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Abstract

:

Miniature and low-power gas sensing elements are urgently needed for a portable electronic nose, especially for outdoor pollution monitoring. Hereby we prepared chemiresistive sensors based on wide-area graphene (grown by chemical vapor deposition) placed on Si/Si3N4 substrates with interdigitated electrodes and built-in microheaters. Graphene of each sensor was individually functionalized with ultrathin oxide coating (CuO-MnO2, In2O3 or Sc2O3) by pulsed laser deposition. Over the course of 72 h, the heated sensors were exposed to randomly generated concentration cycles of 30 ppb NO2, 30 ppb O3, 60 ppb NO2, 60 ppb O3 and 30 ppb NO2 + 30 ppb O3 in synthetic air (21% O2, 50% relative humidity). While O3 completely dominated the response of sensors with CuO-MnO2 coating, the other sensors had comparable sensitivity to NO2 as well. Various response features (amplitude, response rate, and recovery rate) were considered as machine learning inputs. Using just the response amplitudes of two complementary sensors allowed us to distinguish these five gas environments with an accuracy of ~ 85%. Misclassification was mostly due to an overlap in the case of the 30 ppb O3, and 30 ppb O3 + 30 ppb NO2 responses, and was largely caused by the temporal drift of these responses. The addition of recovery rates to machine learning input variables enabled us to very clearly distinguish different gases and increase the overall accuracy to ~94%.
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1. Introduction


Low-cost gas sensors of air pollution, which can be embedded in smartphones or other consumer and Internet-of-Things (IoT) devices, can help to reduce the adverse effects of polluting gases worldwide. The main polluting and health-affecting gases in the outdoor air are NO2, O3, SO2, and CO. In urban environments, nitrogen oxides (NO and NO2; commonly NOx) are emitted primarily from vehicle exhausts. Nitrogen dioxide is especially detrimental to health, producing nitric acid after inhalation and diffusion into the lungs. Ground-level ozone is very harmful to human health even at very low concentrations because of its strong oxidizing effect. O3 is a secondary pollutant emerging in atmospheric reactions involving NOx and volatile organic compounds under sunlight [1]. The US and EU standards of concentration limits for these two gases are similar, below 60–70 ppbv levels [2,3]. New World Health Organization (WHO) recommendations (2021) are even stricter with short- (long-) term target values of 13.3 (5.3) ppbv and 50 (30) ppbv for NO2 and O3 concentrations, respectively [4].



Ozone and NO2 are the most important pollutants, besides particulate matter, in terms of health risks [5]. As the traffic density in the urban environment depends largely on the exact location and time, monitoring of both gases with a large spatial and temporal resolution is essential. This is possible with a network of miniature sensors that can be fixed [6], transported [7], or carried in mobile devices. The miniaturization and low power consumption requirements should be met in the latter case without losing sensitivity. In turn, new materials have to be developed for this purpose, with lower working temperatures and compatible with the mass production technologies of microsensors.



Semiconducting metal oxides and other wide bandgap materials have been used for developing chemiresistive gas sensors [8,9]. Nanostructured metal oxides and other new nanomaterials have been demonstrated to be highly sensitive to NO2 or O3 [10,11,12,13]. Although various materials, device architectures, and readout strategies were proposed and investigated, only partial selectivity of the gas responses could be achieved [14]. NO2 is probably the most explored gas; several recent reviews cover its sensing with nanomaterials [15,16]. These studies generally do not include comparative results for ozone. Unfortunately, both electrochemical and conductometric sensors are known to have strong cross-sensitivity to these oxidizing gases [17,18].



In the case of metal-oxide-based conductometric sensors, a significant difference in the sensing mechanism of NO2 and O3 appears only at higher temperatures (above 200 °C) when ozone starts to dissociate on the surface of sensor material [19]. One possible solution for differentiating these gases at lower temperatures is the use of filters that deactivate ozone [20,21]. Another fundamental way to distinguish between gases is to use the principle of the electronic nose [22]. Here the different response patterns from partially selective sensors are fed into machine learning algorithms, which are then trained to predict the concentrations of individual gases [23,24,25,26].



