 3 B+ does not support analog input signals. For that, we need DAQ 

hardware. We will use the Measurement Computing CorporationUSB-1608G [9] to collect analog 

signals and to control some of the components. Its functionality includes single and differential 

analog channels, digital input and output, and a clock signal. It connects to the Raspberry Pi via 

USB. It comes with Raspbian drivers that are used to communicate with the DAQ hardware. These 

drivers are used to abstract low-level operations to make the hardware more accessible to higher 

level languages. The USB-1608 has drivers for both C and Python [9].  

Python [10] is a dynamic, fully featured multipurpose programming language and is what will 

be used to develop the system.  It has a community of devoted users that have developed a range of 

open source modules that can aid us in this project. These modules include plotting graphs [11], 

mathematical frameworks, and training models for machine learning [12].  

2.2 Machine learning 

Machine learning is a subfield of artificial intelligence. In machine learning, a model is trained to 

recognize patterns. The training is done by feeding training data to the model. Machine learning is 

further categorized into supervised and unsupervised learning. When doing supervised learning, the 

training data is labeled to map inputs to specific outputs. The machine learning algorithm then tries 

to find relationships and rules between the labels and training data. An example of supervised 

machine learning could be a model that detects spam emails. The training data would be a collection 

of emails that are either marked as spam or not.  The model then learns to detect specific patterns 

that are persistent in spam. Once the model has been trained, it is validated by feeding it further 

data that is not labeled. If the model detects spam with high efficiency, it is considered accurate. 

Unsupervised learning is done when the training data is unlabeled. It is most often utilized when the 

user has an extensive data set and is trying to discover something about it, such as clusters.  

We aim to use supervised learning in our filter quality evaluation. We will label our data to 

indicate the filter’s condition. The machine learning algorithm will then search for patterns, rules, 

and relationships between the data and quality types.  
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Artificial neural networks (ANN) are used in machine learning, and they have gained much 

popularity due to their ability to approximate nonlinear functions [13]. ANNs are made up of layers 

of neurons that consist of an input layer, an output layer, and at least one hidden layer between 

them. Data is given to the model through the input nodes, and a result is read from the output 

nodes. By defining what output the model should give for an input, the ANN can adjust the weights 

between nodes in the hidden layers to try to fit the test-data.  

ANNs have shown promise in fault detection, which we consider to be relevant for filter quality 

evaluation. They require a large amount of data to construct a good model, and developing a good 

model is mostly done through trial and error [14]. Some of the problems that come with 

constructing an ANN for fault detection are: 

• Acquiring a representative and sufficiently large training set 

• Deciding the number of hidden layers and number of nodes in said layers, 

• Selecting an activation function for each layer, 

• Balancing model accuracy against adaptability to unseen data, 

• Defining confidence levels on the final output. 

The main advantage of using neural networks for prognostics is that complex, multi-

dimensional, non-linear systems can be modeled without understanding the physical system 

behavior. Models can facilitate the use of any type of input data and can combine very different 

types of input data (e.g., sensor readings, fuzzy inferences, and user inputs). There is also a vast 

number of user-friendly software packages available for developing neural networks. In fact, most 

commercially available prognostic modeling systems use ANNs for RUL prediction [14]. A downside 

of this is that ANNs have an inherent inability to explain themselves. Consequently, manually 

mapping the model’s outputs to physical phenomena is fundamental to a successful implementation 

of a model in practical applications (e.g., maintenance planning). 

2.3 Related work 

In this section, we discuss some of the literature that is relevant to this thesis. Three systems are 

discussed that attempt to detect when a particle filter needs changing.  

2.3.1 Predicting the remaining life of an air filter by monitoring change in pressure drop 

An apparatus [15] measures pressure differential over a filter element. The apparatus is designed for 

filters for diesel engines. These engines require a large amount of combustion air, and that air needs 

to be clean of particles, so as not to contaminate the engine. A program periodically collects data 

about the pressure differential over the air filter. The authors discovered a linear relationship 

between these measurements and the maximum lifetime of the filter elements. The apparatus can 

then estimate the time until the filter cartridge needs to be changed.  

One of the benefits of this solution is that the estimation is based on the slope of the curve. That 

means that it can react to both fast and slow changes in the pressure differential. That is useful since 

there are many factors that affect the number of particles in the air, such as road quality and 

amount of traffic [1]. 

This work can benefit us since the test rig has a sensor that measures the pressure differential 

over the filter element. Additionally, if BCA decides to implement our solution into their product, it 

is better to base it on pressure sensors than particle counters since pressure sensors would be a 

more cost-efficient solution.  
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2.3.2 Detecting a filter’s failure state using a PM sensor 

Another way to estimate the quality of a filter is by using a PM sensor. Vehicles must meet specific 

standards when it comes to gas exhaustion. Therefore, the authors developed an apparatus [16] that 

can detect when the filter enters a state where it is unlikely to meet these requirements. The 

apparatus uses a PM sensor to estimate the efficiency of the filter. This could prove useful for us 

since we have access to a particle counter. The authors of this work have discovered that in a healthy 

state, the efficiency of the filter is higher than in a failure state.  

The authors state several things they have learned that could prove useful for us in our design 

[16]: 

Collection efficiency depends on the particulate matter accumulation. With use, the filter 

accumulates PM, and with increased accumulation, the collection efficiency drops. This means that 

the filter gets worse with continuous use. This tells us that we should be able to measure the 

declining quality of our filters under tests. 

Collection efficiency depends on the exhaust flow rate, where the exhaust flow rate is the 

number of particles that get through the filter. When the collection efficiency drops, more particles 

get through, which means the exhaust flow rate grows. 

PM deposit ratio becomes lower as the exhaust flow rate becomes larger, where the PM deposit 

ratio is the estimated number of particles in the exhaust. When the exhaust flow rate increases, the 

particulate matter sensor catches fewer particles, and this difference must be accounted for. Even 

though it is not apparent that the particle sensor we will use will be affected in the same manner, 

this is a good thing to be aware of.  

The authors also mention how temperature can affect the system. Our system is different in that 

we should be able to consider the temperature a constant. The authors cannot do that since they are 

dealing with a high temperature in an internal combustion engine. Although we should note that the 

product that BCA is developing will be placed inside cars which could be warmer than the test lab. 

However, we consider this to be outside the scope of this thesis but could be valuable future work. 

For this reason, we list the temperature related aspects for future reference [16]: 

The higher temperature of the electrodes of the PM sensor results in lower PM deposit ratio due 

to thermal migration. The particle sensor makes use of two electrodes that gather PM, and by 

measuring the current between the electrodes, the amount of PM can be estimated. This means that 

when the electrodes become warmer, they measure a lower number of particles. 

2.3.3 Detecting the dirtiness of a filter 

An apparatus [17] was designed to indicate the degree of dirtiness of an air filter. Its inputs are 

pressure on the clean side of the filter, the rotary speed of the engine, and the load on the engine. 

The design is simple, and the most advanced version checks if all these metrics exceed a certain 

threshold. If they do, then a counter is incremented, and after a certain number of increments, the 

filter’s dirtiness indicator is signaled.  

