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Rapid and quantitative recognition of trace amounts of water in organic solvents is of great 

importance in industrial operations. Currently the standard methods of determining water content 

in such cases include the Karl Fischer (KF) titration and fluorescence colorimetry, which are 

expensive, time consuming, and require skilled operators.  In this work, a multifunctional liquid 

sensing and classification system was developed based on paper comprising pulp fibers adsorbed 

with multi-walled carbon nanotubes. Papertronics is a field of increasing interest due to the 

biodegradable nature, flexibility, and light weight of lignocellulosic paper and its ability to be 

produced at large scale using well-established and cost-effective manufacturing processes. The 

hygroscopic nature of cellulose fibers causes them to swell radially in response to water molecules, 

which alters the conductive pathway within the percolated carbon nanotube network present on 

their surface, leading to a significant change in the paper resistance when wet. Importantly, the 
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swelling behavior strongly depends on the nature of the solvent, which makes it an exceptional 

material for liquid sensing applications. The electrical response of the sensor was tested in a 

classification problem to classify solvents, and a regression problem to quantify concentrations of 

water in solvents. Specific features were identified from the response profiles, generating over 600 

data points which were implemented in the LDA and used to differentiate between the liquids.  The 

sensing platform can classify five different solvents with 100% accuracy and quantify the amount 

of water in the organic solvent with a limit of detection of 250 ppm and comparable resolution 

which makes it competitive with the KF titration. The proposed paper-based electronic tongue 

demonstrates the ability to rapidly differentiate low concentrations of water in organic solvents, 

provides an economic alternative to current methods, and enables future discoveries in biosensing 

and bioelectronics. 
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1. Introduction 

1.1 Quantitative Recognition of Water in Organic Solvents 

Quantitative recognition of trace amounts of water in organic solvents like methanol and ethanol 

is of great importance in industrial operations such as a biorefinery. In these scenarios, water 

represents an impurity which lowers the quality and yield of the product, disrupts chemical reaction 

rates and can cause equipment damage [1]. Currently, the standard method of determining water 

content in organic solvents is the Karl Fischer titration [2]. This titration involves the use of a Karl 

Fischer titrator and a KF reagent which contains toxic compounds such as sulfur dioxide, pyridine, 

and glycol ethers [3]. In addition to these constraints, this approach is also expensive, time 

consuming and requires skilled operators [4]. Thus, the development of an inexpensive, rapid, and 

highly sensitive method to determine the water content of organic solvents is necessary.  

1.2 Differential Sensing and Electronic Tongue Sensors 

Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) are related but 

distinct multivariate statistical techniques which process data that is organized by several 

correlated variables and reduces the dimensions into two or three new variables, which are not 

correlated to each other and still retain most of the variation present in the original dataset [5], [6]. 

Discriminant analysis is commonly used by chemists and bioinformaticians for sensing 

applications. It is distinct from PCA in that it puts a bias on separating sets belonging to one class 

from the other classes to maximize separation between the classes and minimize separation within 

a class [7].  

An electronic tongue is a class of electrochemical sensors,  which as the name implies, is designed 

to mimic the human experience of taste. It is a different paradigm in sensing where rather than a 
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singular, highly selective sensor, an array of low-selective sensors is augmented with advanced 

signal processing and data analysis [8], [9], [10]. With the growth in machine learning and 

microcomputing, researchers have improved upon these sensors by providing them with robust 

object detection and pattern recognition and classification algorithms such as Linear Discriminant 

Analysis, Principal Component Analysis, Decision Trees, Random Forests, Convolutional Neural 

Network or Artificial Neural Networks [7], [11].  

Gabrieli et al researched polymeric electrochemical sensor arrays which were able to 

simultaneously quantify the concentrations of multiple cations in aqueous solutions via an 

extreme-trees machine learning regression model of five features from the differential voltage 

signal collected by a data acquisition system [12]. de Queiroz et al. found the use of an electronic 

tongue coupled with principal component analysis to be sufficient to determine water content of 

ethanol/water mixtures using capacitance measurements on gold electrode sensors [13]. The sensor 

performed better when tested with tap water than with milliQ water which indicates the ions 

contribute to the sensing. However, the concentrations of water tested were between 1 to 20% 

which is still orders of magnitude larger than what can be reasonably achieved with a Karl Fischer 

titration. There remains a need for a sensor with a below 1% limit of detection of water in organic 

solvents. 

1.3 Decision Trees and Ensemble Machine Learning 

Decision trees are a powerful hierarchical machine learning algorithm for classification and 

prediction tasks. They work by asking series of probing questions that effectively split the classes 

in data [14]. For classification decision trees, this is achieved by minimizing a cost function, such 

as the gini impurity, which represents the likelihood of a new data point being misclassified in that 
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node. A gini impurity of 0 is ideal because it means that class is perfectly separated from the others. 

Decision trees have a risk of overfitting the data because of their complex nature. This is mitigated 

by a process known as “pruning” which simplifies the model by removing branches and leaves, 

and a related process known as “hyperparameter tuning” which defines conditions under which 

the model can grow. The advantage of decision trees over other models is their  easy interpretability 

over other so-called “black box” models. It is intuitive to understand the rationale behind the 

model’s decisions and tune it accordingly. Similarly, a random forest model takes several decision 

tree “learners” and has each one vote on the prediction and the prediction with the most votes is 

reported as the model’s prediction [15].  Random forests are part of a group of machine learning 

models known as  ensemble methods which are capable of improving predictive performance and 

learning complex relationships between the data [16]. 

