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There is a great need for the development of highly selective sensors for detecting various 

toxic gases and their mixtures in many industrial, medical, space exploration and 

environmental monitoring applications. Environmental gases such as SO2, NO2, ethanol 

and H2 are harmful either to the environment and/or to living beings and their monitoring 

requires sensors capable of detecting ppm level of these gases well below their 

Occupational Safety and Health Act (OSHA) permissible exposure limits. Metal oxide-

based sensors to detect these environmental pollutants have been the subject of intensive 

research for several decades. However, these metal oxide sensors lack precise selectivity 

towards any specific gas.  

In this work, GaN nanowires have been formed on a Si substrate using production 

standard stepper lithography and top-down approach. Different functionalized devices 



 

 
 

were prepared by the deposition of metal oxides- TiO2, ZnO, WO3 and SnO2 by 

optimized RF sputtering on nanowires followed by rapid thermal annealing. The 

elemental composition, crystallinity, and surface topography of metal-oxide/GaN 

nanowires were fully characterized. The gas sensing data was collected and analyzed for 

all four sensors. To examine the real-world applicability of the fabricated sensor devices, 

their additional sensing properties, including gas sensing adsorption and desorption rate, 

cross-sensitivity to interfering gases, and long-term stability at various environmental 

conditions were investigated. 

Fundamental electronic interactions and thermodynamics between the gas molecular 

adsorption on ideal metal-oxide surfaces have been investigated with Density Functional 

Theory (DFT) molecular simulations. The functionalized GaN in contact with gas 

molecule was designed and geometrically optimized. Simulation results revealed that 

TiO2 and ZnO functionalization enabled the most energy favorable surface for NO2 and 

SO2 adsorption, respectively. In addition, the electronic properties of these oxide 

functionalized GaN have been studied in terms of the total density of states (TDOS) and 

projected density of states (PDOS), indicating an excellent agreement with the above-

mentioned experimental measurements. 

A gas sensor array has been designed and developed comprising of functionalized GaN 

nanowires using industry standard top-down fabrication approach. The receptor 

metal/metal-oxide combinations within the array have been determined from prior 

molecular simulation results. The gas sensing data was collected for both singular and 

mixture of gases under UV light at room temperature. Each gas produced a unique 



 

 
 

response pattern across the sensors within the array by which precise identification of 

cross-sensitive gases is possible. Unsupervised principal component analysis (PCA) 

technique was applied on the array dataset. It is found that each analyte gas forms a 

separate cluster in the score plot for all the target gases and their mixtures, indicating a 

clear discrimination among them. Then, supervised machine learning algorithms such as- 

Decision Tree, Support Vector Machine (SVM), Naive Bayes (kernel), k-Nearest 

Neighbor (k-NN), and artificial neural network (ANN) were trained and optimized using 

their significant parameters for the classification of gas type. Results indicate that 

optimized SVM and NB classifier models exhibited 100% classification accuracy on the 

test dataset. Statistical and computational complexity results indicate that back-

propagation neural network stands out as the optimal classifier among the considered 

ANN algorithms. Then, ppm concentrations of the identified gases have been estimated 

using the optimal model. Furthermore, implementation of the developed sensor array in 

combination with neural network algorithm for real-time gas monitoring applications has 

been discussed. 

In another work, TiO2 functionalized GaN nanowire-based back-gate FET device has 

been designed and implemented to address the well-known cross-sensitive nature of 

metal oxides. Even though a two terminal TiO2/GaN chemiresistor is highly sensitive to 

NO2, it suffers from lack of selectivity toward NO2 and SO2. Here, Si back-gate with C-

AlGaN as the gate-dielectric has been demonstrated as a tunable parameter, which 

enhances discrimination of these cross-sensitive gases at room temperature (20 ᵒC). 



 

 
 

Compared to no bias, back-gate bias resulted in a significant 60% increase in NO2 

response, whereas the increase is an insignificant 10% in SO2 response. 

Sensor die/process and packaging reliabilities of metal-oxide/GaN nanowire-based gas 

sensors have been studied for the first time, using industry standard accelerated lifetime 

tests, such as- High Temperature Operating Life, High Temperature Storage Life, 

Temperature Cycling Test and Highly Accelerated Stress Test. The metal-oxide 

functionalization used for sensing ethanol exposure in this study is ZnO. For all the tests, 

sample ZnO/GaN devices have been exposed to 500 ppm of ethanol in dry air at room 

temperature (20 ℃) to observe and record the degradation of signal to noise ratio (SNR) 

as a function of stress time and number of thermal cycles. Although no complete device 

failure was observed in any of the performed tests, gas sensing response kept decreasing 

gradually due to increasing stress. The lowering of the sensor response is believed to be 

due to gradual phase transformation of the receptor ZnO and baseline resistance increase. 

