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Abstract: Material identification is a technology that can help to identify the type of target material. Existing approaches depend on expensive instruments, complicated pre-treatments and professional users. It is difficult to find a substantial yet effective material identification method to meet the daily use demands. In this paper, we introduce a Wi-Fi-signal based material identification approach by measuring the amplitude ratio and phase difference as the key features in the material classifier, which can significantly reduce the cost and guarantee a high level accuracy. In practical measurement of Wi-Fi based material identification, these two features are commonly interrupted by the software/hardware noise of the channel state information (CSI). To eliminate the inherent noise of CSI, we design a denoising method based on the antenna array of the commercial off-the-shelf (COTS) Wi-Fi device. After that, the amplitude ratios and phase differences can be more stably utilized to classify the materials. We implement our system and evaluate its ability to identify materials in indoor environment. The result shows that our system can identify 10 commonly seen liquids with an average accuracy of 98.8%. It can also identify similar liquids with an overall accuracy higher than 95%, such as various concentrations of salt water.
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1  Introduction

Internet of Things (IoT) has changed people’s lives [1]. It has been applied to many scenarios such as healthcare [2], threat detection [3,4], smart cars [5,6], smart homes [7,8], and smart cities [9,10]. Material identification is widely used in IoT. For example, the detection of explosives at airports is an important link of security detection [11]. A robot can control holding power by identifying what it grasps to avoid breaking fragile items such as eggs [12]. Material identification can also be applied to food quality analysis or food safety detection [13].

Existing material identification approaches, such as infrared spectroscopy [14], atomic emission spectroscopy [15], atomic absorption spectroscopy [16], Raman spectroscopy [17], X-ray diffraction [18], CT/MRI [19] and ultrasound [20], are widely used in many fields. These approaches depend on expensive instruments, complicated pre-treatments and professional users. What’s more, some of approaches using ultra-high frequency electromagnetic waves, which are harmful to human health [21,22]. A number of new approaches to identify material have been proposed in recent years. For example, infrared sensors can be used to identify material to help mobile robots control speed [23], but the identification is only limited to the surface material of the target. A mobile sensor system, which is based on the photoacoustic effect, can be used to characterize the nutrients in liquid foods and detect food additives [24]. However, it cannot detect the properties of target in opaque containers. The photo-based system can be used to identify liquid with high surface tension [25], or automatically identify wood [26]. While it requires a lighting environment and will cause privacy risk.

Compared to the existing works above, Wi-Fi based method is no need to ubiquitous infrastructure. Wi-Fi signals can penetrate most targets to achieve deep detection. Additionally, it does not require a lighting environment, which protects user privacy. Therefore, Wi-Fi based material identification is a promising research direction. However, there are two main challenges.

The first challenge is how to understand the relationship between the channel state information (CSI) and the type of target material. Each material has its unique physical properties. Unlike the single parameter method designed by TagScan [27], we believe that simultaneously using the two features, amplitude and phase, is beneficial for improving the accuracy of identification. We try to associate them with the physical properties of material.

The second challenge is that the raw CSI obtained from Wi-Fi signal has noise. We find that in a single time-domain, we can obtain very similar amplitude/phase fluctuations from the two receiving antennas, which share the same Wi-Fi network interface card (NIC) and the same transmitting antenna. We try to calculate the amplitude ratio and phase difference of the two paths, to obtain stable values for identification.

In this paper, we propose a material identification approach based on Wi-Fi signal. We find that when the wireless signal penetrates target, amplitude and phase of the signal changes. Meanwhile, the changes vary depending on material types, which makes them suitable for material identification. However, the omnidirectional antennas used by commercial Wi-Fi routers suffer serious multipath effects, and the transceivers of wireless signals are accompanied by hardware noise. The raw amplitude/phase values extracted are very rough, which cannot be directly applied to fine-grained material identification. Our main contributions are as follows:

•   We design a material identification approach combining amplitude ratio and phase difference. These two features are associated with the dielectric constant and the loss factor of material, which can therefore significantly improve the effectiveness.

•   We propose a solution to remove the software/hardware noise in captured raw CSI, which improves the stability of amplitude ratio and phase difference. This solution depends on the similarity of router antennas, which can help to eliminate noise and makes it lightweight.