1.4 Multifunctional Papertronics and Paper-based Sensing 

Cellulose is an insulating polymer and the most abundant biopolymer on Earth, owing to its 

presence in all plant and tree matter. It has been well studied for over a century for its role in the 

pulp and paper industry.  In the past decade, paper-based sensing devices have taken off for many 

applications due to their low cost, flexibility, and ease of manufacturing [17]. Witkowska Nery et. 

al demonstrated a paper-based electronic tongue coupled with K-nearest neighbor algorithm and 

PCA which was sensitive to four ions present in water and capable of discriminating different 

water samples [18]. Jiang et al developed a chemiresistive sensor from a graphene-cellulose 

nanocomposite paper layered on a polymer substrate. A variety of tastes, soft drinks, beers and 

wines were successfully separated with PCA on eleven descriptive parameters calculated from the 

resistance signals [19].  Most recently, Amarante et al. developed a printed chemiresistor using 
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carbon nanotube-cellulose ink which could classify organic solvents and detect glycerin in water 

by applying a similar approach with multivariate analysis on the descriptive parameters [20].  

Conductive polymer composite (CPC) paper can be made by combining the cellulose matrix with 

conductive nanocarbon such as graphene or carbon nanotubes. This composite has applications in 

water sensing [21], stress/strain sensors [22], and humidity sensing [23], [24]. Sensors 

incorporating carbon nanotubes have been extensively researched for flexible circuits and Internet 

of Things (IoT) connected devices [25]. Recent research has demonstrated the multifunctional 

“smart” properties of paper which has been embedded with multi-walled carbon nanotubes [26], 

[27].  Being a naturally hygroscopic material, cellulose swells in the presence of water. This 

swelling alters the conductive pathway through the material, leading to a measurable change in 

electrical resistance.  Previous  research in the Advanced and Sustainable Materials lab by Dr. 

Sheila Goodman reported the cellulose fibers swell more in water than in ethanol. This preferential 

swelling to water makes paper-based sensors uniquely suited for selective water detection. From 

that research it was concluded that the composite paper has “the necessary sensitivity and 

specificity to detect the presence of water in organic solvents” [28].  

The objective of this study is to understand in greater detail the ability of electrically conductive 

carbon nanotube-paper composite to act as liquid sensors. Two sensor designs will be compared 

to determine the effect in which the design and sensing mechanism plays a role in the liquid sensing 

capabilities of the smart paper. The sensors will be tested on a range of classification and water 

quantification tasks and rigorously analyzed. A robust and repeatable data collection and 

processing method is presented, and several machine learning and statistical analysis approaches 

are compared to interpret the signal data from the sensor into meaningful and accurate predictions. 
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2. Methods and Materials 

2.1 Solvent Preparation 

Ethanol-based solutions were prepared with Absolute 200 Proof Ethanol from Sigma-Aldrich 

(Switzerland) while the methanol solutions were prepared using 99.9% methanol from VWR. 

Reagent grade Acetone >99.5% came from Sigma Aldrich. Isopropanol came from Fischer 

Chemical. Solvent mixtures for the U-shape tests were prepared at the time of use, so that they 

would not partially evaporate, which could cause a change in their composition. Solvent mixtures 

for the strip tests were prepared in falcon tubes which were sealed to mitigate evaporation. 

Solutions that required mixing were mixed with a magnetic stir rod with a parafilm cover atop the 

beaker until uniform. If the solution was prepared in a falcon tube, it was mixed on a vortex mixer 

on the highest setting thoroughly for 20 seconds. For the tests with the U-shape sensor, a syringe 

was used to fill beakers with the same amount of test solution so that each beakers’ liquid was the 

same height.  

2.2 Sensor Preparation and Characterization 

The multifunctional paper used in these sensors was prepared in the Wollenberg Paper and 

Bioresource Science Laboratory following the methods outlined in Dichiara et al [26]. The smart 

paper sensors were cut to shape using a 1mW laser cutter (Snapmaker, Shenzhen, China) to ensure 

uniformity. Laser conditions were 65% power, 100% speed, and 1 pass over the material.   
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Figure 1. Demonstration of the sensor designs laser cut from a larger sheet of paper. The top 

sensor is the U-shape, and the bottom is the strip sensor.  

 

At the ends of the strip sensors, 10mm of the paper was adhered to copper tape using silver 

conductive adhesive (Electron Microscopy Sciences, Hartfield, PA). This improved the contact 

between the sensors and the copper tape. Alligator clips were clipped to the ends of the copper 

tape.  

Scanning electron microscopy images of the sensor were taken under high vacuum on an Apreo-S 

electron microscope with a beam voltage of 2.00 kV and a current of 13 pA. Samples of sensor 

were cut from the paper and adhered to a stage mount using carbon tape.  

2.3 Data Acquisition and Testing Hardware and Procedure 

For the electrical resistance measurements, alligator clips were connected on both ends of the 

sensor and the resistance was measured using two wire ohmmeter mode on a Keithley DMM6500 

6.5-digit digital multimeter (Tektronix, Beaverton, OR) with a scan rate of 5 readings per second. 