The method for estimating failure rate and lifetime of sensor devices has been developed. 

Using statistical data from the performed accelerated stress tests, chi-square distribution 

has been implemented to predict the failure rate and lifetime of GaN nanostructured 

sensor devices. Total failure rate combining die and package failure rates was found as 

7.09 x10-4 day-1. The mean-time-to-failure (MTTF) of the stressed devices was estimated 

about 4 years, representing the lifetime of the GaN nanostructured sensors.
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Chapter 1: Introduction 

 

 

 

There is a great need for the development of highly selective sensors for detecting various 

toxic gases and their mixtures in many industrial, medical, space exploration and 

environmental monitoring applications. Environmental gases such as SO2, NO2, ethanol 

and H2 are harmful either to the environment and/or to living beings and their monitoring 

requires sensors capable of detecting ppm level of these gases well below their 

Occupational Safety and Health Act (OSHA) permissible exposure limits [1]. Metal 

oxide-based sensors to detect these environmental pollutants have been the subject of 

intensive research for several decades [2]. However, these metal oxide sensors lack 

precise selectivity towards any specific gas. Their mechanism of sensing involves 

chemical interaction of the analyte with the oxygen chemisorbed on the surface [3]. The 

cross-sensitivity among different analytes is unavoidable, irrespective of their oxidizing 

or reducing nature. Systematic variations in the parameters such as dopants, additives, 

operating temperatures, bias voltage, grain size and morphology were adopted to achieve 

the necessary selectivity among various analytes [4]. Though the efforts had been made, 

the problem of cross-sensitivity for a single metal oxide-based sensor can’t be fully 

eliminated.  
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With the advancement in nano fabrication and chip integration, there exists a tremendous 

opportunity for developing an integrated chip comprising of several nano sensors that can 

differentiate among the analyte types [5]. This integrated sensor chip would be able to 

discriminate the toxic gases which exhibit similar charge transfer process during 

adsorption and desorption.  

In comparison to gas detection techniques like optical [6], acoustic [7], and gas 

chromatographic methods [8] functionalized nano-structured semiconductors have been 

highly effective due to the advantages such as- low energy linear output with high 

resolution, lower aspect-ratio, repeatability, ppm level detection with high accuracy, and 

lower cost [9], [10]. However, semiconductor-based sensors are highly sensitive to 

temperature and humidity fluctuations and have minimal shelf life [11]. Therefore, 

further research efforts are required to explore novel semiconducting materials and 

develop robust sensors for reliable gas detection.  

 

1.1 Importance of Gas/Chemical Sensors 

Humans are exposed to various air toxins in the indoor and outdoor environment. Poor air 

quality is a well-known trigger for various health problems which can often result in life 

threatening and expensive emergency care. Therefore, precise toxic gas sensing will not 

only bring a major benefit to industries but also to day-to-day life of all people.  

Nitrogen dioxide (NO2) is one of the common toxic air pollutants, which is mostly found 

as a mixture of nitrogen oxides (NOx) with different ratios (x). NO2 is a reddish-brown, 
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irritant, toxic gas having a characteristic sharp and biting odor. The LC50 (the lethal 

concentration for 50% of those exposed) for one hour of NO2 exposure for humans has 

been estimated as 174 ppm. The major sources of NO2 are from combustion of fuels such 

as certain coals and oil [12], biomass burning due to the extreme heat of lightning during 

thunderstorms [13], and nitrogen fixation by microorganisms due to agricultural 

fertilization [14]. The noteworthy impacts of NO2 include: respiratory inflammation of 

the airways, decreased lung function due to long term exposure, increased risk of 

respiratory conditions [15,16], increased responsiveness to allergens, contribution to the 

formation of fine particulate matter (PM) and ground level ozone which have adverse 

health effects, and contribution to acid rain causing damage to vegetation, buildings and 

acidification of lakes and streams [17,18]. Sulphur dioxide (SO2) is the most common air 

pollutant, mostly found as a mixture of sulfur oxides (SOx). It is an invisible gas with a 

nasty, sharp smell. The maximum concentration for SO2 exposures of 30 min to 1 h has 

been estimated as 50 to 100 ppm. The main sources of SO2 include burning of fossil fuels 