•   We implement a prototype system and evaluate it in an indoor environment. The experiment results show a 98.8% accuracy of our method, which outperforms the previous research [28].

The rest of this paper is organized as follows. In Section 2, we surveys recent works on material identification and CSI amplitude/phase noise elimination. Section 3 reviews the background of this paper and analyzes the theory of material identification. In Section 4, we present the proposed Wi-Fi-based material identification approach in detail. We explain the implementation of experiment in Section 5. The experiment results are shown in Section 6. Section 7 summarizes this paper.

2  Related Work

Our contributions are mainly focused on material identification and amplitude/phase noise elimination. The related work is summarized as follows.

Material Identification: The most recent works using wireless signal for material identification are TagScan [27], LiquID [29] and WiMi [28]. TagScan [27] can obtain stable phase and amplitude from radio frequency identification (RFID) tags directly, using them to identify target material. However, additional hardware is required, and the same approach cannot be applied to Wi-Fi devices. LiquID [29] uses an ultra wide band (UWB) device to estimate picosecond flight time. It compensates for the container effect on the multipath, and estimates the dielectric constant, to identify liquid. A special container and UWB devices are needed, which are too expensive. WiMi [28] is a low-cost approach utilizing commercial Wi-Fi infrastructure to identify materials, where a new material feature Ω is extracted independent of the target size and extra noise is eliminated by using a complex noise reduction approach. However, since the electromagnetic wave behavior is neglected, the shape of the target material can still affect the system. Additionally, the variety of materials will significantly impede the method based on the individual feature, i.e., Ω.

Amplitude/Phase Noise Elimination: The raw CSI captured by commercial off-the-shelf (COTS) Wi-Fi devices inevitably contains a lot of noise, which will affect the fluctuation and absolute value of the CSI. Most of the existing works about Wi-Fi sensing refer to motion sensing, while overlook the extraction of absolute amplitude/phase values. Principal component analysis (PCA) has been widely used to eliminate the environmental noise of a single antenna [30,31], but it is only designed for blind signal separation and fluctuation feature extraction. Some researchers have implemented linear regression [32] and multiple linear regression [33] to eliminate noise, but their methods are resource consuming for IoT environment.

Unlike the above works, we develop our system based on amplitude ratio and phase difference of Wi-Fi signal. These two features can be conveniently extracted from the CSI and can correct the bias of Ω, and therefore help to achieve robust identification accuracy and lightweight denoising performance.

3  Preliminary

In this section, we will introduce the basic concepts of CSI and noise. The relationship between CSI and target material type will also be described.

3.1 CSI and Noise

CSI is a channel attribute in a communication link, which describes the attenuation factor of a signal on each transmission path. IEEE 802.11 uses orthogonal frequency division multiplexing (OFDM) scheme to modulate signals. Signals will be transmitted through multiple orthogonal subcarriers, and each subcarrier has its own amplitude and phase [34]. The channel frequency response (CFR) of a single CSI entry can be expressed as [35]:


H(f;t)=∑nNan(t)e−j2πfτn(t)
(1)

The summary of notations is shown in Tab. 1. In Wi-Fi systems with multi-input multi-output (MIMO), the measured CSI is affected by multipath effect, transmit/receive processing, and software/hardware errors [36], which can be expressed as:


Hi,j,k=∑nNane−j2πdi,j,nfk/c⋅e−j2πρfk⋅e−j2πρfk⋅e−j2πη(fk′fk−1)fk
(2)

We need to extract information from the multipath channel, which is associated with the target material type. Therefore, it is necessary to find a way to eliminate the influence of the multipath effect, CSD, STO, and SFO. A denoising approach is proposed in this paper. We choose the relative position of the target material and Wi-Fi antenna to reduce multipath effect. By using the two transmitting antennas on the same circuit board, the impact of STO and SFO can be reduced, and we use ratio or difference of CSI to eliminate CSD impact. The approach will be discussed in detail in Section 4.