2.4 Summary 

We found three patented solutions for failure detection for air filters. There seems to be an 

agreement that the most critical parameters are particle count and pressure drop across the filter. If 

higher particle count speeds up filter degradation, then consumers in highly polluted areas require 

more frequent filter change. Higher pressure drop over the filter could also have other side effects 

than reduced filter quality. Reduced air circulations can put excessive stress on fans, which wastes 
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energy. Decreased airflow through the filter means that fewer particles get carried through, leading 

to an overestimation of filter efficiency and quality. This was to be expected, and the test rig is 

equipped with sensors to measure these parameters. We will, therefore, focus on these parameters 

when we look for signs of degrading filter quality. 

The literature also showed that pressure and particle count is influenced by temperature. Since 

the test rig is in a temperature-controlled test lab, we can most likely assume that the temperature 

will remain a constant through our experiments. However, that might not be the case once BCA’s 

product enters the real world. Temperature as a variable could be something worth exploring. 

Therefore, we suggest that this will be explored in future work. 

Since we are automating the DAQ, we will have the opportunity to collect data on a much larger 

scale than was previously possible. Machine learning seems to excel when plenty of data is available, 

and we have seen that ANNs are used in prognostics. Machine learning is used in prognostics and is 

likely to be a powerful tool for our filter quality evaluation.  

It is worth to note that the presented patents were designed for engines and not to reduce 

pollution for humans. We have seen that the finest particles pose the greatest threat for humans, but 

that might not be the case for vehicle engines. It is not clear for us that these are the same thing 

since we are most interested in reducing the count of the smallest particles 
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3 Evaluation of Air Filters 

The purpose of this chapter is to provide an overview of the research method used in this thesis. 

Section 3.1 describes the research process. Section 3.2 details the research paradigm. Section 3.3 

focuses on the data collection techniques used for this research. Section 3.4 describes the 

experimental design. Section 3.4.2 explains the techniques used to evaluate the reliability and 

validity of the data collected. Section 3.6 describes the method used for data analysis. Finally, 

Section 3.7 describes the framework selected to evaluate the machine learning model. 

3.1 Research Process 

Figure 3-1 shows the steps necessary to carry out this research. We start by designing and 

implementing a DAQ system which is further discussed in Section 3.4. The filter’s efficiency and 

quality will be observed in a series of tests. The collected data will be used to identify a reasonable 

point when test rig needs a change of filter. Following that, the test data will be processed, so it is 

suitable for training a machine learning model. Finally, the machine learning model will be tested to 

verify how well it identifies the need for maintenance and recalibration.  

 

Figure 3-1: Research process. 

3.2 Research Paradigm 

Our research paradigm is based on observing a change in the filter’s quality by conducting a 

series of tests. Notably, changes in the filter’s efficiency and an increase in the pressure drop over 

the filter. We base the observation on the literature, as discussed in Section 2.3. 

3.3 Data Collection 

Data collection will begin once the DAQ has been automated. Two new filters will be put through a 

series of tests where they will be used to filter air containing a high number of particles. The 

duration of the tests needs to be long enough to have noticeable effects on the filters’ qualities. 

However, exactly how long is currently unknown. The manufacturers of the filter that will be tested 

in this project recommend a replacement every one or two years depending on the operating 

conditions. In highly polluting environments, less time is required for a change. Hopefully, a highly 

polluted environment can be simulated with the test rig since it is equipped with an aerosol 

generator that can be controlled. By increasing the particle emission of the aerosol generator, it 

should be possible to decrease the operating lifetime of the filter radically.   
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3.3.1 Recipes 

Tests are defined by recipes or test protocols. Each recipe is a collection of steps that are called 

recipe phases. Each phase is a configuration of all instruments, notably fan speed, ionizer voltage, 

and particle measurement position (before or after the filter). During these phases, the test rig’s 

data is collected and recorded periodically. The data collection can either last until stability is 

reached in particle data or for a specific duration. Stability is considered to have been reached when 

all the last six measurements are within 2% of their mean. That is, once we have calculated the 

average of the last six measurements, we check if all measurements are within 2% of that 

calculation. If that is the case, we consider the measurements to be stable. An example of a recipe 

would be the following: 

• Airflow set to a constant 300 𝑚3/ ℎ, 

• Measure particle level upstream until it reaches stability, 

• Switch to measure particle level downstream until it reaches stability, 

• Turn ionizer on at 7kV and measure until particle level reaches stability, 

• Turn ionizer off and measure until particle level reaches stability, and 

• Switch to measure particle level upstream and measure until it reaches stability. 

This recipe consists of five phases, which are listed in Table 3-1. 

Table 3-1: Example of a recipe. 

Phase Airflow [𝒎𝟑/ 𝒉] Ionizer 

Voltage [V] 

Position Duration 

1 300 0 Before Filter Until Stable 

2 300 0 After Filter Until Stable 

3 300 7000 After Filter Until Stable 

4 300 0 After Filter Until Stable 

5 300 0 Before Filter Until Stable 

 

Figure 3-2 shows the data acquisition process. A recipe is loaded into memory, and the 

instruments are configured per the first phase. This phase can either be set to finish after the 

particle level has reached stability or after a total number of seconds. The phase loop consists of 

sampling the sensors at the rate they produce data. When data is received from the particle counter, 

it is recorded along with the latest sensor data as a single measurement. The data is recorded then 

because the particle counter has the slowest sampling rate. When the phase is finished, either the 

next phase is started, or if it is the last phase, the test is considered finished. 
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Figure 3-2: Data collection flow. 
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3.3.2 Sampling 

The parameters that we will be sampling in our tests are: 

1. Data from four pressure sensors, two in the filter compartment and two in the ionizer 

compartment, 

2. Particle counter output (either before or after the filter), 

3. The position of the particle count solenoid valve, 

4. Airflow speed,  

5. Voltage to ionizer (measured using a voltage divider), and 

6. Current to ionizer (measured over a reference resistor). 

3.3.3 Sample Size 

As mentioned previously, we do not know how fast the filter’s efficiency will drop. There are real-

world limitations that we face, which limit the amount of time during which tests can be done. One 

of the sources limiting this time is access to the test rig itself, as other employees of BCA need to 

have access to it (moreover, their access is not structured). Therefore, it is unknown whether test 

longer than a couple of days can be performed. The time available for testing will determine the 

sample size. Hopefully, we will be able to test at least two filters. One will serve as training data for 

the machine learning model, and the other one will be used to verify the model. 

3.4 Test Rig 

BCA tests its products to show that they meet specific standards, which helps assure customers that 

a certain quality is met. A standard for particulate filtration is the DIN71460-1 standard [18]. The 

CAT3 test rig described in this section was built to test pressure drop and filtering efficiency of a 

filter, with and without an ionization unit, according to this standard. The test rig is equipped with a 

particle counter and pressure drop meters. Table 3-2 summarizes the test rig’s equipment. One 

thing to note here is that the aerosol generator (which introduces particles to the air) uses Di-Ethyl-

Hexyl-Sebacate (DEHS) as test aerosol.  

Table 3-2: Overview of CAT3 test rig’s equipment. 