(fuel oil, coal) in power stations, oil refineries, other large industrial plants, motor 

vehicles and domestic boilers [19,20]. It is also produced from natural sources like active 

volcanoes and forest fires. When mineral ores containing sulfur are processed, SO2 is 

released to atmosphere as well. Excessive exposure of SO2 causes harms on the eye, lung 

and throat [21,22]. It is toxic to some plants, inducing visible signs of injury and reducing 

yields. SO2 gas combined with air moisture causes gradual damage to some building 

materials (e.g., limestone). SO2 can readily dissolve in the water droplets in clouds, 

causing acid rain that affects natural balance of rivers, lakes, and soils, resulting in 
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damage to wildlife and vegetation. Moreover, hydrogen sulfide (H2S) is a highly toxic, 

malodorous, intensely irritating gas. The key sources of H2S gas are from decaying 

organic materials, natural gas, volcanic gas, petroleum, sewage plants and sulfur deposits 

[23,24]. Excessive exposure to H2S gas causes headaches, disorientation, loss of 

reasoning, coma, convulsions and even death [25,26].  

Gas/chemical sensors have become an indispensable part of the technology-driven 

society and can be found in chemical process, pharmaceutical, food, biomedical, 

environmental, security, industrial safety, clinical, and indoor monitoring applications to 

highlight a few. Like many fields in science, these sensors have benefited from the 

growing power of computers, integrated electronics, new materials, novel designs, and 

processing tools.  Manifestation of such technological changes can be seen in the 

development of miniaturized, inexpensive, portable, and mass manufacturable 

gas/chemical sensors capable of static and continuous measurements even in remote 

environments. 

 

1.2 Metrics to Evaluate a Gas/Chemical Sensor 

Gas/chemical sensors are measurement devices that convert a chemical or physical 

property of a specific analyte into a measurable signal, whose magnitude is normally 

proportional to the concentration of the analyte. A typical sensing system can be used to 

detect harmful gases/chemicals and interface with a control system to transmit warnings 

via a series of audible and visible signals such as alarms and flashing lights when 
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dangerous levels of chemicals are detected. The sensing performances of a chemical 

sensor are evaluated by the set of metrics described below in brief: 

❖ Sensitivity: the change of measured signal per one-unit change in analyte 

concentration in input, i.e., the slope of a response vs concentration graph. 

❖ Selectivity: sensor’s ability to discriminate between the components of a gas 

mixture and provide detection signal for the component of interest. 

❖ Limit of detection: the lowest concentration of the analyte that can be detected by 

the sensor under given conditions 

❖ Stability/Reproducibility: the ability of a sensor to provide reproducible results for 

a long period retaining the sensitivity, selectivity, response, and recovery time. 

❖ Dynamic range: the analyte concentration range between the detection limit and 

the highest limiting concentration. 

❖ Response time: the time to reach 90% of the final value during Analyte exposure.  

❖ Recovery time: the time to reach 90% of the final value during clean air exposure. 

❖ Working temperature: the temperature at which the sensor operates. 

❖ Reliability: the ability of devices to withstand exposure to extreme temperatures, 

transitions between temperature extremes and excessive humid conditions. 

To be widely accepted in real life, a chemical sensor device must possess high sensitivity, 

strong selectivity, excellent stability, fast response and recovery times, very low detection 

limit, a wide dynamic range, low cost, high resolution and highly reliable. 
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1.3 State-of-the-art of Gas Sensor Technologies 

Over the last few decades, research on toxic gas sensing was mostly focused on using 

electrochemical sensors which were built from various functional materials, such as 

carbon nanomaterials [27-38], metal oxide/metallic nanostructures [39-45], transition 

metal dichalcogenides (TMDs) [49-48], gallium nitride (GaN) [49-52], organic materials 

[53-57], solid electrolytes [58-61], zeolites [62-65] and others [66-70]. On the other hand, 

numerous research efforts had been made on portable gas sensing technologies to detect 

environmental harmful gases, as discussed below: 

1. Field effect sensors: It is also known as FET sensor or MOSFET sensor targeting 

detection of toxins, explosives, and VOC’s. The MOSFET sensor device is based on a 

field effect transistor with catalytic metal as the gate contact. The gas molecules modulate 

the conduction channel by the effect on voltage to the gate of the transistor [71-74]. For 

the MOSFET sensor, gate and drain are shorted so the device functions as a two-terminal 

device. Drawbacks are the low-sensitivity and limited selectivity. The metal gates in 

these FETs have to be thin and porous to achieve the required sensitivity, however this 

gate design will lead to many reliability issues during the real-time sensing. 