Quantitative detection of formaldehyde and ammonia in the concentration range of 5–200 ppm was successfully demonstrated with a small array based on composites of metal oxides (SnO2 or CuO) and reduced graphene oxide with an artificial neural network (ANN) [27]. In Ref. [28], multiple linear regression and ANN algorithms were used to predict the concentrations of individual gases in the mixtures of NO2 and SO2 (in 50 ppb to 1 ppm range) with an array consisting of six commercial electrochemical sensors. The array of similar size, based on metal-oxide sensors, was demonstrated for semiquantitative detection of carbon monoxide and methane, with additional interference of hydrogen and formaldehyde; different models were utilized and evaluated, including principal components analysis (PCA), linear discriminant analysis (LDA) and ANN, whereas the ANN models had the best performance [26]. Using the dataset recorded for ethylene and CO mixture with 16 metal-oxide sensors (TGS2600, TGS2602, TGS2610, and TGS2620 by Figaro Engineering Inc.; four units of each type), the prediction accuracy of gas concentration via machine learning, based on a support vector machine model was studied in Ref. [29]. It was shown, in particular, that only two properly selected sensors were able to predict the concentrations of two gases with high accuracy.



For distinguishing only two gases, the responses of a few sensors are needed, their exact number depending on the quality of the signal and the required accuracy in gas determination. The simplest task is the classification of gases when the sensor system’s output is just an indication stating which gases are present. At the next complexity level, values of the gas concentrations are also provided. In the simplest form, it may be an air quality index (AQI) scale, extending from good to dangerous, coded by colors from green to red, respectively (see, e.g. [30,31]). Such classification is sufficient for consumer devices where numerical information about the concentrations of different gases is not needed and can even be distracting.



The goal of the present work is the semiquantitative classification of NO2 and O3 in the actual concentration range for outdoor air below ~100 ppb. The AQI scale used is shown in Figure 1. It is a simplified and fictional version for proof-of-principle, using somewhat lower limits for the medium and unhealthy situations than the current actual limit values to demonstrate the feasibility of our approach in light of recent WHO recommendations. The air quality scale has three zones, and the gas responses of different sensors are investigated for five gas compositions in the air: 30 and 60 ppb of NO2, 30 and 60 ppb of O3, and a mixture of 30 ppb of NO2 and 30 ppb of O3.



We are using graphene-based devices functionalized with different metal oxide layers to render the sensors different in terms of partial selectivity. Graphene-based chemiresistors can be extremely sensitive because of the large surface to volume and signal-to-noise ratios. With optimized signal recording, adsorption and desorption events of single gas molecules have been detected [32]. However, for distinguishing different gases, one has to create on the surface of graphene specific adsorption centers for the sake of selectivity to different molecules. In the chemiresistive sensors built on a large area CVD (chemical vapor deposition) or epitaxial graphene, the highly conducting carbon layer acts as an effective electrical transducer, and the functionalizing layers (or defects, particles, atomic groups) provide receptors for different molecules. The enhanced sensitivity and selectivity of graphene functionalized by pulsed laser deposited layers were previously demonstrated for NO2 and NH3 gases and some volatile compounds [33,34,35].