Air inlet fan EBM Papst, K3G250-RD17-03 RadiCal [19] 

Air inlet filter MEGALAM MGL 14-610x610x110-11 (311661) [20] 

Air outlet filter CAM GT 3V-600-E10 592x592x600 (207461) [21] 

Pressure drop meters Micatrone, MicaFlex PD, version 3 [22] 

Airflow meter Micatrone, MFS-C-160 plus MicaFlex PFT [23, 24] 

Aerosol generator TSI, Portable Test Aerosol Generator, Model 3073 [25] 

Particle counter Grimm MiniWRAS [26] 

Ionizer power supply IdealTek Electronics, LTP Series High voltage Test DC Power 

Supply* 

 

                                                           
* This product does not seem to be currently available online 
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3.4.1 Additional Hardware 

Table 3-3 shows the hardware we will be adding to the test rig. We will be modifying the test rig to 

add automatic DAQ features to it by adding a computer, DAQ hardware, a temperature and 

humidity sensor, and a solenoid valve to control the position of where the particle counter gets its 

airflow. Figure 3-3 shows the electrical cabinet that was constructed for this project. It contains the 

computer, DAQ hardware along with cables that connect to external sensors and actuators. 

Table 3-3: Additional DAQ hardware 

 

 

Figure 3-3: The Raspberry Pi 3 B+ along with the DAQ hardware. 

Component Specification 

Computer Raspberry Pi Model B+ [7] 

DAQ hardware Measurement Computing Corporation USB-1608G [9] 

Wireless voltage meter Fluke v3001 FC [27] 

Solenoid valve SMC 5/2 Pneumatic Control Valve Spring/Solenoid G 1/8 
VK3000 Series[28] 

Temperature and 
humidity sensor 

SHT31-D [29] 

Housing for 

the 

Raspberry Pi 

The DAQ 

hardware 
Entry point 

for cables 

Power 

supplies and 

switches 
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3.4.2 Software 

Table 3-4  shows what software will be used in this project, along with the version number as well as 

a short description. 

Table 3-4: Software modules used along with version. 

Name Version Description 

python 3.5.3 The Python programming language 

matplotlib 3.0.3 A package used to create graphs and visualize data 

numpy 1.16.2 A package that aids with scientific computing in Python 

pyserial 3.4 A package that aids with serial communication 

RPi.GPIO 0.6.5 A package that aids with controlling the GPIO on the Raspberry 

Pi 

uldaq 1.1.0 The driver package that comes with the DAQ hardware 

scikit-learn 0.20.3 Machine learning tool for Python 

 

3.4.3 Inserting Filters into the Test Rig 

As mentioned previously, the test rig has a compartment specifically for an air filter. The filter is 

attached to cardboard, which is cut out with dimensions of 488x510 mm. First, a hole that fits the 

air filter is cut out in the middle of the cardboard, and then the filter is attached with duct tape. The 

cardboard slides into the filter compartment in between either of the two available pressure sensors. 

The cardboard does generally not cover all gaps which then need to be closed off using duct tape to 

make sure that all airflow goes through the filter. The filters to be tested are micronAir carbon 

layered particle filters of type NISSAN 591-T90, A2808.2018 [30]. 
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Figure 3-4: Filter cardboard being slid into the filter compartment. 

3.5 Assessing the reliability and validity of collected data 

Reliability and validity are often interchanged in everyday life, but they are entirely different things 

in statistics. Reliability means that the tests produce the same results under the same conditions 

every time. Validity, on the other hand, is that the tests produce the correct results. In this section, 

we discuss how we aim to realize both qualities in this project. 

3.5.1 Reliability 

The analysis will focus on the reliability of the particle and pressure data. For the pressure data, we 

will conduct two tests to monitor the pressure drop over the filter while keeping the airflow steady 

and aerosol generator off. That should keep the pressure drop stable. The tests should give the same 

outcome within a reasonable error margin. A similar method will be used for the particle data, 
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where we will keep the airflow and the aerosol output constant. There will be no filter in the test rig, 

and we will conduct two tests with enough time between, so we will not have the first test affect the 

second one. We will take measurements at both positions (before filter and after the filter). If 

reliable, the data should show similar particle counts for both tests as well as both measurement 

positions.  

3.5.2 Validity 

We will estimate the validity of the pressure data using the four different pressures sensors available 

(two in each compartment). Constant airflow with the same filter in each slot should give us the 

same pressure drop for every pressure sensor. Validity for the particle counter will be sought 

similarly. The aerosol generator’s nozzle pressure can be configured. We should be able to estimate 

if the particle counter’s data is in line with the aerosol generator output. We will do this for multiple 

aerosol configurations. 

As mentioned previously, the rig’s instruments are calibrated at a yearly interval. Therefore, we 

will not take extra steps to validate them beyond verifying that analog outputs match corresponding 

values on displays (every sensor is equipped with a display which has been used by technicians to 

read measurement data).  

3.6 Planned Data Analysis 

Data analysis can begin once enough data has been collected. In this section, we describe the 

techniques that will be used.  

3.6.1 Data Analysis Technique 

Our data analysis will be quantitative. We will collect empirical data air filter quality, which we will 

use to find changes in numerical values. That includes measuring changes in particle filter efficiency 

over time and an increase in pressure drop over the filters.  

3.6.2 Software Tools 

Python has grown in popularity as a data analysis tool due to having many available packages. That 

makes it an ideal choice in this project. Additionally, since we are developing the DAQ, it makes the 

integration of data collection and analysis convenient. Table 3-2 listed the software tools we will be 

using. Matplotlib provides us with plotting functionality, which works well with the data science 

package Numpy.  Scikit-learn will be used to train and validate the machine learning model. 

3.7 Evaluation framework 

The majority, 75%, of the collected filter quality data will be used to train the machine learning 

model. The rest will then be used to validate how well the model performs on data it has not seen 

before. The model is then evaluated on how well it performs on data it has not seen before (the rest 

of the data). Additionally, the data collection should give us information performance of the DAQ. 
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4 Designing and implementing a DAQ system 

In this chapter, we will discuss the implemented DAQ. We give information on different software 

modules and their responsibilities in the data collection and control. Also, the graphical user 

interface (GUI) is described. 

4.1 Hardware and Software design 

Figure 4-3 on page 20 shows a UML diagram of the designed DAQ system. This system will be used 

to gather data on how PM affects air filters over time. This section describes the software modules 

that control the DAQ. 

4.1.1 TestController 

The main class, which is responsible for executing the program, which is shown in Figure 3-2 on 

page 11. It loads a recipe id and executes it using the helper classes described below. The sampling 

frequency of the main loop is approximately 50 Hz. The main loop samples every instrument and 

distributes necessary information, such as airflow pressure to the FanController. It is also 

responsible for recording data once it receives data from the particle counter. Execution of a recipe 

is saved as the TestResult class, and every measurement taken during that time is saved as the 

Measurement class. 

4.1.2 FanController 

The FanController class controls the air intake fan. The control loop is shown in Figure 4-1. The 

operating frequency of the control loop is 5 Hz. It was chosen to be ten times less [31] than the 

sampling frequency of the main loop. The Raspberry Pi outputs a PWM signal that controls the 

motor. However, since the Raspberry Pi is only capable of providing a 3.3V maximum output, a level 

shifter is used to increase the signal’s range. The fan creates an airflow which is measured by an 

airflow meter. The airflow meter outputs an analog signal to the DAQ hardware. The DAQ hardware 

sends the signal via USB to the Raspberry Pi, which it uses to adjust the PWM output. The airflow 

meter outputs an analog signal that can be used to calculate the airflow rate using a formula 

specified in the hardware’s datasheet [23]. 