2. Electrochemical sensors: Electrochemical sensors are typically available for detecting 

a variety of toxic and flammable gases like carbon monoxide, hydrogen, nitrogen oxides 

hydrogen sulfide and chlorine. The target gas molecules diffuse into the membrane at the 

top of the sensor and then react with the chemicals on the sensing electrodes to generate 

electrical current [75-77]. A common problem is cross-sensitivity issues, for example 
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alcohol vapors and unsaturated hydrocarbons can easily interact with the sensor electrode 

materials creating a common signal. Short life-time due to limited amount of 

unrecoverable base materials and cannot be exposed to a high concentration are the other 

disadvantages of these sensors. 

3. Catalytic sensors: also known as pellistor, targeted for flammable, combustible gases 

using a heated wire via catalytic oxidation [78-80]. The target gas is oxidized when 

comes in contact with the catalytic surface. The electrical resistance of the wire changes 

and is then converted into a readable display on the instrument. The catalytic combustion 

sensors typically use a lot of power to operate. They have selectivity issues and regularly 

require fresh or recharged batteries. These sensors require oxygen or air to work and their 

effective functioning is placement dependent [81]. 

4. Metal-oxide thin-film sensors: They are used for detecting a range of gases including 

toxics and combustibles and work via a gas sensitive and porous film that is composed of 

titanium, tin, zinc or tungsten oxides [82, 83]. Materials are maintained at working 

temperature between 300 to 500 ºC where thermally generated electron-hole pairs and 

high temperature enhanced the reactions at an adequate rate. The mechanism of thin-film 

sensor is based on changing of the resistance of a thin-film upon adsorption of the gas 

molecules on the surface of a semiconductor. The gas-solid interactions affect the 

resistance of the film because of the amount of free carriers (electrons for most cases) in 

the film were trapped and released by adsorption and desorption of target gases [84]. 

However, resistive metal oxide gas sensors have serious drawbacks in terms of 
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selectivity, long-term baseline drift, long-time recovery and high temperatures required 

for high power operation, which limits their use in portable applications. 

5. Photoionization detectors (PIDs): PID is a type of gas detector and typically measures 

volatile organic compounds (VOCs) from sub parts per billion (ppm) to 10000 ppm. 

Photoionization detectors rely on specific chemical properties of the VOCs. Instead of 

absorbing light, a PID uses high energy photons, normally UV light source, to ionize gas 

molecules into positively charged ions. Once the gas is ionized, it passes through two 

charged plates, which separate the gas ions and the free electrons. As the gas ions flow 

towards the plates, a current is generated between the two plates. The greater the 

concentration of the component, the more ions are produced and collected, and the 

greater the current [85, 86]. However, PID sensors cannot distinguish the type or species 

of the VOCs. They are non-selective, high-cost, sophisticated and require routine 

maintenance. 

 

1.4 Approaches for Designing Highly Selective Sensor 

Nanowires possess one‐dimensional (1D) nanostructures which are particularly suited for 

gas sensing due to their large surface‐to‐volume ratio [87]. In case of nanowire sensors, 

the surface/adsorbate interactions are limited due to availability of one type of binding 

sites. Though nanowire-based gas sensors are highly sensitive, they suffer from the lack 

of selectivity as their bulk-counterpart devices. A study based on the sensing properties of 

multi-sensor array has been carried out in this work to mitigate this problem of 
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selectivity. This metal oxide/nanowire multi-sensor array has been realized by placing a 

certain set of metals and metal-oxides on Gallium Nitride (GaN) nanowire arrays. The set 

of metals/metal oxides on GaN act as nano catalysts, which not only increases the 

sensitivity and lower the response-recovery times, but most importantly it enables us to 

tailor the selectivity toward different toxic gases and their mixtures. Each gas and 

mixtures produce a unique response pattern across the sensors within the array by which 

precise identification of cross-sensitive gases is possible. After pre-processing of raw 

array response, unsupervised principal component analysis (PCA) technique was applied 

on the training dataset. Each analyte gas forms a separate cluster in the score plot for all 

the target gases and their mixtures, indicating a clear discrimination among them. Then, 

supervised machine learning algorithms were trained and optimized using their 

significant parameters with the array dataset for the classification of gas type. 