CSI can be used in many fields, such as passive perception and device-to-device communication [37,38]. Thanks to the emergence of new tools, it is easy to obtain CSI on commercial Wi-Fi network cards. There are two main tools for extracting CSI from the Wi-Fi NIC, which are the 802.11n CSI tool [39] and the Atheros CSI tool [40]. The 802.11n CSI tool uses the Intel 5300 Wi-Fi NIC to provide the compressed CSI with 30 subcarriers, and the Atheros CSI tool provides uncompressed CSI with 56 subcarriers. Considering the quality of the raw CSI, we choose the Atheros CSI tool. More subcarriers will be more conducive to our extraction of stable CSIs.
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3.2 CSI and Material Type

Some of the physical properties of the wireless signal, such as amplitude and phase, are recorded in CSI. Owning to its variable speed, wireless signals will vary as they penetrate different material. The refractive index of material can be expressed as:


n=cv
(3)

The summary of notations is shown in Tab. 2. The speed of the wireless signal in the material will slow down, but its frequency will not change, then the wavelength will become smaller. It can be described as:


f=cλ0=vλ
(4)

The relationship between the refractive index and the complex permittivity can be expressed as [41]:


ε∗=ε′−jε′′
(5)


n=cv=λ0λ=12ε′{1+(ε′′ε′)2+1}
(6)

Each pure material has a corresponding complex dielectric constant, which will change the amplitude/phase of the wireless signal when the signal penetrates the material. When the shape and position of the material are fixed, changes in signal amplitude and phase are related to the dielectric constant and the loss factor of material [29]. This is the theoretical basis for us to select the features of the CSI that can be used to identify material.
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4  System Design

We propose a material identification system, which can detect stable CSI of Wi-Fi signal penetrating the target material and identify the material type. The system workflow is shown in Fig. 1. The process contains data collection, CSI preprocessing and material identification. In data collection, Wi-Fi routers are used for transmit and receive data packets of Wi-Fi signal. After receiving data packets, the raw CSI is extracted, and sent to CSI pre-processing for analysis. Then, the amplitude and phase are obtained, and the amplitude ratio and phase difference of the CSI are calculated, which are the features used for material identification. As the noise contained in the raw CSI will affect the effectiveness, we present a denoising algorithm to get the stable values of features needed. In material identification, the average amplitude ratios/phase differences are collected as the identification samples. The support vector machines (SVM) is a machine learning approach based on statistical learning theory, which can be used for data classification and regression analysis. We use the material identification samples and the SVM classifier to identify the material type. Details will be described in this section.
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Figure 1: System workflow of the approach

4.1 Data Collection

Wi-Fi systems supporting MIMO-OFDM are typically equipped with multiple antennas. In our system, two antennas on the same Wi-Fi router are used as the receiving antennas, and one antenna on the other Wi-Fi router is used as the transmitting antenna, to form an antenna array. We collect the CSI of the two pairs of antennas simultaneously. As shown in Fig. 2a, Tx/Rx is the transmitting/receiving antenna of the Wi-Fi router, and LoS is line-of-sight of two antennas. The target material is located on LoS1 and close to Rx1. We hope that the amplitude ratio and phase difference can be affected by the type of target material as much as possible. To achieve this goal, we need to make full use of the Fresnel zone [42] and the structure of Wi-Fi routers. As shown in Fig. 2a, we keep the target material on the LoS of path 1 and away from path 2, thus reducing the impact of path 2. In the meanwhile, we put the target material near Rx1, to block the inner Fresnel zone of Rx1 [42]. This method reduces diffraction and reflection signals reaching the receiver, allowing the receiver to obtain more wireless signals penetrating the material. The impact of size, shape and position of the target material can also be reduced.
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Figure 2: Experimental design: (a) an antenna array composed of three antennas in two Wi-Fi routers; (b) two Wi-Fi routers receive and transmit Wi-Fi signals on both sides of the liquid-filled container

4.2 CSI Pre-Processing

In this section, we will explain the operations of CSI pre-processing, including extraction of amplitude ratio and phase difference.