The digital multimeter was equipped with the Keithley Model 2000-SCAN card to allow for up to 
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10 channel simultaneous measurements.  At the end of testing, the digital multimeter’s reading 

buffer was offloaded to a USB drive for transfer to the computer.  

To test the U-shape sensors, a benchtop lab-jack (Precision Scientific, Chicago, IL) raised a beaker 

of solution towards the sensor until the bottom 7 mm of the sensor was submerged in the liquid. 

The sensor remained submerged in the liquid for five minutes, after which it was quickly removed 

from the liquid by lowering the lab-jack. Data collection continued as the sensor dried, until it 

recovered its initial/dry resistance. Tests were conducted in the fume hood.  To ensure uniformity 

in the testing procedure across samples, special pieces were designed in Fusion360 (Autodesk, San 

Francisco, CA) and 3D printed using the Snapmaker for the purpose of holding the sensors in place 

for the duration of the testing. The wetted area of the sensor significantly affects the resistance, so 

it was crucial that all the sensors were submerged to the same depth so that there was no unwanted 

variation coming from inconsistencies within the testing procedure.   

To test the strip sensors, the sensors were secured in place on glass microscope slides which were 

subsequently taped down to a hot plate (Corning PC-420D, Glendale, AZ) set to 50°C. The 

temperature of the hot plate sped up the drying of the sensor which resulted in quicker tests and 

results. Using a pipette, the volume of the test solution was carefully dropped in the center of each 

sensor and allowed to wick outward. For the solvent classification experiments, this volume was 

7µL. For detecting water in methanol, isopropanol, and ethanol, the test volume was 20µL. Testing 

continued for a few minutes after the sensor was dry and resistance returned to baseline. Testing 

was intentionally not done in a controlled humidity environment, to demonstrate the robustness of 

the sensor to real-world conditions where it would be used. The active area, which is the area of 

the sensor that gets wet during a test, is roughly the same for both sensor designs.                                                                                                  
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a) 

 

b) 

 

Figure 2. Testing hardware for a) 10-channel simultaneous measurements with the U-shape 

sensor and b) dropwise experiments with the strip sensor 

2.4 Hot Plate Characterization  

To ensure uniform heating across the surface of the hot plate, so that different sensors were not 

unevenly drying, an experiment was conducted to plot the heat map of the two hot plates in the 

lab. The hot plates were divided into grids of equally spaced squares, a dual laser infrared 

thermometer (Digisense 20250-08, Cole Palmer, Vernon Hills, IL) was pointed from waist height 

at the center of each of the squares and the resulting temperature was recorded. This procedure 

was conducted at 50°C as that was determined to be the temperature used for testing. The 

characterization of the larger PC620-D hot plate at 40°C and 60°C can be found as Figure 21 in 

Appendix C: Hot Plate Characterization.  
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Figure 3. Heatmap of Corning PC420-D Hot Plate set to 50°C 

2.5 Experimental Design 

The first part of the experiment was to measure the sensors’ responses to various solvents to 

determine the feasibility of classification according to solvent nature. Five solvents were under 

test for these experiments – Acetone, Ethanol, Isopropanol, Methanol, and Water. To speed up data 

collection, five different tests ran simultaneously across five different sensors. Each of the sensors 

saw all the solvents three times for a total of 15 replicates for each solvent. 

Table 1. Solvents tested for solvent classification experiments and their properties 

Solvent Density 

(
𝒈

𝒎𝑳
) 

Surface Tension 

(mN/m) 

Heat of 

Evaporation 

(kJ/mol) 

Dielectric 

Constant 

Dipole Moment 

Acetone 0.784 25.2 29.1 20.7 2.69 

Ethanol 0.789 22.1 42.3 24.55 1.66 

Isopropanol 0.785 23.0 45.0 17.9 1.66 

Methanol 0.791 22.7 37.6 32.7 2.87 

Water 1 72.8 44.0 80.1 1.87 

 



18 
 
 

 

The other experiment was to determine the ability of the sensor to differentiate between 

concentrations of water in methanol and ethanol. For this, a single sensor was chosen which would 

be used for all the tests. All test solutions were made up according to the outline in Table 2. Once 

the sensor was dry, a new sample of test solution would be put into testing and the process would 

repeat. Methanol was chosen as the first solvent in which to measure the concentration of water. 

This is because it was found from the solvent classification experiments that methanol had the 

second highest relative resistance signal from the sensor after water, and we sought to determine 

the performance of the sensor to quantify water in the highest-resistance organic solvent.  

Isopropanol, representing an organic solvent with one of the lowest resistances, was also chosen 

because it was thought that water would be more distinguishable in this solvent, leading to clearer 

results and predictions.  

Table 2. Experimental design of water/solvent mixtures 

Sensor Morphology Solvent Concentration of DI Water 

U-shape Methanol 0, 250, 500, 1000, 3000 (ppm) 

Strip Methanol 0, 250, 500, 1000, 3000 (ppm) 

U-shape Isopropanol 0, 250, 500, 1000, 3000 (ppm) 

Strip Isopropanol 0, 250, 500, 1000, 3000 (ppm) 

Strip Ethanol 0, 15%,  25%, 35%,  50% 
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2.6 Data Processing and Model Building 

The data that is output from the multimeter at the end of a test must be processed before it can be 

used for data analysis. The steps of processing are shown in Figure 4. 