Furthermore, the concentrations of the labelled gases were predicted in ppm based on the 

trained and optimized Artificial Neural Network (ANN) model. In another work, Si back-

gate with C-AlGaN as the gate-dielectric was demonstrated as a tunable parameter for 

GaN nanowire-based FET sensor, to enhance discrimination of the cross-sensitive gases 

at room temperature (20 ᵒC). Compared to no bias, back-gate bias resulted in a significant 

increase in gas response depending on the gas type.  
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1.5 Contributions and Accomplishments  

Metal-oxide/metal coated GaN nanowires were investigated, simulated, optimized, and 

developed to selectively detect nitrogen dioxide, sulfur dioxide, hydrogen, and ethanol in 

presence of ambient oxygen and humidity at room temperature. In order to achieve 

precise analyte selectivity, nanowire-based sensor array and back-gate FET were 

designed and developed. Pattern recognition algorithms were implemented on array 

responses to accurately identify and quantify target gases and mixtures. Furthermore, 

die/process and package reliability of the fabricated GaN nanostructured sensors were 

studied and statistically analyzed. All the fabrication processes were designed and 

optimized to be capable of reliable wafer batch production and homogenous device 

performance. The efforts performed in completion of this thesis are summarized below: 

1. Molecular simulation of GaN/metal-oxide nanocomposites 

The metal-oxide functionalized GaN sensors in contact with NO2 and SO2 molecule were 

designed and geometrically optimized using first-principles calculations based on density 

functional theory (DFT). The surface of GaN was functionalized by metal oxides 

including TiO2, ZnO, WO3 and SnO2 for analysis. The structural properties and 

energetics of these molecular models were investigated. Then, the electronic properties of 

these oxide functionalized GaN have been studied in terms of the total density of states 

(TDOS) and projected density of states (PDOS). Furthermore, the effect of environmental 

humidity on the adsorbate-nanocomposite interaction was simulated and studied. 

2. Fabrication of singular nanowire sensors 
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Though there had been some demonstrations of nanowire-nanocluster hybrids, most of 

the studies were performed based on devices made by bottom-up fabrication approach 

and dielectrophoresis. In this work, GaN nanowires were formed on Si substrate using 

industry standard stepper lithography and top-down approach. The metal oxides, such as 

TiO2, ZnO, WO3 and SnO2 were deposited on nanowire surfaces by optimized RF 

sputtering followed by rapid thermal annealing. The elemental composition, crystallinity, 

and surface topography of metal-oxide/GaN nanowires were fully characterized by EDS, 

XRD, AFM and SEM.  

3. Fabrication of sensor array device 

Gas sensor arrays were designed and developed comprising of Pt, Cu and Ag decorated 

TiO2, In2O3 and ZnO functionalized GaN nanowires using industry standard top-down 

fabrication approach. The receptor metal/metal-oxide combinations within the array have 

been determined from the prior molecular simulation results using first principle 

calculations based on density functional theory (DFT). The gas responses were recorded 

for both singular and mixture of NO2, ethanol, SO2 and H2 in presence of H2O and O2 

gases under UV light at room temperature.  

4. Implementation of PCA and machine learning algorithms 

Each gas produces a unique response pattern across the sensors within the array by which 

precise identification of cross-sensitive gases is possible. After post-processing of raw 

temporal gas responses, unsupervised principal component analysis (PCA) technique was 

applied on the array response. It is found that each analyte gas forms a separate cluster in 
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the score plot for all the target gases and their mixtures, indicating a clear discrimination 

among them. Then, supervised machine learning algorithms such as Decision Tree, 

Support Vector Machine (SVM), Naive Bayes (kernel) and k-Nearest Neighbor (k-NN) 

were trained and optimized using their significant parameters with the array dataset for 

the classification of gas type. Results indicate that the optimized SVM and NB classifier 

models exhibited 100% classification accuracy on test dataset. 

5. Quantification of analyte gases 

Various artificial neural network (ANN) algorithms have been trained and optimized for 

gas classification and quantification study, which is done for the first time on GaN 

sensors. Statistical and computational complexity results indicate that back-propagation 

neural network stands out as the optimal classifier among the considered algorithms. 

Then, the concentrations of the labelled gases were predicted in ppm based on the 

optimal model. Prediction precision of the developed back propagation NN model was 

evaluated by mean squared error and standard deviation. 