2. Materials and Methods


Single-layer CVD graphene was grown on a polycrystalline copper foil and transferred onto sensor array substrates using a wet transfer procedure. Each element on a sensor array was individually functionalized with a thin oxide coating by pulsed laser deposition (PLD). Three ceramic targets consisting of pressed and sintered metal oxides were used in the PLD process for functionalization: two single-metal oxide targets In2O3 (CAS No. 1312-43-2, 99.99 % pure, Kurt J. Lesker) and Sc2O3, (CAS No. 12060-08-1, 99.9 % pure, JV “New Materials and Technologies”, Ukraine) and a CuO-MnO2 (CuO: CAS No.-s 1317-38-0, 99.995 % pure, Alfa Aesar and MnO2: CAS No. 1313-13-9, 99 % pure, Reakhim) mixed-oxide target with the nominal Cu/Mn atomic ratio of 1/3. The routine PLD process of graphene functionalization was described in Ref. [34]. Briefly, a KrF excimer laser (Coherent COMPexPro 205, wavelength 248 nm, pulse width ~25 ns, repetition rate 5 Hz, energy density on the target 3.0 ± 0.3 J/cm2) was used for deposition in dilute oxygen atmosphere (CAS No. 7782-44-7, 99.999 % pure, AS Linde Gas) while the distance between the substrate and the target was 75 ± 3 mm. Specific process parameters for the functionalization of individual sensors are summarized in Table 1. A shadow mask attached to a linear actuator was used for selecting individual sensors during successive deposition of functionalizing layers. The growth rate of the oxide layer was estimated to be approximately 0.5 ± 0.1 nm per 100 laser pulses. The functionalization by PLD was followed by mounting the sensor substrates to the printed circuit board (PCB) and wire bonding of electrodes of each sensor to the PCB electrode patches. The scheme of an individual sensor on the substrate is depicted in Figure 3 (inset). The sensor substrate contains several sensors, each consisting of a pair of interdigitated metal electrodes (nominal gap width 20 μm) and a separate micro-heater underneath.



The Raman spectra were recorded with Renishaw inVia micro-Raman spectrometer (excitation wavelength 514 nm, spot size ~1 µm, incident power ~1 mW). The spectral resolution of the Raman spectrometer was approximately 2 cm−1 and the wavenumber calibration error ±1 cm−1. The SEM images were obtained using a FEI Helios NanoLab 600 (FIB/SEM) electron microscope. Image acquisition parameters were as follows: electron beam acceleration voltage 2 kV, beam current 8.6 × 10−11 A; a through-the-lens detector was used.



Figure 2 depicts a scheme of the experimental setup for gas sensitivity measurements. The gas mixture was prepared from cylinder gases passing through mass flow controllers into a mixer. The sensors were placed in a small test chamber (internal volume 15 ± 0.5 cm3). The total gas flow through the chamber was kept constant at 200 ± 2 sccm, while the flow rates of individual gases (N2 CAS No. 7727-37-9, O2 CAS No. 7782-44-7, NO2/N2 mixture, all 99.999% pure and all from AS Linde Gas) were varied by mass flow controllers (Brooks SLA5820). The content of NO2 in the gas cylinder with NO2/N2 mixture was 70 ppm (certified by AS Linde Gas) and this gas was fed into the system with an accuracy of 15 μl/min. Ozone was produced with a UV-lamp-based generator (SOG-1, UPV/Analytic Jena), and the resulting O3 concentration was continuously monitored with an analyzer (Teledyne, model 430). The analyte gas concentrations and their estimated accuracies are as follows: 30.0 ± 2.5 and 60.0 ± 2.5 ppb of NO2, 30 ± 2 and 60 ± 2 ppb of O3. The dioxygen content in the gas mixture was always kept constant at 21% to simulate typical atmospheric composition. For the same reason, during the sensor measurements, the relative humidity of testing gas was held at 50%, achieved by passing a part of N2 flow through the water bubbler. Since the testing was performed in the flow-through regime, the gas pressure in the test chamber was equal to atmospheric pressure. The composition of the gas flow was computer-controlled with LABVIEW-based software.



The resistance of sensors was recorded (sampled once per second) with a special lab-built data acquisition system based on Arduino NANO microprocessor and 12-bit A/D-converters. This device also controlled the temperature of sensors via the voltage applied to microheaters.



All sensor elements were kept at approximately 140 °C throughout the measurements. Although the used sensors responded to NO2 and O3 at room temperature, the recovery times were too long (over 1 hour) for meaningful applications. At the higher temperature, both the response and recovery rates increase, as demonstrated in Ref. [35] for PLD functionalized graphene gas sensors. However, with growing sensor temperature, the sensitivity decreases [35], and therefore, 140 °C was chosen as the optimum measurement temperature considering both the sensor speed and response magnitude.