 

Figure 4. Data processing flowchart 

To account for variation in the smart paper sensors, the data is scaled according to the equation 

below. The change in relative resistance i.e., Gain, (Equation 1) is reported as a percentage increase 

relative to the baseline resistance of the dry sensor, 𝑅𝑜 . 𝑅𝑜 is calculated by taking the average of 

the first five dry resistances. 𝑅𝑡 is the wet resistance of the sensor at an instant in time.  

 

𝐺 (%) =
𝑅𝑡 − 𝑅𝑜

𝑅𝑜
∗ 100 

Equation 1. Gain (%)  in wet resistance relative to dry resistance 

 

From the sensor signal data, several descriptive parameters were determined which were applied 

in the statistical analysis and machine learning. These parameters were chosen for their ability to 

uniquely describe the signal. The parameters are labelled on an example signal from the U-shape 

sensor in Figure 5.  
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Figure 5. Descriptive parameters F1-F8 extracted from the relative resistance signal 

Table 3. Descriptive parameters calculated from sensor signals. 

Symbol Descriptive Parameter Calculation 

F1 Maximum Gain Max(G) 

F2 Time at Max Gain  Tmax(G) 

F3 Gain30 Gain at 30 seconds (%) 

F4 Gain100 Gain at 100 seconds (%) 

F5 Gain300 Gain at 300 seconds (%) 

F6 Slope Max/Tmax 

F7 Re-slope 1 / Slope 

F8 Max Gain to Gain300 Ratio Max Gain / Gain300 

 

Much of the machine learning done in this study, including the classification and regression models 

trained for these experiments, and the scalers used to normalize the data are from the Scikit-learn 

python package [29]. This package was chosen for its powerful and robust capabilities that span 
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the entire anatomy of a machine learning project, as well as access to documentation and helpful 

resources. The trained model and scaler objects are exported and saved via a process known as 

serialization. This allows the objects to be stored as files on a computer and imported by other 

pieces of code for later use.  

2.7 Multimeter Scripting and Real-time Measurements 

The Virtual Instrument Software Architecture (VISA) is an application programming interface 

(API) which facilitates communication between laboratory equipment and computers. PyVISA is 

a Python library which allows for VISA commands to be executed in Python [30]. Standard 

Commands for Programmable Instruments (SCPI) scripting was used with PyVISA to control the 

digital multimeter from the computer via USB and collect resistance measurements to the 

computer in real time. At the end of the testing time, the descriptive parameters were calculated 

immediately, scaled appropriately with the scaler object that had been trained on the data, and 

compared with the corresponding model for a prediction which was printed to the terminal.  

 

Figure 6. Automated solvent prediction pipeline 
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3. Results and Discussion 

3.1 Sensor Paper Characterization  

The paper had an average grammage of 80 grams per square meter and 15 wt% CNT loading. 

Typical range of sensor resistance was between 20 and 40 kΩ. Figure 7 shows the hierarchical 

structure of the smart paper, in the lower magnification image one can see the pulp fibers which 

form the paper, overlapping in multiple directions. The higher magnification image zooms into the 

interstitial space between the pulp fibers and shows the web-like network of carbon nanotubes 

which fill in the matrix and cover the cellulose fibers.  

 

Figure 7. Hierarchical structure of the smart paper under the scanning electron microscope 

3.2 Solvent Classification with U-Shape and Strip Sensor  

A total of one hundred and fifty tests were conducted, seventy-five for each sensor design, U-shape 

and strip. From those tests, eight descriptive parameters were calculated, for a total of 600 data 

points with which to train each classification model. The eight descriptive parameters can be found 

in Table 3. Linear Discriminant Analysis (LDA) was used on the descriptive parameters calculated 

from the solvent classification experiments with the U-shape and strip sensors. The LDA cluster 

plot in Figure 8b demonstrates the ability of the U-shape sensor to discriminate water, methanol, 
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and isopropanol apart from one another, although some overlap occurs between the acetone and 

the ethanol. With the strip sensor, the classes showed improved separation, as in Figure 8d. 

 

Figure 8. Average ± one standard deviation signals for solvent classification for the U-shape (a) 

and strip sensor (c), and Linear Discriminant Analysis (LDA) cluster plots for solvent 

classification with U-shape (b) and strip sensor (d). 

3.2.1 Fundamental Understanding of Descriptive Parameters  

Certain parameters like gain30 and gain300 have physical meaning behind them. Gain30 

represents the gain at 30 seconds which approximately corresponds to the first inflection point in 

the curve. This could be the transition between the rapid, primary swelling of the cellulose into the 

more gradual secondary phase of swelling. Gain300 is the gain at 300 seconds which, for the U-
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shape sensors’ testing method, corresponds to the resistance value at five minutes i.e. right before 

the sensor is removed from the liquid. The goal with this descriptive parameter is to compare the 

maximum gain the sensor responds to with each liquid before being removed. The max to gain 

300 is a ratio of the maximum gain to the gain at 300 seconds. This descriptive parameter provides 

useful information on the extent to which the gain continues to increase after the U-shape sensor 

is removed from the liquid.  