6. Design and development of GaN NW-based back-gate FET sensor 

To address the well-known cross-sensitive nature of metal oxides, TiO2 functionalized 

GaN nanowire-based back-gate FET sensor device was designed and implemented. Even 

though a two terminal TiO2/GaN chemiresistor is highly sensitive to NO2, it suffers from 

lack of selectivity toward NO2 and SO2. Here, Si back-gate with C-AlGaN as the gate-

dielectric was demonstrated as a tunable parameter, which enhances discrimination of 

these cross-sensitive gases at room temperature (20 ᵒC). Compared to no bias, back-gate 
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bias resulted in a significant 60% increase in NO2 response, whereas the increase is an 

insignificant 10% in SO2 response. The differential change in gas response was explained 

in the light of band diagram, derived from the energetics of molecular models based on 

Density Functional Theory (DFT). 

7. Sensor reliability investigation: experimental and statistical 

Sensor die/process and packaging reliabilities of metal-oxide/GaN nanowire-based gas 

sensors were studied for the first time, using industry standard accelerated lifetime tests, 

such as- High Temperature Operating Life, High Temperature Storage Life, Temperature 

Cycling Test and Highly Accelerated Stress Test. The metal-oxide functionalization used 

for sensing ethanol exposure in this study is ZnO. For all the tests, sample ZnO/GaN 

devices were exposed to ethanol in dry air at room temperature to observe and record the 

degradation of signal to noise ratio (SNR) as a function of stress time and number of 

thermal cycles. The method for estimating failure rate and lifetime of sensor devices was 

discussed in detail. Using statistical data from the performed accelerated stress tests, chi-

square distribution was implemented to predict the failure rate and lifetime of GaN 

nanostructured sensor devices. The mean-time-to-failure (MTTF) of the stressed devices 

of this study was found to be about 4 years. 

The GaN nanowire sensor fabricated can achieve high selectivity and sensitivity to many 

gases. Array approach and back-gate FET further help improve the selectivity in gas 

mixtures and to detect low gas concentrations. The significant features and advantages of 

the fabricated singular and array sensors are: 
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1. Selective sensing of low gas concentrations. 

2. Capable of detecting gases in mixture. 

3. Fast response and recovery time. 

4. Low operating power requirement. 

5. Reliable and repeatable sensing. The ability to recovery back to the same baseline 

signal level as opposed to baseline drift and limited lifetime.  

6. Room temperature sensing as well as high temperature thermal sensing is possible 

7. Have the advantages of low cost and large-scale production. 

8. Can be integrated into plug in module and mobile devices. 

 

1.6 Organization of the Dissertation 

This dissertation has been presented in nine chapters. 

Chapter 1 (this chapter) gives a brief overview to readers about this whole 

dissertation. It started with the importance of gas/chemical gas sensors and methods to 

characterize a typical gas sensor, followed by a review of current gas sensor technologies 

with corresponding limitations and bottle necks. A design for developing the highly 

selective sensing device was discussed in brief. Contributions and accomplishments of 

this work have been highlighted towards the end of the chapter. 
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Chapter 2 reviews current developments in nanowire and nanoparticles. Semiconductor 

nanowire has been used widely in sensing application since the past decade. General 

properties of gallium nitride bulk and nanostructure materials are discussed in brief. 

Metal-oxide sensors have been studied for more than three decades and the properties of 

metal-oxide nanoparticles are briefly reviewed. Some literature review of the nanowire-

nanocluster hybrid sensors is presented and discussed. 

Chapter 3 depicts design and computation of molecular models of GaN/metal-oxide 

nanocomposites using density functional theory. The computational methods are 

discussed in detail. The adsorption properties of target gases including adsorption 

configurations and energetics have been studied. The electronic structures of the designed 

sensors before and after gas adsorption have been demonstrated and analyzed. 

Chapter 4 presents the development of a single gallium nitride nanowire, from step-by-

step fabrication details of the nanowire formation to ohmic contact formation. Then, 

design and development of sensor array has been discussed. The formation of the metal-

oxides nanoclusters and the surface morphology, structural, electrical, and optical 

characterization effort for optimizing and analyzing the functionalized nanowire have 

been presented and described.  

Chapter 5 describes the gas sensing measurement set-up and shows the sensing 

performance of the NO2 and SO2 gas sensors. Sensing properties of nanowire-based 

sensor array have been presented as well. This chapter also provides explanations of the 
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sensing performance and proposes sensing mechanisms based on the current literature 

and observed trend on the devices fabricated in this work. 

Chapter 6 presents the method of implementing pattern recognition algorithms on sensor 

array responses. Various classification models have been evaluated and discussed to find 

the optimal classifier. Then, quantification of analyte gases has been demonstrated, 

followed by the analysis of computational complexity of algorithms and possibility of 

real-time detection. 