Machine learning studies were conducted in the Python programming language. As a universal nonlinear classifier, we used a feed-forward artificial neural network (ANN). ReLU was used as an activation function in the hidden layers, and the log-loss function was optimized with the Adam method (with backpropagation). Typically, ReLU is preferred over other activation functions (tanh or sigmoid), as it may improve the sparsity of the model, avoid the issue of vanishing gradient, and is very efficient computationally. Such ANN was implemented by the MLPClassifier of the Scikit-Learn library. Due to the limited amount of data (~100 data points), it was split in a 50:50 ratio for training and testing. Moreover, the initial order of data points was retained to reflect the potential temporal drift of the sensors, which could severely affect the result in a real sensing scenario. The performance of the trained ANN is characterized by the F1 score metric, evaluated as a harmonic mean of the precision and recall.




3. Results and Discussion


A typical Raman spectrum of pristine CVD graphene transferred onto the sensor array substrate is depicted in Figure 3 (left). The spectrum is characteristic for a single layer CVD graphene with a low defect density. The two bands peaking at 1585 cm−1 and 2684 cm−1, denoted as G- and 2D-bands, respectively [36,37], are the main features in the graphene Raman spectrum. Two very minor bands appear at 2458 (D + D″) and 3250 cm−1. According to Ferrari et al. [37], the G band belongs to the high-frequency E2g phonon that is due to the in-plane stretching motion of sp2 carbon atoms. The D band corresponds to breathing modes of six-atom rings and requires a defect for its activation. By contrast, the D band overtone 2D does not require the presence of symmetry breaking defects. In the case of single-layer graphene, the 2D band has the largest intensity; it broadens and loses intensity in multi-layer graphene. High-quality single-layer graphene would have only G and 2D bands, whereas defective graphene has D, D′ and D + D′ peaks in addition to the main bands.



A very faint defect-related D-band located at 1345 cm−1 indicates low defect density in the pristine CVD graphene sample. Figure 3 also shows a typical spectrum of graphene after functionalization. The emergence of defect-related D bands, and a simultaneous decrease of the 2D band intensity, as compared to G band, indicate that the point defect density in graphene increases during the PLD, caused by the bombardment with high energy particles present in plasma [38].



An SEM image of the graphene layer on top of interdigitated sensor electrodes is presented in the right panel of Figure 3. The smaller, darker contrasting features belong to the regions of double or/and triple layer graphene. The graphene film grown on polycrystalline copper foil by CVD is typical > 95% single layer and <5% bi/three-layer, the exact proportions depending on the growth conditions [39,40,41]. A layer of nanostructured thin metal oxide material is typically seen in the SEM images after the PLD (not shown). For examples of both a sub-nanometer layer and a few-nanometers-thick layer, see our previous publications [34] and [33], respectively.



Figure 4 shows an overview of time-dependent conductivities for the four sensors on a micro-hotplate substrate during an experimental run. The gas exposure period (ON) lasted for 15 min. and the recovery period (OFF) for 30 min. Considering the goal of semiquantitative gas analysis, two concentrations of pure NO2 and O3 (30 and 60 ppb) and their mixture (30 ppb of NO2 + 30 ppb of O3) were chosen for gas sensing and machine learning studies. Thus, the sensors were randomly exposed to five different gaseous environments. Overall, the sensor array was subjected to nearly 100 such gas concentration cycles over a period of 72 h. Under real sensing conditions, the gas composition generally changes more gradually. However, such an ON-OFF gas exchange protocol can be implemented in real sensors by flow modulation (sniffing [42,43] or by releasing the gases from a pre-concentrator).



In terms of conductance, the overall response amplitudes (defined as the difference between the maximum and minimum values) of sensors S1, S3 and S4 to O3 were comparable; the response of sensor S2 was 2.5 times smaller (Table 2). The baselines, and thereby the relative responses, vary considerably. Sensor S1 had the highest relative response, with the amplitudes changing up to 55%. One can also observe a small baseline drift of less than 10% over the 72 h period. In this regard, sensors S1 and S3 were the most stable and had the largest relative response.