Furthermore, the descriptive parameters can encode information about the solvent nature and their 

physical properties.  Figure 9a shows the distribution of the gain300 parameter for the solvents 

tested for classification with the U-shape sensor and clearly the distributions can be seen to be 

unique to the solvent, indicating the property of the solvent has something to do with it. From 

Figure 9b it appears that the gain300 parameter is correlated with the solvent’s dielectric constant, 

with a very high coefficient of determination. The dielectric constant of solvents often indicates 

the solvent’s polarity. A more polar solvent will interact more strongly with the polar hydroxyl and 

carboxyl groups on the surface of the cellulose fibers. Thus, the higher dielectric constant liquids 

will disrupt the hydrogen bonds in the cellulose matrix, leading to enhanced swelling and therefore 

an increase in electrical resistance across the conductive paper. 

Likewise, the time-at-max parameter on the strip sensor, in Figure 9c and 9d, is correlated with the 

surface tension of the solvent. This intuitively can be explained because water has a much higher 

surface tension than the organic solvents and as such it takes longer to wick into the paper which 

drags out the time at which the maximum gain occurs. By the time the other solvents have already 

wicked into the paper and started to evaporate, the water is still in the process of wicking or on the 

surface of the paper.  
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a) 

 

b) 

 
c) 

 

d) 

 

Figure 9. a) Distribution of gain300 parameter for different solvents on U-shape sensor, b) Scatter 

plot of relationship between dielectric constant and gain300, c) Distribution of time-at-max 

parameter on strip sensor, d) Scatter plot of relationship between surface tension and time-at-max. 

3.2.2 Solvent Classification Decision Trees  

A Decision Tree Classifier from sklearn.tree was selected as the model for these experiments. 

A separate classification model was trained for each sensor design. Python 3.10 was used to 

process the data and train the models. The data was scaled with StandardScaler from 

sklearn.preprocessing  so that each feature has a mean of zero and a standard deviation of 

one. This is done so that models aren’t placing extra importance on features with larger numbers, 
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and rather they are assigning importance to features because of the effect they have on the variation 

in the data. After scaling, the data was split into training and testing data with a test split of 20%. 

GridSearchCV with 5-fold cross validation was used to determine each model’s optimal 

hyperparameters, those which gave the highest accuracy and F-1 metrics. However, to avoid 

unnecessary complexity and overfitting, the model was simplified and generalized by regularizing 

the parameters. A summary of the models’ hyperparameters and evaluation metrics is presented in 

Table 4.  

Table 4. Summary of model hyperparameters and metrics for U-shape and strip sensors 

 U-Shape Sensor  

Decision Tree Classifier  

Strip Sensor 

Decision Tree Classifier 

“Max_depth” 3 3 

“Min_samples_split” 3 3 

“Min_samples_leaf” 11 10 

F-1 Score 93.6% 100.0% 

Training Accuracy 95.0% 100.0%  

Testing Accuracy 93.3% 100.0% 

 

The decision trees were visualized and reported in Figures 10 and 11. The values in the brackets 

of each node indicate the number of instances belonging to each class that were present in the 

training data [Acetone, Ethanol, Isopropanol, Methanol, Water]. As can be seen in Figure 10, the 

gain100 parameter was used by the root node to split water and methanol from the other solvents. 

In the second decision node the gain300 parameter was used to split the methanol from the water. 

Likewise, the gain300 parameter was used to separate the isopropanol from acetone and ethanol.  

Acetone and ethanol appeared to be the two most similar solvents for the sensor to distinguish, as 

they needed another question node to separate them, and even still their gini impurity scores were 
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0.298 and 0.153 respectively. Comparing the average signals for each of the solvents in Figure 9a 

shows that the ethanol and acetone signals are the most similar. Furthermore, this is also consistent 

with the findings in  Goodman et al [27] which demonstrates those two solvents have similar Rrel 

@ 300s. The similarity of these solvents could contribute to their misclassification.  

 

Figure 10. Decision tree classifier used for solvent classification with the U-shape sensor 

In Figure 11 it is apparent that, with the strip sensor, a relatively simple model with only a depth 

of three can perfectly distinguish the five solvents from one another with no misclassifications. 
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Figure 11. Decision tree classifier used for solvent classification with the strip sensor 

 

3.2.2 Confusion Matrices of Solvent Classification Decision Trees  

The confusion matrix is a common tool in classification tasks to visualize classification accuracy 

and spot areas where a model may be underperforming. For both models, separate confusion 

matrices were computed for the results on the training dataset and those on the testing dataset. 

Results were normalized to be expressed as a percentage of the total number of values belonging 

to each class. A perfect confusion matrix looks like the two in the right-hand column of Figure 12, 

corresponding to the strip sensor, where there are only values present along diagonals of the matrix 

and none elsewhere.    
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Figure 12. Normalized confusion matrices for the training and testing data from the solvent 

classification experiments with U-shape and strip sensors. 
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3.3 Sensor Design Performance  

The data from the solvent classification experiments was used to determine the robustness and 

reliability of the sensors. The data represents the responses of ten different sensors (five U-shape 

and five strip) each tested three separate times for each solvent. The ratio of the max gain parameter 

for each solvent relative to the max gain parameter for isopropanol was computed. The results 

were normalized to have a mean of 0 and a standard deviation of 1 and plotted on distribution plots 

in Figure 13 . It appears that the U-shape sensor exhibits a narrower distribution indicating that it 

is possibly more consistent than the strip sensor. Furthermore, on the U-shape sensor there is a 

predicable narrower distribution between the organic solvents and IPA as compared to water and 