 

 

Figure 4-1: Control loop used to control the air intake fan. 

4.1.3 IonizationController 

The IonizationController class controls the ionizer's power supply. Figure 4-2 shows the control 

loop. The operating frequency of the control loop is the same as for the fan controller loop, 5 Hz 
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[31]. The Raspberry Pi outputs a PWM signal to the ionizer’s power supply. The output of the power 

supply can go up to 10 kV. However, that is outside the scope of the DAQ hardware. Therefore, a 

voltage divider takes the high voltage as input and outputs a fraction of it. The DAQ hardware reads 

the scaled value and calculates the original, which is then used to adjust the PWM output.   

 

 

Figure 4-2: Control loop for the ionizer’s power supply. 

4.1.4 ParticleController 

The ParticleController class is responsible for serial communication (using USB) with the particle 

counter. It is runs in another thread and signals the main thread using the python queue module 

[35]. The particle counter comes with a basic programming interface, and it can be controlled with 

two commands. The run mode is initiated by sending the string ‘r’ via the serial interface. In run 

mode, the particle counter sends out data periodically, approximately once every second. The run 

mode stops when the particle counter receives the command ‘s’.  

Appendix A: Particle Counter Data on page 45 gives an overview of the particle counter output. 

The manufacturers of the GRIMM helpfully provided the information via email. The data can be 

roughly split into three sections. Firstly, there is information regarding the internal status of the 

device, such as different voltages, currents, and error codes. The second part gives information 

regarding the internal clock, gravimetric factor, and other things. The last part provides particle 

count data. Thirty-one different particle sizes range from 253 nanometers to 35.15 micrometers. 

One thing to note is that the device outputs information about 32 particle sizes, but the 2.93-

micrometer column is listed twice. The ParticleController checks if these columns ever display 

different numbers. That has not happened so far, so it is assumed that this a design error in the 

particle counter’s firmware, rather than a typographical error.  

4.1.5 FlukeController 

The FlukeController class is responsible for gathering the input current to the ionizer. A Fluke 

v3001 monitors a reference resistor so the current can be calculated using Ohm’s law.  A wireless 

voltmeter is used since the differentially measured voltage drop across the reference resistor is 

performed on the high-side of the ground-referenced high voltage that is fed to the ionizer. A 

voltmeter with a coupling to the ground (for example through its power supply) would require a 

very high internal electrical isolation to be feasible. This issue is avoided by having a wireless 

battery-powered voltmeter that’s floating on the high-side electrical potential, without a direct 

electrical connection to the ground potential. 

The meter sends the voltage data with a wireless signal to a Fluke PC3000 [36] which is 

connected to the Raspberry Pi through USB. Serial communication is usually only available to 

software provided by Fluke. However, since the software is of no use to this project, communication 

with the Raspberry Pi was established with the help of a blog post [37] that describes the reverse 
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engineering of the process. Once communication has been established, the device outputs its 

measurements frequently (around four times a second). The data is a byte string in the following 

format: 

“ME:R:S#=01:DCC=010:PH=00000042020C0601” 

The bolded numbers following ‘PH=’ represent the voltage value in hexadecimal. The decimal 

value can be calculated by summing the respective decimal value of the first four numbers.  

4.1.6 HardwareController 

As mentioned before, the DAQ hardware board already has a Python driver. This class serves as a 

programming interface for the other classes to access the DAQ hardware. The class’s functionality 

includes: 

• Providing data from four different pressure sensors (two for each ionizer and filter 

compartments), 

• Providing the airflow pressure drop, 

• Swapping the particle measurement position from before the filter to after the filter, or 

vice versa, and 

• Establish a connection with the DAQ hardware 

Based on the recipe example we received and our test plan, we estimate that the test rig will 

spend most of its time taking measurements after the filter. Therefore, we set the solenoid valve to 

be in that position when it is at rest. That is done because the solenoid valve is supplied with 24V 

and a considerable amount of that is turned into heat when used to hold a measurement position. It 

is the sustainable choice to minimize that energy waste.  

4.1.7 Recipe and RecipePhase 

The Recipe and RecipePhase classes serve as models for the recipes and phases which were 

described in Section 3.3.1. A recipe is made up of a series of RecipePhases that each describes the 

conditions during which the measurements should be made. 
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Figure 4-3:  UML diagram of the designed DAQ system.  
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4.2 GUI 

A simple GUI was built with React [38] to communicate with the DAQ. The GUI was implemented 

to meet the requirements of an accessible way to control the test rig. Figure 4-4 shows the 

navigation flow through the GUI. This GUI was designed to provide basic functionality that could 

later be improved. Future add-ons could provide features such as improved data analysis, report 

generation, and test scheduling. Table 4-1 gives more information regarding the different sections 

available in the GUI. 

Table 4-1: Description of individual GUI components 

Component Description 

Recipe Menu Navigation page giving the user two options, navigate to the Create Recipe 

Form or the Recipe List. 

Create Recipe 

Form 

A form that allows the user to create recipes. A recipe name is required and 

at least one recipe phase.  

Recipe List A list of all recipes that have been created in the system. By selecting a 

recipe, the user is taken to the Recipe Information page. 

Recipe 

Information 

This page is an immutable version of the Create Recipe Form, showing all 

the information that was used to create it. 

Test Menu Navigation page giving the user two options, navigate to the Test Control 

or Test List. 

Test Control Here, the user can start tests. A test name is required as well as a recipe. 

The recipe can be chosen through a drop-down menu. A banner is placed 

on top of the page to indicate if the test rig is available or busy. If the rig is 

busy, then a new test cannot be started. 

Test List A list of names and dates of all tests that have been performed using the 

test rig. 

Test Information This page displays a graph were the y-axes is a total particle count, and the 

x-axes is a measurement index (ranging from 0 to the total number of 

measurements). 

 

Figure 4-4: GUI navigation flow. 
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4.3 Preventing Air Sample Contamination 

Once the DAQ decides to swap between particle measurement positions, the solenoid valve is 

signaled. However, for a period, there is sampling air in the sampling tubes that is contaminated 

with air from the other side of the filter. Using the to be collected data, we aim to analyze how long 

the wait should be when swapping between measurement positions. Although, it might not be 

feasible to simply wait until it is likely that the air sample is clear since data sampling is needed for 

control loops and any time spent doing nothing is wasteful. Below are two equations that will be 

used to decide if data recording can start again after measurement positions have been swapped.  