Both the sensitivity (response amplitude per unit gas concentration) and baseline were affected by functionalization (PLD target material and process parameters). As compared to high quality pristine graphene that has very little gas sensitivity [44,45,46], the sensitivity is increased significantly after PLD due to the creation of effective adsorption centers [33]. The conductance of pristine graphene samples before the PLD was 25–30 mS. Different initial conductance of sensors S1–S4 is caused by the defects formed in the laser deposition process. The number of defects created in the graphene depends on the kinetic energy of laser-ablated particles as they hit the surface, which is the function of the target material, the laser energy density, and, most importantly, gas pressure in the deposition chamber [38]. For example, the conductivity of sample S1 (made at 5 Pa of O2) is lower than the conductivity of sample S4 (made at 10 Pa), although the number of laser pulses is higher for the last coating.



Similar combinations of graphene with ultra-thin oxide layers have been extensively studied [33,34,35]. A large (almost 100-fold) increase in gas sensitivity was found after the PLD of oxide layers. The effect was always accompanied by an increase of the D-line in the Raman spectrum and a decrease in electrical conductivity, indicating defect formation in graphene. The density of new gas adsorption centers created by the PLD process was shown to be proportional to the density of point defects [33], whereas the proportionality factor would depend on the gas pressure in the PLD chamber [34].



Figure 5 shows the gas responses in a smaller time scale, where typical individual transient responses to five gas compositions are presented for all sensors in sequence. Ozone generally dominated in the responses, especially for sensors S1 and S3. Sensors S2 and S4, on the other hand, had a reasonably strong response to NO2 as well. For sensor S4, in particular, the response amplitude to NO2 reached about 60% of the response to O3 (at 30 ppb). On the other hand, the response rates of sensors S1 and S3 were by a factor of 2.7 times faster, with a characteristic response time of 125 s.



Figure 6 shows an enlarged view of a typical transient response when exposed to ppb-levels of gas. Several characteristic features derived from such transient response can potentially be utilized for the subsequent machine learning [47]. In the case of two gas components, either a pair of reasonably different sensors or two complementary features of a single sensor are needed at least. Hereby, we considered three types of features having the most straightforward physical interpretation: the response amplitude (difference between the maximum and minimum values of the recorded signal over one cycle), the response rate (inverse rise time) and the recovery rate (inverse recovery time). The first two quantities are directly related to the concentration of the respective gases, whereas the recovery rate is determined by the adsorption energy of gas molecules [8,9]. Curve fitting was exclusively used to derive the feature values (Figure 6). The rate constants were obtained by fitting the initial rising and decaying parts of the transient response curve with the function ae−kt + b (where the parameter k represents either the response rate or the recovery rate), because effectively a first-order kinetics can be assumed over a limited time span. To reduce the effect of noise and other minor irregularities, the terminal value of the conductivity (at the end of the response or recovery period) was determined from the endpoint of a second order polynomial fitted through a preceding section of the curve.



As already seen from Figure 5, the response amplitudes of all sensors were well correlated to the gas concentration. The recovery rates of the sensors S1 and S2 also provided useful inputs for the discrimination of gases. The inclusion of the response rates, however, did not increase the prediction accuracy of machine learning. In part, this may be due to limited resolution of the signal or signal-to-noise ratio because derivative-like quantities acquire more noise than the primary data. Moreover, the adsorption may be a complex phenomenon involving several types of adsorption centers and competitive processes between different oxidizing gases (including dioxygen). In both cases, the signal kinetics cannot be described with a single rate constant.



Figure 7 shows a couple of examples of how the data points cluster in 2D feature space. In terms of the response amplitudes of complementary sensors (such as S1 and S2), the data points remain sufficiently well localized and segregated so that there is only minor overlapping of the domains corresponding to different gas environments. However, the recovery rates do not show such clustering. The regions of 30 ppb NO2 and 60 ppb NO2 are completely overlapping, whereas O3-related data points are significantly shifted along one coordinate.