IPA. This is indicative of the variation of maximum values of water being higher than for organic 

solvents.  Both sensor designs have a tail of higher values between +2 to +3 standard deviations 

from the mean. Further research will need to be done on the cause of this, as it could have 

implications for the sensor design.  

a) 

 

b) 

 
Figure 13. Distributions of ratio of max value parameter, normalized with a mean of 0 and 

standard deviation of 1 for a) U-shape sensor and b) strip sensor. 
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The full-width half maximum (FWHM) from the distribution of the ratio of water/isopropanol max 

value was computed. This value can be interpreted as a quantitative metric of the sensor’s 

reliability. A smaller FWHM indicates the sensor is more consistent in how it responds to water 

relative to isopropanol. This is an important characteristic for the sensor to work well in the next 

sections to detect and quantify concentrations of water in organic solvents. For the U-shape sensor 

the FWHM was 1.50745 for the ratio of water/isopropanol, for the strip sensor it was 0.66811. 

This means that the U-shape sensor returned more variable results than the strip sensor.  

A side-by-side comparison of the two sensors along five important metrics is represented by the 

spider plot in Figure 14. The evaluation metrics are the time needed to complete a test, volume of 

liquid needed for the test, the accuracy and F1 scores of the solvent classification models trained 

from the sensors, and the FWHM.  

 

Figure 14. Spider plot comparison of the U-shape and strip sensors 
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3.4 Detection of Water in Methanol with U-Shape and Strip Sensors 

The ability of the sensor to determine the concentration of water in methanol was investigated in 

this section. The U-shape sensor showed good separation of pure methanol,  250 ppm, 500 ppm, 

1000 ppm, and 3000 ppm water in methanol. This indicates the sensor was able to detect water 

concentrations as low as 250 ppm as being different from pure methanol, indicating a possible 

limit of detection of 250 ppm. However, as can be seen in Figure 15a, the clusters corresponding 

to 500 ppm and 1000 ppm partially overlap, possibly indicating a detection resolution of ± 500 

ppm.  The parameters used for the discriminant analysis with the U-shape sensor were maximum 

gain, time at max, slope, gain30, and gain100.  The parameters used for discriminant analysis with 

the strip sensor were maximum gain, gain10, gain15, gain20, and gain 25.  The strip sensor in 

Figure 15b exhibited separation between 0 ppm and 250 ppm however the clusters belonging to 

250 ppm and 500 ppm and intertwined so there may not be good resolution. 

a) 

 

b) 

 
Figure 15. Linear Discriminant Analysis (LDA) plots for various concentrations of water in 

methanol using a) U-shape sensor and b) strip sensor. 
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3.5 Detection of Water in Isopropanol with U-Shape and Strip Sensors 

The ability of the sensor to determine the concentration of water in isopropanol was investigated 

in this section.  The parameters used for the discriminant analysis with the U-shape sensor were 

maximum gain, time at max, slope, reslope, and gain30.  The parameters used for the discriminant 

analysis with the strip sensor were maximum gain, slope, gain10, gain20, gain30. Seen in Figure 

16a, the U-shape sensor showed good separation of the 0 ppm and 250 ppm as well as the 1000 

ppm and 3000 ppm. The strip sensor also showed better separation between all the classes. The 

relative location of the clusters to one another is different between the U-shape and strip plots, but 

this is to be expected because the axes represent combinations of different parameters. Comparing 

these results to those in 3.4 Detection of Water in Methanol with U-Shape and Strip Sensors, 

the U-shape sensor performed similarly in that they were both able to tell apart 0 ppm from 250 

ppm from 500 ppm. On the strip sensor, the water in isopropanol had better clustering than the 

water in methanol. This may be a result of isopropanol having a smaller signal than methanol (see 

Figure 8a), i.e. the isopropanol is more “different” from water than the methanol is. This makes 

the fractional concentrations of water more easily detectable by the sensor, allowing for a lower 

limit of detection and finer resolution than with the methanol in water. Further results are reported 

in the next section with water in ethanol, as ethanol represents a solvent “in-between” isopropanol 

and methanol    
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a) 

 

b) 

 
Figure 16. Linear Discriminant Analysis (LDA) plots for various concentrations of water in 

isopropanol using a) U-shape sensor and b) strip sensor. 

 

3.6 Quantitative Recognition of Water Concentration in Ethanol 

The ability of the strip sensor to quantify the concentration of water in ethanol was experimented.  

Initially the sensor was tested on pure ethanol and pure water, as well as mixtures of 15%, 25%, 

35%, 50%, and 75% water in ethanol. In the same setup as the solvent classification experiments, 

five strip sensors were tested to collect the data. As shown in the next section, the data belonging 

to 75% water in ethanol were removed from consideration and not used for training a regression 

model. 
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a) 

 

b) 

 
Figure 17. a) Average signals for water-ethanol mixtures with the strip sensor, shaded region 

represents ± one standard deviation, b) LDA cluster plot 

 

3.6.1 Decision Tree and Random Forest Classification  

Decision tree and random forest classification models were trained on the data to establish a 

baseline of the sensor’s ability to tell apart the different concentrations. The following descriptive 

parameters were used to train the models: max_gain, time_max, slope, reslope, gain30, gain50, 

gain100, gain200, and gain300.  Following the same grid search 5-fold cross-validation approach 

as used in the solvent classification, the optimal hyperparameters for each model were found and 

are reported in Table 5.  
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Table 5. Model hyperparameters and evaluation metrics (including 75% water in ethanol) 

 Decision Tree  Random Forest  

“Max_depth” 4 4 

“Min_samples_leaf” 5 1 

“Min_samples_split” 5 9 

“N_estimators” - 25 

F1 Score 0.853 0.846 

Training Accuracy 0.904 0.923 

Testing Accuracy 0.846 0.846 

 

The random forest model had a slightly improved training accuracy over the decision tree 

classifier. However, since both models can be prone to overfitting, the more important metric is 

the F1 score and the testing accuracy in which the random forest model did not improve upon the 

decision tree. For this reason, the random forest model was not considered to be a better model. 