Chapter 7 gives the design and fabrication of back-gate field effect transistor using GaN 

nanowire sensor. The electrical and sensing characterization of cross-sensitive gases have 

been presented and discussed here. This chapter also provides the analysis of gas 

selectivity enhancement in FET configuration. 

Chapter 8 discusses the methods and outcomes of the accelerated stress tests performed 

on metal-oxide/GaN nanostructured sensors. Die/process and package reliability tests 

have been presented and analyzed in this chapter. Statistical analysis on the results of the 

stress tests has been performed and presented in detail.  

Chapter 9 summarizes this research and presents a path to future research efforts 

related to the work. Possible applications of this sensor technology with emphasis on the 

importance of further understanding of sensing mechanism has been presented. 
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Chapter 2: Background 

 

 

2.1 Semiconductor Nanowires for Gas Sensing 

Nanowires are one‐dimensional (1D) and are particularly suited for gas/chemical sensing 

due to their large surface area‐to‐volume ratio. Sensing characteristics of nanowires 

formed by silicon, GaN, metal-oxides, and polymers have been studied and reported. All 

prior studies successfully demonstrated that the nanowire sensors show superior 

sensitivity, response/recovery time and detection limit. However, because the surface 

interaction of bare nanowire and gas are limited and non-specific, similar to nanowires’ 

bulk counterparts, bare nanowire exhibits the same lack of selectivity. Though metal-

oxide materials have good selectivity to certain type or group of gas/chemical analytes, 

they suffer from significant cross-sensitivity to target gases and their mixtures.  

  

2.2 Properties of Gallium Nitride Nanowires 

Compound semiconductors are mostly synthesized from elements in groups II to VI of 

the periodic table. Among the group III-Nitride semiconductor materials, bulk GaN has 

been highly explored for various applications such as- optoelectronic devices [88], 

electronic devices [89], biosensors [90], chemical sensors [91] and so on. Having a direct 

wide band gap of 3.4 eV at room temperature, GaN is chemically very much robust, very 
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attractive for application in harsh environment. It possesses high electron mobility, high 

heat capacity, good thermal conductivity and high breakdown voltage [92,93]. The 

electronic properties of quantum confinement of electrons within GaN nanostructures 

lead to various electronic [94] and optical applications [95]. The strong gallium-nitrogen 

bond of GaN makes it robust and less vulnerable to corrosive gas/chemicals and 

environment stress. The bandgaps of GaN NWs can be tuned and controlled by alloying 

and doping, contrasting with fixed bandgap of carbon nanotubes. Also, selective growth 

of semiconducting or metallic nanotubes is not possible with carbon nanotubes. Unlike 

other III-V compound semiconductors, GaN has the advantage of exhibiting a low 

density of surface states, which will not pin the surface Fermi-level at a characteristic 

value. As a result, GaN possesses a low minority carrier surface recombination velocity. 

Therefore, depositing different metal-oxide receptors will have different surface depletion 

effects, which in turn will enable us to tailor the selectivity to analyte gases.                           

 

2.3 Properties of Metal-Oxide Nanoclusters 

Metal oxide-based sensors to detect the environmental pollutants have been the subject of 

intense research for several decades [96]. The metal-oxide nanoparticles can increase the 

adsorption of chemical species by introducing additional adsorption sites, thus increasing 

the sensitivity of the sensor [97]. The metal-oxide or metal nanoparticles can act as 

catalysts to enhance spill-over phenomena of radicals over semiconductor [98]. They are 

minute in size, provide high surface to volume ratio, and show high density of 
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corner/edge surface sites which result in unique physical and chemical properties. Solid-

gas reactions mostly occur at the surface, interface regimes and grain boundaries of the 

solid. For nanoscale metal oxide, the unique structure and electronic surface properties 

result in a significant adsorption of gas molecules. Also, the presence of dominant phases, 

dangling bonds and oxygen vacancy sites in the oxide can enhance the gas sensing 

selectivity of the system. Furthermore, nano-clustered metal oxides exhibit bandgap 

changes with the decrease of material sizes, and this bandgap modulation promotes the 

chemical reactivity. 