𝐵𝑒𝑓𝑜𝑟𝑒 𝐹𝑖𝑙𝑡𝑒𝑟 → 𝐴𝑓𝑡𝑒𝑟 𝐹𝑖𝑙𝑡𝑒𝑟: 𝑜𝑙𝑑 ≤ (1 + 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦) ∗ 𝑛𝑒𝑤 

𝐴𝑓𝑡𝑒𝑟 𝐹𝑖𝑙𝑡𝑒𝑟 → 𝐵𝑒𝑓𝑜𝑟𝑒 𝐹𝑖𝑙𝑡𝑒𝑟: 𝑜𝑙𝑑 ≤ (1 − 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦) ∗ 𝑛𝑒𝑤 

Where old is the last recorded particle count value before the swap and new is the most recent 

particle count value received after the swap. The definition of the efficiency threshold will be 

decided on during data analysis in Section 5.2.1. 
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5 Results and Analysis 

This chapter presents our results and analysis. Section 5.1 presents data gathered on filter quality, 

specifically pressure drop increase over time, and particle filtering efficiency decrease over time. 

Section 5.2 presents our analysis on data quality as well as the improvements we made on the DAQ 

based on collected data. Section 5.2.4 shows how collected data is processed and labeled to allow for 

the training and validation of a machine learning model that can evaluate filter quality. 

Furthermore, Sections 5.4 and 5.5 analyze the reliability and validity of particle count data and 

pressure data. Finally, findings are summarized and discussed in Section 5.6. 

5.1 Degradation of Filter Quality 

We performed tests on two unused filters of the same type. The manufacturer is Freudenberg 

Filtration Technologies, and the filters’ model is NISSAN 591-T90, A2808.2018 [30]. Table 5-1 

shows the total duration of testing for each filter. Testing of filter 2 began once considerable 

degradation had been achieved. Testing of filter 2 was stopped once it became clear that the same 

progress (as shown by Filter 1) would not occur within the timeframe of this project. Tests were 

done in a series of sessions where particle count was measured before the filter until stability was 

reached. Then the measurement position was switched to after the filter, and the measurements 

were collected for 30 minutes. The sampling rate was approximately one every five seconds or 0.2 

Hz. 

Table 5-1:  Total test duration for both filters along with the number of samples taken. 

 Samples Duration 

Filter 1 93,198 6 days, 11:17:24 

Filter 2 114,672 8 days, 7:11:30 

 

5.1.1 Filter Pressure Drop 

Figure 5-1 shows the change in pressure drop for both filters. Initially, the pressure drop increases 

relatively fast and then slows down as the filters become saturated with PM. Although the filters do 

not start at the same difference in pressure value, they do increase by almost precisely the same 

amount, percentage wise. Since the pressure drop is dependent on the airflow, we calculate the ratio 

between pressure and airflow rate. Table 5-2 shows how pressure drop increased over the two filters 

along with the increase in the predefined ratio. Note that the ratio increase is higher than the 

increase in pressure drop. 

Table 5-2: Pressure drop change for the two filters. 

Filter Initial pressure Final pressure Increase Ratio Increase 

Filter 1 86.19 Pa 142.33 Pa 65.12% 69.51% 

Filter 2 102.38 Pa 169.02 Pa 65.10% 66.49% 
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Figure 5-1: Pressure drop change for two filters. 

Substantial step-wise changes in the pressure data are apparent for both filters. For the first 

filter, those steps can be explained mostly by variance in airflow (which decreases while filter 

pressure increases). Figure 5-2 compares the filter pressure drop and airflow rate ratio for the two 

filters. The noise is introduced by the airflow data and is further discussed in Section 5.2.2. The ratio 

data for filter 1 shows a smoother curve, and some of the smaller remaining jumps can be explained 

by errors introduced when the filter is attached to the rig (as pressure changes with different 

coverage of duct tape). However, this does not explain the large jump in the filter 2 data whose 

cause is currently not known, but we list the most likely causes: 

• The filter was used without our knowledge. There were three days between the tests before and 

after the substantial step change, and considerable degradation could happen in that time span 

if the filter had been used. The filter is clearly marked but was kept in the test lab which 

multiple engineers have access to. We can estimate how big a part this could play in the step 

increase. The ratio of filter 2 was approximately 7.44% larger than it was when it was new, and 

32.62% larger after the step. It took at least 32 hours of testing time for the first filter’s ratio to 

increase by the same margin. If the filter was used during all working hours, it amounts to 28 

hours (three and a half eight hour work days). This does not reach the lower bounds of the 

estimation but could explain the step change in part. 

• The filter was inserted into the rig while facing the wrong way. The cardboard the filters are 

attached to is clearly marked with the correct way to place them into the rig. However, it is 

possible that mistakes led to the filter facing in the wrong direction. This is most likely, not the 

cause since the filters’ pressure drop decreased when they faced the wrong way. By 4% for filter 

1 and 5% for filter 2. However, this was measured once testing of the filter’s had ceased. It could 

be that new filters behave differently, but that will have to be verified in future work.  

It is unlikely that only one of these reasons caused such a significant step and, therefore, we 

reason that the real cause is most likely a mixture of those two. 
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The airflow pressure drifts over time because the fan control loop was not used for 

measurements done overnights and weekends. Instead, the method that was used before this 

project was utilized. That is, the fan was powered with a constant voltage controlled by a dimmer 

panel. The reason we did not use the control loop is that the test rig is inaccessible during weekends 

and nights. If something came to happen and the Raspberry Pi would turn off and thus turn the fan 

off, the particle generator would be left on without any airflow. Internal security authorities deemed 

the use of the dimmer panel as necessary for unsupervised tests. Majority of tests for both filters 

were unsupervised. However, all reliability and validity tests were supervised and thus used the fan 

control loop. 

 

Figure 5-2: Filter pressure / airflow rate of the two filters. 

5.1.2 Particle Filtering Efficiency 

Figure 5-3 compares the particle filtering efficiency of the two filters. Efficiency measurements 

under 5% were filtered out to reduce the effect of data contamination (further discussed in Section 

5.2.1). The first filter’s efficiency starts relatively high at more than 40% but falls off quickly until it 

reaches stability around 10% and begins to decrease slowly. The high efficiency at the beginning can 

be explained by the fact that the filter was likely statically charged at first, thus increasing particle 

absorption. The second filter did not show overperformance at the beginning of testing, suggesting 

that not all new filters are statically charged. Experiments to measure the static charge on new 

filters was not done in this project and is left for future work. Finally, the tests show that the second 

filter has a steadier filtering efficiency for a more extended period. 

Figure 5-4 shows a linear regression of the average efficiency of the two filters (average of 1000 

samples. Measurements with efficiency under 5% were also filtered out here. The statically charged 

period for filter 1 was also left out since we want to compare the filters in similar states. The 

intercepts of the two linear regressions are very similar while the slope for filter 1 is more than four 

times larger than for filter 2. The fit for filter 1 is also higher with 𝑅2 = −0.8169 while the second 
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filter has 𝑅2 = −0.6448. The faster degradation of the first filter could be due to its initial static 

charge (hence it trapped a lot of PM easy in its operating life). However, that is unlikely to be the 

explanation since it does not explain why the efficiency decreases as it does. The use of linear 

regression on the average efficiency of the filter does provide a good estimate of when the filters will 

drop below certain efficiency thresholds. Unfortunately, before we can use this for operational 

purposes - we need to collect similar data from additional filters since the filters show such different 

characteristics. 

 

 

Figure 5-3: Comparison of particle filtering efficiency between filter 1 and filter 2. 