The low accuracies and F1 scores for both models can be attributed to misclassifications between 

50% water in ethanol and 75% water in ethanol. This possibly indicates that the current sensor and 

testing method is most accurate for mixtures of water and ethanol where water represents the 

minority constituent (≤ 50%). Future work will need to be done to develop a method to sense liquid 

mixtures where water is the majority constituent (>50%). The data points belonging to 75% water 

in ethanol were removed and more data was collected at 0%, 25% and 50%. The model was 

retrained on the expanded dataset and yields the decision tree in Figure 18, which has no 

misclassifications between the concentrations and reports a 100% accuracy on the training and 

testing sets, as well as an F1 score of 1.00.   
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Figure 18. Decision Tree Classifier for water ethanol mixtures where water represents the minority 

constituent. 

3.6.2 Multiple Linear Regression  

A multiple linear regression model was trained on the data, with the X variables being the 

descriptive parameters and the output variable a number between 0 and 1 representing the weight 

percent water of the water/ethanol mixtures. Additional data points were collected at 

concentrations of 15% and 35% water in ethanol to make the linear regression more complete. The 

coefficients of the model are represented as a linear equation in Equation 2. The metrics used to 

evaluate the model’s performance are summarized in Table 6. 

𝑤𝑡 % 𝑊𝑎𝑡𝑒𝑟 = 0.248 − 0.073𝑥1 + 0.087𝑥2 + 0.089𝑥3 − 0.056𝑥4 − 0.020𝑥5 + 0.112𝑥6

− 0.009𝑥7 − 0.045𝑥8 + 0.014𝑥9 

Equation 2. Multiple linear regression equation relating the weight % water in the mixture to the 

descriptive parameters of the resistance signal 
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Table 6. Performance metrics for multiple linear regression model 

R2 Score 0.936 

Mean Squared Error 0.0019 

Mean Absolute Error 0.0351 

 

On the 20% of data which was set aside for testing and not seen by the model during training, 

predicted water concentrations were computed by the trained model. The range of predicted values 

at each concentration and the average of the predictions is represented by the violin plot in Figure 

19. At the extremes of the testing window; 0% and 50%, the distribution is narrower and the 

predicted values are more precise to one another. The middle concentrations, especially 25%, still 

have a wide variation in the predicted values. The partial overlap between 15%, 25%, and 35% 

could indicate that collecting training data across five different sensors introduced enough 

variability to obfuscate the variation caused by ± 10% water in the solvent. In other words, the 

variation caused by a 10% change of water was partially lost in the within-group variation due to 

the multiple sensors. This could have implications for the sensor manufacturing and ensuring 

uniform performance.  
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Figure 19. Violin plots of predicted values for the linear regression model on the test data 

3.6.3 Live Testing and Model Validation 

Following the procedure in 2.7 Multimeter Scripting and Real-time Measurements, several live 

validation tests were performed with the sensor connected to the trained multiple linear regression 

model via PyVISA. The known concentration of the mixture as it was prepared, as well as the 

corresponding predicted concentrations are reported in Table 7.  The concentrations were chosen 

to be the concentrations which the model was trained on, as well as two (7% and 42%) to represent 

in-between values to validate the model’s ability to interpolate and quantify new concentrations 

which it hasn’t seen before.   
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Table 7. Model performance validation and difference between actual and predicted 

concentrations 

Actual 

Concentration 

(%)  

Predicted Concentration 

from MLR Model (%) 

% Difference 

0 -1.57 -1.57 

0 -3.375 -3.375 

0 -2.653 -2.653 

7 1.00 -6.00 

7 1.74 -5.26 

7 1.04 -5.96 

15 8.857 -6.143 

15 13.88 -1.12 

15 8.382 -6.618 

25 19.115 -5.885 

25 22.5817 -2.4183 

25 25.414 0.414 

35 30.988 -4.012 

35 32.055 -2.945 

35 32.637 -2.363 

42 35.51 -6.49 

42 37.07 -4.93 

42 35.17 -6.83 

50 45.618 -4.382 

50 42.472 -7.528 

50 37.028 -12.972 

 

This data is represented by the histogram in Figure 20. Across all validation tests the model most 

frequently predicted between 3-6%  less water in ethanol than what the known concentration of 

water in ethanol. With the exception of an outlier, the distribution is narrow. This indicates that 

while the sensor may be off by a few percent, it is consistent in its predictions. 
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Figure 20. Histogram of sensor-model validation difference between actual and predicted values  

4. Conclusion  

In this work two designs of the electrically conductive paper sensor were developed and compared 

for their performance on liquid classification and water quantification tasks. In all metrics 

evaluated, the strip sensor performed better than the U-shape sensor. This sensor design took less 

time to get a result, required less volume of solvent, was more accurate in its results, and performed 

more reliably.   