4.2.1 Amplitude Ratio Extraction

The amplitude of raw CSI oscillates with the change of multipath and the fluctuation of routers, as shown in Fig. 3. It is difficult to directly obtain a stable amplitude value. We design a denoising method to eliminate the impact of noise. First, we remove the outliers in the amplitude extracted from raw CSI. We calculate the median μ and the median absolute deviation (MAD) σ of amplitude, keep the amplitude value in [μ−3σ,μ+3σ], and replace the filtered value with the median value of the amplitude. As shown in Fig. 3, we keep the amplitude value inside [μ−3σ,μ+3σ] (which is represented as the red box), discard the external outliers (which is represented as the red circle), and replace it with the median of amplitude value. We find that the CSI amplitude values between the two receiving antennas, which share the same circuit board, have very similar shapes in the same time-domain, as shown in Fig. 4a. Although the absolute amplitude values of the two antenna pairs are different, they have similar fluctuations. We extract ratio of these amplitude values from the CSI. Kalman filtering is a data processing technique, which is used to remove Gaussian noise and restore real data [43]. After the noise is eliminated by Kalman filter, a stable amplitude ratio is obtained. We find that the amplitude ratios corresponding to the different subcarriers have very different values, but the stability is not very different. Therefore, we choose the average amplitude ratio as our identification standard.
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Figure 3: The raw amplitude fluctuation

4.2.2 Phase Difference Extraction

In general, the phase extracted from raw CSI contains noise caused by delays and errors. We find that since the two receiving antennas are on the same circuit board, their sampling clock and oscillator clock are consistent, and the two antennas receive the signal almost at the same time. CSIs of the two paths are in the same time-domain, which effectively reduces the impact caused by objects in the surrounding environment. As shown in Fig. 4b, for antenna pairs with the same transmitting antenna, the fluctuations of their phase are very similar, just like amplitude fluctuations. After unwrapping [44] and Kalman filtering, we obtain a stable phase difference.
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Figure 4: (a) The CSI amplitude and (b) the CSI phase in an antenna array

4.3 Material Identification

We have discussed the relationship between CSI and the type of material in Section 2. To verify our point, we use four bottles of pure water and one bottle of salt water with a concentration of 20 g/100 ml as our target material (the saturated solubility of salt in water is about 36 g/100 ml), since liquid shape is easy to control. We conduct the tests under the same environment, to preliminarily verify the repeatability and response of the approach to different types of material. The system is equipped with three transmitting antennas and three receiving antennas. To strengthen identification effect, we choose the antenna pair with more stable amplitude ratio/phase difference for testing. We combine the material identification database and SVM classifier to identify the target material. Please note that while we try to ensure the environment of all test groups were the same, it is difficult to completely avoid interference caused by factors, such as position changes, volume changes, multipath changes, and hardware fluctuations during multiple measurements. The results are shown in Fig. 5. We place the test results in a Cartesian coordinate system, taking the amplitude ratio as the abscissa and the phase difference as the ordinate. We find that the two liquids were clearly clustered in two clusters. After multiple measurements of pure water, the characteristic values are still in the pure water cluster. The results show that our approach offers a good repeatability of the same type of material. In the meantime, it has a strong ability to identify material with large differences in composition.

5  Implementation and Experiment

This section describes the specific operations and the results of our experiments, including implementation, basic experiments and identification performance.

5.1 Implementation

Hardware Setup: We use two TP-LINK WDR4900 v2 Wi-Fi routers as transmitter and receiver. The Wi-Fi routers work in the 5 GHz frequency band. The transmitter work in 802.11n access point (AP) mode and transmits a data packet every 10 ms. The receiver work in 802.11n client mode.
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Figure 5: The preliminary test results of the material identification effect

Experimental Environment: To evaluate the material identification performance of our approach, we conduct experiments in a common family living room. Due to the presence of furniture and walls, there are multipath in the living room. The distance between the laptop and routers is 2 m, and the interval between routers is 1 m. The target material is located in the LoS, as close as possible to the receiving antenna. The position of the target material is fixed.

Target Material: We use 10 types of common liquids as our target material: pure water, vinegar, 75% ethanol, 5 g/100 ml sugar water, 5 g/100 ml salt water, orange juice, apple juice, milk, Coca Cola and beer. The liquids are placed in a plastic beaker made of polypropylene (PP) with a diameter of 11 cm, and the volume of liquids used in the test is 1 L.