 

It was estimated using linear regression that for the second filter to reach a similar state as the 

first filter would require at least 86% more testing time. However, that would have extended the 

testing period outside the timeframe of the project. For this reason, the testing of filter 2 was cutoff 

after more than 8 days, as stated in Table 5-1. 
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Figure 5-4: Comparison of average efficiency for the two filters. 

Different nozzle pressure settings were tried during the experiments to determine their effect on 

filter quality. The theory was that more PM would speed up the degradation of the filters. The first 

filter was tested with the nozzle pressure set to 300 Pa but was later increased to 500 Pa (marked 

with a vertical red line). Figure 5-5 shows a comparison of average particle filtering for nozzle 

pressures of 300 and 500 Pa. The slope of the linear regression is two times greater for a nozzle 

pressure value of 500 Pa. The nozzle pressure value for filter 2 was 400 Pa. This value was chosen to 

get a comparison at another intermediate pressure value. A single additional pressure value was 

sufficient since the first filter showed fast degradation even with the nozzle pressure set to 300 Pa. 
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Figure 5-5: Filter 1 degradation process for nozzle pressure values of 300 and 500 Pa. 

 

5.2 Improvements made to the DAQ 

The collected data was used to make improvements to the DAQ. These improvements consisted of 

improving data quality and implementation of notifications for the DAQ. In this section, we discuss 

these improvements. 

5.2.1 Improving Particle Data Quality 

When the test rig switches between measurement positions, it takes time for the particle count 

levels to stabilize. The time that had initially been allocated to avoid particle data contamination was 

insufficient. Figure 5-6 shows what can happen when particle contamination occurs. The top half of 

the figure shows that the test rig taking a particle sample before the filter and considered it to be 

accurate, thus swapping the measuring position back to after the filter. However, the swap 

happened too early, and the particle count after the filter jumps to a higher value than it was before 

the filter. That results in measurements indicating low efficiency or even negative efficiency. It was 

discovered during data collection that at least 1 minute is needed when swapping from after filter to 

before filter to avoid contamination. The time needed is slightly less for the other way around. That 

is most likely because the air in the tube after the filter is cleaner than the air in the tube before the 

filter. Hence when switching from relatively cleaner air to relatively more contaminated air, there is 

less carry over. However, the correctness of measurements taken before the filter are more critical 

since they are taken with a much lower frequency.  
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Figure 5-6: Filtering efficiency with contamination. 

An algorithm was developed to eliminate contamination between measurement positions. 

Figure 5-7 shows data collected before and after the contamination prevention algorithm was 

implemented (the algorithm is defined in Section 4.3). The collected data shows that setting the 

efficiency threshold to 5% would be appropriate. To allow for the possibility that a filter can have an 

efficiency below 5% the DAQ waits for a maximum of one minute for the efficiency to reach the 5% 

threshold. The results show a much clearer distinction between data collected after and before the 

filter. This improvement will improve both data collection and data analysis. Before the 

implementation of the algorithm, only 20.62% of measurements were below 5%. That number was 

reduced to 0.025% after the implementation of the algorithm. 
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Figure 5-7: Data before and after implementation of the contamination prevention algorithm. 

5.2.2 Airflow Pressure Noise 

The filter pressure sensor is much more stable than the airflow pressure sensor; hence, the later 

introduces additional noise. No apparent cause (such as loose wires or incorrect settings) was found 

for this noise. To quantify this noise, every measurement from the airflow pressure sensor that was 

outside one standard deviation of the last valid measurement was considered noise and filtered out. 

A valid measurement was defined as a measurement that was within one standard deviation of the 

average of 100 samples. Figure 5-8 shows a comparison of the data before and after the removal of 

these points. The ratio of noise in the case of the first filter is 2.4%, which is almost five times 

greater than for the second filter. Attempts to mitigate this noise (specifically, reattaching signal 

wires) were made after the tests of the first filter. It is possible that this decreased the noise ratio.  
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Figure 5-8: Removal of noise from airflow pressure data. 

 

Table 5-3 shows that the amount of noise was almost five times greater for filter 1 than filter 2. 

That is because the noise was discovered during the testing of filter 1. Once discovered, there was an 

attempt to remove the noise, which mostly consisted of reconnecting wires. It is likely that this 

caused a reduction in noise ratio, although it did not remove it entirely. Further analysis revealed 

that noise that happened periodically remained. The time between noise fell in most cases on an 

interval ranging from 46.5 to 50 minutes. The periodic noise for filter 1 was 88.04% of all noise for 

that filter, and 92.95% for filter 2. The ratio of periodic noise and the total number of samples was 

the same for each filter, or 0.156% vs. 0.152% for filter 1 and 2, respectively. This suggests that there 

is an internal fault in the airflow pressure sensor. If that is indeed the case, then the sensor might 

need recalibration or even replacement. No other cause for the noise was found, such as the room 

ventilation system operating with this frequency. 

Table 5-3: Noise ratio for the two filters. 

 Noise ratio Noise inside interval 

Filter 1 2.40% 88.04% 

Filter 2 0.53% 92.95% 

 

5.2.3 Detecting Fault in the Solenoid Valve 

During one test, the wires connected to the solenoid valve became loose, which prohibited the DAQ 

to swap between measurement positions. Figure 5-9 shows the particle and pressure data during 

that fault. All particle measurements are taken of filtered air, and the filtering efficiency drops to 

near zero. Note that the pressure drop over the filter stays constant. A feature was added to the DAQ 
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that notifies the user when such a fault might occur. This fault is considered to occur when the 

algorithm developed in Section 5.2.1 times out, as happens because it does not measure enough 

change in particle count efficiency. 

 

Figure 5-9: Particle and filter pressure drop  data during a fault in the solenoid valve. 

5.2.4 Detecting Filter Becoming Loose 

Another fault that came up during testing was that the duct tape holding the filter became loose, 

which led to the filter falling off the cardboard. Figure 5-10 shows the particle and pressure data 

during that fault. The difference between this data and the data during a fault in the solenoid valve 

is the significant drop in pressure over the filter. When the DAQ considers notifying the user that 

there is a solenoid valve fault, it also considers the pressure drop. If the pressure drop is measured 

to be below the starting pressure drop of the filter, it instead notifies the operator that either the 

filter has become loose or the filter compartment door is open. 
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Figure 5-10: Particle and pressure drop data during a loose filter. 

5.3 Filter Quality Prediction 

We want to be able to assess filter quality during testing and not just later when performing data 

analysis. To do this, the collected data was used to train and validate an ANN model. The data was 

structured as an n×3 array where n is the number of samples, and each sample includes the current 

particle count, the last measured particle count before the filter, and the pressure drop over the 

filter. The data is labeled with numbers ranging from one to three. State 1 represents the state of the 

filter when it is charged and overperforming. This occurs when the average filtering efficiency is still 

over 13%. Only the first filter is ever in that state. A filter is considered to enter state 3 once the 

average filtering efficiency drops below 10% (the second filter never enters this state). State 2 is 

everything in between. 