It is possible that the segregation would improve further in a higher-dimensional feature space. On the contrary, the temporal drift may severely degrade the result. These issues cannot be easily assessed visually and require machine learning. We used a classifier based on a simple feed-forward artificial neural network. An advantage of an ANN is its potentially very large learning capacity, and it is only limited by the number of hidden layers and the number of neurons in each layer. On the other hand, if the amount of training data is small, a large ANN is susceptible to overtraining and fails to generalize the data. This can be counteracted by various regularization techniques, such as constraining the parameter space, typically penalizing overly large parameter values. We tested various ANN configurations. It was found that one hidden layer was sufficient for this task. Distributing the neurons in multiple layers reduced the prediction accuracy even if the overall number of neurons remained small. With no regularization applied, about nine neurons in a single layer provided optimal results. A regularized (using non-zero L2 penalty) ANN was also considered, in which case more neurons were required in the hidden layer, but the classification performance was nearly identical.



Table 3 shows the obtained accuracy when applying a trained ANN to the test data, for a variety of chosen gas response features. Using just two response amplitudes allowed for the distinguishing of the five environments with an accuracy of ~85%. Further improvement was gained (accuracy ~94%) by incorporating both amplitudes and recovery rates of sensors S1 and S2 (the results are also illustrated in Figure 1). One can see that the accuracy is essentially the same for an unregularized 9-neuron network and regularized 100-neuron network. In both cases, only the data for the final optimized network configuration are shown in Table 3.



An obvious conclusion is that for the current problem, the best classifier in terms of simplicity and accuracy is ANN with a single hidden layer and without the penalty parameter. Figure 8 illustrates the performance of such a classifier as applied to time-sequential data. The few mistakes are in the assignment of 30 ppb O3 and 30 ppb O3 + ppb NO2. It is indeed these two gas compositions that are most likely to be confused when looking at the data in Figure 7.



We also see the tendency that the mistakes become more frequent as time progresses. The reason becomes evident when we replot the data in Figure 7 in a manner that also indicates the time coordinate (Figure 9). We can see that within each cluster there is, in addition to the random scatter, also some preferred direction of movement over time. Potentially, without such temporal drift of the responses, the sensors could consistently distinguish the gases with an accuracy approaching 100%. It requires further studies over longer time periods to assess the origin and persistence of this drift. Because of the temporal drift, it is meaningful for machine learning to retain the temporal order of the data points for a more realistic outcome.



The results are comparable to similar experiments (albeit for different gas combinations) described by the literature, for example, [24] and [26]. However, there are plenty of publications on NO2 and O3 sensors separately (see the Refs. discussed in the introduction [10,11,12,13,15,16], the distinctive co-detection of these gases has been underexplored. In Ref [48], a sensor array based on MoS2 nanosheets has been used and the distinction between NO2 and O3 by PCA has been demonstrated. However, the sensitivities and detection limits (215 ppb for NO2 and 17 ppb for O3) achieved in Ref [48] were insufficient for environmental applications.




4. Conclusions


The resistivity of CVD graphene, functionalized with different nanometer-thin metal oxide coatings by pulsed laser deposition, generally shows an excellent response to ppb-levels of NO2 and O3 in the air. At comparable concentrations, O3 typically predominates in the sensors’ responses. Still, heated sensors based on In2O3 and Sc2O3 coatings showed a relatively strong NO2 response when O3 was present. By contrast, CuO-MnO2-based sensors had a weaker response to NO2 and were easily saturated by O3. Using the response amplitudes of two complementary sensors and applying a basic feed-forward neural network for machine learning, it was possible to distinguish between 30 ppb and 60 ppb NO2 and O3, and their mixture, with an accuracy of ~85%. The classification errors were mostly associated with an overlapping of the 30 ppb O3 and 30 ppb O3 + 30 ppb NO2 responses and largely caused by the temporal drift of the sensors’ responses. Further improvement was gained (accuracy ~94%) by including the recovery rates from sensors functionalized with CuO-MnO2 and In2O3. This is explained by the fact that the recovery rate is determined by the binding energy, and hence distinguishes primarily different gases rather than their concentrations.



The model contained only one hidden layer (with ReLU as activation function), and distributing the neurons in multiple layers reduced the prediction accuracy. With no regularization applied, about 9 neurons provided optimal results. A regularized (using non-zero L2 penalty) ANN was also considered, in which case more neurons were required in the hidden layer, but the classification performance was nearly identical.