It is proposed that the sensing mechanism in which the smart paper works is different for the two 

sensor morphologies. The predominant mechanism for the U-shape sensor is the swelling of the 

cellulose fibers as the paper is exposed to the liquid for a longer period and has more time to swell 
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in response. The strip sensor by contrast, is possibly driven by liquid properties and wicking. While 

the active area of the sensors is the same, the strip sensor is wet for a much shorter period so there 

may not be adequate time for a thorough swelling of the cellulose fibers. Other solvent properties 

such as the surface tension or the dielectric constant were shown to have a strong effect on the 

sensor’s responses to the liquids and the descriptive parameters calculated therein.  

The sensor demonstrated the ability to classify five different solvents from one another with a 

simple decision tree classification model. The sensor also showed a detection resolution of 250 

ppm water in methanol as well as 250 ppm water in isopropanol.  

Lastly,  several regression models were compared for their ability to predict the concentration of 

water in ethanol using the strip sensor. Using a robust data processing workflow that was 

developed, live tests are conducted from the computer connected to the multimeter and predictions 

were reported in minutes within ± 10%.  

5. Future Work 

As with any data science application, the strength of the models you can build and the conclusions 

you can draw is dependent on the quantity and quality of data you can collect. As such, there is 

always the need to collect more data and develop new data collection procedures. These could help 

train more powerful models like neural networks or random forests. With these more powerful 

models perhaps the sensor’s limit of detection and resolution could be improved.  

Furthermore, the solvent classification experiments were far from exhaustive, and the sensor could 

be tested with more solvents that weren’t included in the original set. One practical example is 

testing for the presence of water in gasoline, either through a regression/quantification algorithm 
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or even a simple binary algorithm (water detected / no water detected). There is also an opportunity 

for more work to be done on the testing conditions and determining better procedures that help 

improve the specificity of the model. For example, changing the amount of time the U-shape sensor 

is submerged in the liquid. In this study, the sensor was submerged only for 5 minutes, however 

perhaps a longer time like 10 or 15 minutes would help the sensor tell apart different concentrations 

of water reliably. Likewise, for the strip sensor, the hot plate temperature can be changed from 

50°C to determine if there is a more suitable temperature.  

As for the sensor material and design, different functionalization on the smart paper, or arrays of 

sensors working in parallel could open new realms in sensing that were not yet achieved in this 

study.  

The quality of the linear regression model and the accuracy of the predictions of water 

concentration were limited by the fact that the data was collected on five sensors. More work will 

need to be done collecting the data all on the same sensor which will lead to a smaller resolution 

of detection.  
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Appendix 

Appendix A: GitHub Repository for Python Code  

The complete code used to process the data, build the models, and interface with the multimeter 

to collect the data and run the solvent classification and water quantification scripts can be found 

on this project’s GitHub repository. The serialized model and scaler objects can also be found in 

the repository as *.pkl files. Instructions to run the model and scripts on your own computer are 

found in the read-me file. https://github.com/gregorymoore2/MastersResearchCode 

Appendix B: Video: Live Demonstrations of Solvent Classification  

A video demonstration of the strip sensor performing a solvent classification task can be found at 

the link below.   

Solvent Classification with Strip: https://tinyurl.com/yc3eauat 

Appendix C: PC620D Hot Plate Characterization  

Following the procedure outlined in the methods section, the larger PC620D hot plate was also 

characterized, and the temperatures reported in the heat map below. This procedure was repeated 

at two different temperatures, 40°C and 60°C. 

https://github.com/gregorymoore2/MastersResearchCode
https://tinyurl.com/yc3eauat
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Figure 21. Corning PC620D Hot Plate Heat Map 

 

Appendix D: Data Collection Steps on Keithley 

1. Power on the Keithley DMM6500 and plug in a USB drive into the front panel. 

2. Connect the sensor under test with alligator clips plugged into the Input HI and Input LO 

ports on the front panel. 

3. Make sure the light on the front panel is on next to “FRONT” this means the data will be 

collected on the front terminals, if it is set to “REAR”, click in the TERMINALS button. 

4. Press the MENU button to the left of the screen. 

5. On the touch screen under the “MEASURE” column, press “Quickset” then where it says 

“Function” change it to 2W resistance. 

6. On the same screen on the performance slider click “Activate Control” and slide it over 

to the left one unit, such that the Resolution reads ~ 6.5 digits and the Speed is ~ 5 

rdgs/sec.  

7. Click MENU >  “Reading Buffers” > debuffer1 > Create New  

8. Name the buffer with the name of the set of tests you will be running, i.e. 

April10th250ppm. Save the name and continue through the settings, Standard and initial 

capacity 10,000.  

9. You are now reading to start a measurement. Click MENU > Graph to bring up the graph.  

10. Click the “Scale” tab and under X-Axis Method change it from “Smart Scale” to “Show 

all Readings”  

11. Click the “Data” tab, select the active buffer, and click “Clear Buffer” on the right side of 

the screen.  

12. Now that the buffer has been cleared, wait ~10-15 seconds for the readings to stabilize 

and then begin your test.  

13. When you are finished collecting data, press “MENU” > “Reading Buffers” and “Save to 

USB”.  