To summarize with regards to Figure 5-4 on page 27, we are trying to estimate the linear 

regression for both filters. Using the lines that we get from fitting the data, we map each data point 

to a quality state. The data was split into training data and validation data, with 75% of the data 

points chosen randomly for the training data and the remainder for the validation data. A simple 

multilayer perceptron classifier was trained on this model with two hidden layers with 100 nodes 

each. The Adam optimization algorithm was used since we have many data samples. The rectified 

linear unit function was used as an activation function. This function was chosen because it is the 

simplest available function and we reached good accuracy with it. Although the model is simple, it 

already shows excellent classification ability with 99% accuracy for both training and validation 

data. 
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5.4 Reliability Analysis 

Table 5-4 shows the reliability analysis for the airflow and filter pressure data. The tests were 

performed with the same filter over five minutes (60 samples). The fan controller was used to keep 

the airflow at 25.9 Pa (as well as for the rest of reliability and validity analysis). The data shows that 

the two tests revealed similar results. Therefore, the tests we perform in this project should be 

repeatable, and we consider both the particle data and the filter pressure data to be reliable. 

Table 5-4: Reliability analysis for airflow and filter pressure data. 

Test 

Filter average 
Filter standard 

deviation 
Airflow mean 

Airflow 

standard 

deviation 

Test 1 91.8 Pa 0.10 25.9 Pa 0.13 

Test 2 91.7 Pa 0.16 26.0 Pa 0.10 

 

Table 5-5 shows the results from the reliability analysis of the particle data. Two tests were 

performed for five minutes for each measurement position. Airflow pressure was kept at 25.9 Pa, 

using the fan control loop, and the aerosol nozzle pressure at 300 Pa. The average particle count is 

similar, both between tests and measurement positions. Standard deviation is less than 1% for all 

variations. Additionally, we can see in Table 5-4  that the control loop worked well as the airflow 

mean is very close to the target 25.9 Pa. 

Table 5-5: Reliability analysis for particle data. 

Test 1 

 Mean Standard deviation 

After Filter 17,992,261 112,412 

Before Filter 18,728,287 90,790 

 

Test 2 

 Mean Standard deviation 

After Filter 18,200,283 164,315 

Before Filter 18,742,021 32,563 

 

5.5 Validity Analysis 

Table 5-6 shows the results of the validity analysis for the particle data. The aerosol generator’s 

nozzle pressure can be set between 5 and 1400 Pa. The operation manual explains that the nozzle 

pressure directly affects the aerosol flow rate. However, there is no formula to calculate this flow 

rate. We ran three tests with three different nozzle pressure values to see how the nozzle pressure 

affected the total particle count. Figure 5-11 shows that the increase in particle count grows linearly 

with increased nozzle pressure, 𝑅2 = 0.9994. 
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Table 5-6: Particle counter validity analysis. 

Nozzle pressure [Pa] Mean Standard deviation 

200  6,116,328 666,666 

300 13,246,601 672,882 

400 21,312,558 447,613 

 

 

Figure 5-11: Mean particle count for nozzle pressure values of 300, 400, and 500 Pa. 
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Table 5-7 shows the results of the validity analysis of the four pressure sensors. Each test was 

performed over 10 minutes with airflow kept at 25.9. The pressure drop measured is very close 

between the four sensors. The small difference can be explained by the different positions of the 

sensors in both the filter compartment and ionizer compartment. Also, some variance is due to the 

way the filter is attached (with duct tape) to the test rig. 

Table 5-7: Pressure sensors validation analysis. 

Sensor Mean [Pa] Standard 

deviation 

Sensor 1 90.17 0.256 

Sensor 2 93.93 0.128 

Sensor 3 91.75 0.106 

Sensor 4 91.23 0.222 

 

The data acquisition hardware was validated based on specifications given in its datasheet. The 

Measurement Computing Corporation USB-1608G [9] was compared with a Fluke v3001 [27] using 

the Circuit Specialist 3005T power supply. For analog output, the datasheet promises a maximum of 

a 2.5mV error on measurements of 5V. We measured a maximum error of 5.3mV, which is more 

than double that given in the datasheet. This means that the data acquisition hardware is probably 

in need of recalibration. However, we will not do this for this project since this is still a relatively 

small error relative to the data we are collecting. We note that the error scales to a larger number 

when measuring higher voltages. Measurements affected by this are the ionizer voltage and current 

measurements that can get larger than 5V. The DAQ will have to account for this error, but this does 

not affect the results presented in this chapter. For digital output, a minimum value of 4.82 V was 

measured for high and less than 0.1 V for low, which is within the given specifications. 

A question was raised on how introducing the solenoid valve would affect the particle count 

measurement. A test was conducted where the particle counter measured particles with and without 

the sampling tube going through the solenoid valve. The results showed that the particle count value 

going through the solenoid valve is around 40% lower. That is because the solenoid valve is less 

airtight than was hoped for. However, that number was reduced drastically by applying tack around 

the solenoid. Figure 5-12 shows a comparison of the average particle count when airflow is directed 

through the solenoid valve and when it is not. The average particle count for air not going through 

the solenoid valve is 4.96% higher for 300Pa, 5.64% for 400Pa, and 7.67%. We consider this to be 

an acceptable difference. 
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Figure 5-12: Comparing particle count when airflow is directed through the solenoid valve, and when it is not. 

 

5.6 Discussion 

In this chapter, we presented the data collected to demonstrate the capabilities of the DAQ system. 

The first filter behaved much better than filter 2 and showed a higher drop in filtering efficiency. 

The timeframe of this project only allowed for a limited amount of testing to be done. Further 

testing and collection of additional data will increase the opportunities for data analysis that should 

lead to improved filter quality evaluation. 

The machine learning model performed well when estimating filter quality and reached 99% 

accuracy on data that it had not seen before. The generalization of the model is questionable since 

we only have data for two filters. However, the accuracy should increase with time as more filters 

are tested, and as data collection continues for a more extended period of time. It is likely that with 

additional data, there will be a need to consider additional parameters beyond those that were used 

in this project. These additional parameters could include airflow speed, filter id and type, and 

measurement index. 

We again note that we did not use the fan control loop for most of the data collection. We do not 

consider this to have a significant effect on the quality of the collected data since we mostly focused 

on changes in filter characteristics. Moreover, filter quality evaluation should work for different 

airflow speeds. Additionally, we measured the reliability of the fan control loop and found that the 

standard deviation was relatively small. Although, it should be noted that the timespan of those 

measurements was smaller than the duration of the filter tests.  
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Another lesson we learned was that the particle count data varies more with time than we 

initially thought. The original test sequences used to develop the DAQ allowed for much more time 

between before filter measurement positions, or up to 5 hours. However, that proved to be too high 

and was reduced to 30 minutes. This 30-minute period was used during tests of both filters 

presented in this project. 

The PM used for the test is created by vaporizing DEHS oil. This creates liquid particles that are 

absorbed by the filters. When that happens, they expand, which results in the pressure increase. 

Figure 5-13 and Figure 5-14 show the results of the test on the first filter. The first figure shows the 

filter when it is new and before any tests have been performed on it. The latter figure shows the filter 

after its last test. 

 

 

Figure 5-13: The first filter before any tests. 

 

 

Figure 5-14: The first filter after its final test. 
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6 Conclusions and Future Work 

This chapter concludes this project. We will discuss our findings, what can be learned from them, 

and make suggestions for future work. 