To conclude, the viability of graphene-based sensors was demonstrated for an important environmental application, monitoring the principal harmful gases, ozone and NOx, in the polluted city air with a cost-effective miniature device, in terms of suitable sensitivity and selectivity. Further studies are needed to take into account the effects of long-term stability and humidity.
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Figure 1. Air quality scale with discrete gas concentration points used in the study. The F1 scores shown are figures of merit for a concrete sensor array and machine learning algorithm described in the Results section. The model used was artificial neural network (ANN) using four sensors (see Table 1). 
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Figure 2. The experimental setup used for gas sensitivity measurements. MFC—mass flow controller, M—gas mixer, O3 Gen—ozone generator, H2O—water bubbler. 
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Figure 3. Left—Raman spectra of CVD graphene in sensor device, recorded before (pristine) and after PLD process (a.u. means arbitrary intensity units of the Raman instrument; the spectrum of pristine graphene is shifted upwards by 650 units). Inset: Scheme of the sensor based on PLD-functionalized CVD graphene on the micro-hotplate sensor substrate. Right—SEM image of single-layer graphene on top of interdigitated electrodes of the sensor substrate. 
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Figure 4. Responses of the four sensors to ~100 cycles of various NO2 and O3 combinations (30 or 60 ppb) over the course of several days. For better visibility, the signal of sensor S2 has been multiplied by factor of three. 
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Figure 5. Extracts from the sensor responses (solid red lines, from Figure 5) as a function of gas composition, highlighted by yellow and blue bars for NO2 and O3, respectively. 
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Figure 6. Enlarged view of typical transient response of a graphene-based sensor (S2) to 60 ppb of O3. Curve fitting (as indicated) was applied to certain sections of the data to extract characteristic features for machine learning. 
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Figure 7. Clustering of the data points in 2D feature space of the response amplitudes (left) or the recovery rates (right) of sensors S1 and S2. 
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Figure 8. Performance of a trained ANN (9 neurons in 1 hidden layer) on the test data. Red circles represent the expected result; blue crosses represent the predicted result. 
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Figure 9. A diagram from Figure 7, redrawn so that the color indicates the time passed since the start of the experiment. 
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Table 1. PLD functionalization parameters for the sensors used in the experiments.
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	Sensor Label
	Target
	O2 Pressure (Pa)
	No. of Pulses





	S1
	CuO-MnO2
	5.0 ± 0.1
	160



	S2
	In2O3
	5.0 ± 0.1
	160



	S3
	CuO-MnO2
	10.0 ± 0.2
	1000



	S4
	Sc2O3
	10.0 ± 0.2
	1000
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Table 2. Sensitivities of the sensors to the individual gases at 30 ppb concentration (average over all cycles, uncertainties indicated in the brackets as double standard deviation).
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	Sensor Label
	Sensitivity to NO2 (µS/ppb)
	Sensitivity to O3 (µS/ppb)
	Baseline (mS)





	S1
	4.9 (0.9)
	26.5 (5.1)
	2.48 (0.19)



	S2
	4.6 (1.3)
	11.3 (1.7)
	6.85 (0.28)



	S3
	4.4 (3.2)
	29.6 (6.0)
	8.36 (0.19)



	S4
	14.5 (4.4)
	27.7 (6.9)
	23.73 (0.90)
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Table 3. Prediction accuracy of a trained ANN model (using the indicated features), when applied to the test data.
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Number of Neurons

	
L2 Penalty

Parameter

	
Features

	
F1 Score






	
9

	
0

	
Amplitudes of S1 and S2

	
~0.84




	
Amplitudes of S3 and S4

	
~0.65




	
Amplitudes of all sensors

	
~0.74




	
Amplitudes and recovery times of S1 and S2

	
~0.94




	
100

	
0.0001

	
Amplitudes of S1 and S2

	
~0.86




	
Amplitudes of S3 and S4

	
~0.69




	
Amplitudes of all sensors

	
~0.76




	
Amplitudes and recovery times of S1 and S2

	
~0.94
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