5.2 Basic Experiments

5.2.1 Verification of Amplitude Denoising

The experiments are implemented to verify the effectiveness of the amplitude denoising method. We collect the CSI in 10 s and repeat it 20 times. We obtain the raw amplitude values and amplitude ratios, and process them with the same denoising operation. The results are shown in Fig. 6. The processed amplitudes of a single antenna pair are still not stable enough. For the two antenna pairs, the processed amplitude ratios are obviously much more stable. The results demonstrate the effectiveness of our amplitude denoising method.
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Figure 6: Performance of the CSI amplitude denoising

5.2.2 Verification of Phase Denoising

We use the phase difference extracted from the obtained CSI, and process it with unwrapping and Kalman filtering. The results are shown in Fig. 7. The phase values of raw CSI (*) are evenly distributed in the polar coordinate system. The processed phase difference values (*) are concentrated in an area of about 5°. The distance between the point and the center of the circle in Fig. 7 represents the amplitude value. It can be seen that the unprocessed amplitude values are still evenly distributed. The results show that with the help of our method, we can obtain a CSI phase difference value with a fluctuation range of 5°, which is more stable than existing work [28].

[image: images]

Figure 7: The raw CSI phase (∗) and the processed CSI phase difference (∗)

5.3 Identification Performance

We evaluate the identification performance of our system by repeating the experiment 20 times for each target material. Our system employed 30 packets for material identification. Fig. 8 shows the experiment results of 10 types of liquids. We achieved an average accuracy rate of 98.8%.
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Figure 8: Identification performance for 10 liquids

To evaluate the identification performance of the system for similar materials, we test one bottle of pure water and three bottles of salt water with different concentrations (1.2 g/100 ml, 2.7 g/100 ml and 5.9 g/100 ml). Fig. 9 shows the test results. For materials with similar components, we obtained an average accuracy of 95.8%. The identification ability decreases with the increasing concentration. We believe that it is because when a small amount of salt is dissolved in pure water, the dielectric constant and loss factor of the solution will change significantly (this is manifested as a rapid increase in conductivity), and this change decreases with the rise of salt concentration. The experiment results show that our approach has a good distinguishing ability between pure water and different concentrations of salt water.
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Figure 9: Identification performance for different concentrations of salt water

6  Conclusion

We presented a new material identification approach, which used Wi-Fi signal to identify material. First, we investigated previous works about material identification approaches, analyzed the relationship between the CSI of Wi-Fi signal and target material type, and found two distinguishing features which were amplitude ratio and phase difference. The two features could be used to identify material, but the software/hardware noise of CSI affected the effectiveness. To reduce the volatility of the raw CSI, a new noise elimination method was proposed. We used the designed antenna array and basic signal processing methods to obtain stable features, therefore improving the accuracy of material identification. We implemented a prototype system and evaluated it in an indoor environment. The experiment results showed that the accuracy of our system was higher than previous work.
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Appendix A. Abbreviations and Full Forms

We have summarized the abbreviations and their full forms which is used in this paper. We use alphabetical order to make Tab. A1 easier to search.
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Table 1: Summary of notations

Notation  Definition
H(f;1) Channel frequency response of a single CSI entry
a; (1) Factor of amplitude attenuation
7; (¢) Propagation delay of signal
I Frequency of the subcarrier
Hijy CSI of the k-th subcarrier between the i—j antenna pair
i Distance of the n-th path between the i—j antenna pair
fies 1, Central frequency and actual frequency of the k-th subcarrier
T Cyclic shift diversity of the i-zh transmitting antenna (CSD)
Jo Sampling time offset (STO)
n Sampling frequency offset (SFO)
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Table Al: Summary of abbreviations

Abbreviation Full form

AP Access point mode of Wi-Fi router
COTS Commercial off-the-shelf
CFR Channel frequency response
CSD Cyclic shift diversity

CSI Channel state information
CT Computer tomography

[oT Internet of Things

LoS Line-of-sight

MAD Median absolute deviation
MIMO Multi-input multi-output
MRI Magnetic resonance imaging
NIC Network interface card
OFDM Orthogonal frequency division multiplexing
PCA Principal component analysis
PP Polypropylene

RFID Radio frequency identification
Rx Receiving antenna

SFO Sampling frequency offset
STO Sampling time offset

SVM Support vector machines

Tx Transmitting antenna

UWB Ultra wide band

Wi-Fi Wireless fidelity





OEBPS/Images/CMC_20765-fig-7.png





OEBPS/Images/CMC_20765-fig-2.png
(@)

Rx1
f"
LoS1 el
-
- Rx2
,—"’ ————
it ——-
Tx T
LoS2

Liquid

I
Transmitting
Autennas

Receiving
Autennas






OEBPS/Images/logo.png





OEBPS/Images/table-2.png
Notation
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