6.1 Conclusions 

In this project, we designed and implemented a DAQ and demonstrated its power by training an 

ANN that could evaluate the quality of a filter. Additionally, we showed that the data collected by the 

DAQ is both reliable and valid. The collected data aided us in improving the DAQ by removing 

contamination between measurement positions and adding simple fault detection. The DAQ 

allowed us to monitor filter quality as they were introduced to a substantial amount of PM. Our 

results verify what we have found in literature: that particle count and pressure drop are fitting 

parameters to measure air filter quality. We saw that pressure drop increases rapidly for a relatively 

short amount of time. However, we did not see a substantial decrease in particle filtering efficiency. 

Although we failed in completely ruining the filters’ particle efficiency, we did see a reduction. 

Mapping the filtering efficiency to quality levels we defined, allowed us to train an ANN successfully. 

This ANN showed 99% accuracy on unseen data. Finally, the data we have collected can be of aid in 

future research since it provides a way to predict air filter behavior. 

6.2 Limitations 

Time was the most significant limitations we faced in this project. The life span of a filter is much 

longer than we could practically monitor in this project. Additionally, we had to develop the DAQ 

before data collection could start. That decreased the available time for data collection even further. 

Once data collection started, there were two notable faults that occurred that each ruined a whole 

weekend of testing. Although these faults reduced the available testing time significantly, they did 

help to improve the DAQ and described in Sections 5.2.3 and 5.2.4. 

Access to the test rig was another limiting factor. Employees of BCA required the test rig during 

most work hours. This left less time for development than had initially been anticipated since the 

test rig was locked in a test lab during nights and weekends. 

6.3 Future Work 

The original intent of this degree project was to use the data collected by the DAQ to construct a 

system that could detect common faults in the DAQ and notify the operator when they occur. That 

same system could even keep watch on the accuracy of data collected to get an idea when the test rig 

needs recalibration and maintenance. Regrettably, it soon became apparent that this task would 

require much more data than it would be possible to collect within the time frame of this project. 

However, this is an ideal task for future work when enough data has been collected. The faults that 

we mention in Sections 5.2.3 and 5.2.4 could be detected automatically along with other faults using 

anomaly detection. In as little as a year, the test rig should be able to collect data that can be used 

for further fault analysis and to give an overview of how the instruments change over time. 

As discussed in Section 2.3.2, an apparatus that detects when an air filter reaches a failure-state 

is quite important. We found evidence that temperature can affect the PM sensor. Since our test rig 

should not produce any excess heat, we had considered temperature to be a constant value equal to 

the room temperature*. However, this would not be the case inside a vehicle, which is where the 

                                                           
* We assume this since the test rig is in a test lab that is temperature controlled. Also, a temperature sensor was added to the test rig late in the 

project (well into tests of filter 2). The data showed that the temperature was 21.1°C ± 0.8. 
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product will be placed. Therefore, it would be valuable to experiment with how temperature affects 

both the efficiency of the filter as well as the quality of our machine learning model. 

Air filters are generally designed with only one airflow direction in mind. That most likely leads 

to them not performing as well when they face the wrong way. Understanding how filters behave 

when they face the wrong way could provide a way to detect when air filters are being used in the 

wrong way. 

There is additional data dimension that was not considered in this work, and that is the weight 

of the filters. When the filters absorb PM, their weight presumably increases, and this could provide 

another way of evaluating their quality. The weight should correlate with filter efficiency and PM 

density. Moreover, collecting data on the weight of new filters could provide hints on how well they 

perform in the future. Finally, we discovered that only the first filter we tested was statically 

charged. It could be possible to measure this static charge to help make sure it does not interfere 

with tests.  

6.4 Reflections 

The low filtering efficiency of standalone air filters came as a surprise. The air filters we tested were 

carbon layered and only filtered out around 10% of measurable PM. We have seen that air quality 

plays a role in human health [2, 4, 6], and this filtering efficiency does not significantly reduce 

exposure. Consumers need to be aware of this. We expect that specially developed solutions will be 

needed to meet the demand of educated consumers. 

In this project, we have tried to uphold our responsibility towards being ethical and sustainable. 

The system we developed might be used to help develop improved air filtration systems. As there is 

a high probability that PM has serious adverse effects on human health; therefore, it is our ethical 

responsibility to ensure that we report our finding truthfully and as accurately as possible[39]. With 

the global threat of climate change, developers need to consider sustainability in their designs. 

Earlier in the report, we listed some of the decisions we made with a view towards sustainability, 

such as minimizing energy waste for the solenoid valve and running our system on low power 

computers [40]. 

A significant economic advantage of the DAQ is to decrease the labor costs for the company (as 

the tests can be run automatically), while at the same time increasing the reliability of the testing 

results. Moreover, the ability to reduce the time needed to make tests increases the throughput of 

the test rig and allows more measurements to be made. 
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Appendix A: Particle Counter Data 

Table A-1 lists the column names along with description received from the manufacturers of the 

device. It is not always clear what the purpose of the column is. However, the information we care 

most about (in the last section following ID:M) seems unambiguous. 

Table A-1: Description of data received from the particle counter. 

Column Name Description 

ID:N A = Auto-Zero (Warm up Mode) 

N = Normal Mode 

O= only Optical Mode (when the concentration 

is to high -> 4000fA) 

Meas_Nr Measurement Number 

Ic[nA] The current from the Corona Charger, usually 

around 2.5nA 

HV[V] High voltage from the Corona Charger, usually 

between 3kV and 3.9kV 

Um[V] The voltage around the Corona Charger, usually 

around 5V 

Ue_mE[V] The different voltage from the cut off the 

electrode. There are ten different voltages 

Ivv_mE[fA] The current from the Faraday Cup Electrometer 

RH[%] Humidity behind the Faraday Cup Electrometer 

T[°C] Temperature behind the Faraday Cup 

Electrometer 

Err0 (Error Zero) Error code from the 1321 Nano Sizer 

Err1 (Error One) 

ID:P This section gives information regarding the 

OPC 

Year Current Year 

Mon Current month 

Day Current day 

Hr Current hour 

Min Current minute 

Loc Unknown 

GF Gravimetric factor 

Err2 Error code 

Qbatt Battery 

Im Motor current from the pump 
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UeL,  Different analog voltages 

Ue4 

Ue3 

Ue2 

Ue1 

Iv 

ID:M This section provides the particle count data. 

Sizes are given in micrometers and range from 

253 nanometers to 35.15 micrometers 

0.253 [μm]  

0.298 [μm]  

0.352 [μm]  

0.414 [μm]  

0.488 [μm]  

0.576 [μm]  

0.679 [μm]  

0.8 [μm]  

0.94 [μm]  

1.11 [μm]  

1.31 [μm]  

1.55 [μm]  

1.82 [μm]  

2.15 [μm]  

2.53 [μm]  

2.98 [μm] This is not a typo. This value is listed twice in the 

data. 

2.98 [μm]  

3.52 [μm]  

4.14 [μm]  

4.89 [μm]  

5.76 [μm]  

6.79 [μm]  

8 [μm]  

11.12 [μm]  

13.1 [μm]  
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15.45 [μm]  

18.21 [μm]  

21.46 [μm]  

25.3 [μm]  

29.82 [μm]  

35.15 [μm]  
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