Anatase phase titanium dioxide (TiO2) has attracted great attention due to its excellent 

properties such as high catalytic efficiency and large band-gap, long-term stability, low 

cost and non-toxicity [99]. These characteristics make TiO2 as one of the suitable 

candidates for high performance gas sensing material. ZnO exhibits wurtzite crystal 

structure with a band gap energy of 3.37 eV. Also, it is less toxic, available in diverse 

morphologies, optimally conductive, quiet stable, and inexpensive [100]. All these 

properties make ZnO appropriate for using in chemical sensing applications. SnO2 is one 

of the most extensively studied metal oxides in gas sensing applications [101]. It 

promotes the adsorption of atmospheric oxygen onto its surface due to possessing non-

stoichiometry and thus, become sensitive towards toxic gases [102]. 
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2.4 Nanowire-Nanocluster hybrid sensing 

In case of bare NW, the sensitivity is limited by the NW diameter which is larger than 

Debye length and selectivity of the nanostructure is the same as bulk material. Nanowire-

nanocluster hybrid sensor is fabricated by decorating the NW surface with metal-oxide 

nanoclusters, which enhances sensitivity and sharpens the selectivity. So, metal-oxide 

nanoclusters on a GaN NW act as nano-catalysts, which not only improve sensitivity and 

decrease the detection time, but also enable us to tailor the selectivity by using carefully 

selected metal oxide nanoparticles. The nanoclusters of metal-oxide function as catalysts 

that lower the activation energy of a reaction, helping fast dissociation of gas/chemicals 

into active radicals and improve sensing response time. The depletion region is formed on 

the GaN NW, and the depletion width is modulated by target gases molecules adsorbed 

on metal oxide nanoclusters as long as the fermi-level of metal oxide is sensitive to 

adsorbents. Sensor current modulation is achieved through the variation of a nanosized 

depletion region between NW and metal-oxide depending on the analyte adsorption. 

Moreover, metal or metal-oxide nanoparticles can act as catalysts to enhance spill-over 

phenomena of radicals over semiconductor NW. 

In the past years, several research efforts had been made for developing hybrid gas 

sensing nanostructures utilizing metal or metal-oxide nanoclusters and nanoparticles 

decorated on NWs. Though the reported results are promising, they still face many 

challenges and barriers to overcome as given below: 

1. The device fabrication processes cannot maintain batch to batch uniformity because 
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almost all NWs are grown vertically by MBE/CVD techniques, followed by sonication 

detachment and individual alignment to electrodes. Therefore, a large-scale production of 

those sensors is restricted due to device non-repeatability and yield issue. 

2. The operating temperatures are very high (> 300 °C) for most of the reported sensor 

devices. Those with low working temperatures, are found to show weak responses and 

slow response/recovery process.  

3. Almost all sensors are tested against target gases with nitrogen or argon as the carrier 

gas. However, the sensors should detect target gases in air in an ideal case. Because 

oxygen and humidity present in air affect the sensing characteristics significantly. 

 

2.5 Review of the state-of-the-art  

The background of proposed sensor technology is based on the previous results of the 

collaborative work between George Mason University, University of Maryland, George 

Washington University, and NIST. This team pioneered the multicomponent based GaN 

nanowire chemical sensor architecture. This project resulted in many refereed journal 

articles [103-106], a book chapter [107], numerous press-coverage, and a patent [108]. 

The Figure 2.1(a) shows an individual nanowire sensor, with the surface functionalized 

with TiO2-Pt multicomponent nanoclusters (Figure 2.1(b)). Inset of Figure 2.1(c) shows a 

high-resolution transmission electron microscope image of a 10 nm TiO2 nanocluster with 

much smaller ~ 1-2 nm diameter Pt nanoclusters. Using GaN nanowires functionalized 
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with TiO2 nanoclusters, VOCs, including benzene, toluene, ethyl benzene, xylene, and 

chlorobenzene with concentrations as low as 50 ppb in air were detected (Figure 2.2). 

 The highlights of the study are:  

(1) UV-induced room-temperature sensing as opposed to thermally induced sensing, 

which led to low-power operation, longer lifetime and fast on/off capability,  

(2) selective sensing of aromatic compounds with additional selectivity for methyl group 

substitution, i.e. these sensors can distinguish toluene from other aromatic compounds,  

(3) wide sensing range (50ppb–1%),  

(4) fast response and recovery, and  

(5) reliable and repeatable operation. 

Approach of the previous work utilizes n-type (Si doped) GaN nanowires functionalized 

with different metal oxide and metal-metal oxide composite nanoclusters for highly 

selective gas sensing. In that work, it has been demonstrated that the GaN-TiO2 

(nanowire-nanocluster) hybrid devices use the photocatalytic properties of TiO2 to sense 

specific volatile organic compounds mixed in air at room temperature and ambient 

humidity. The photo modulated GaN/TiO2 NWNC hybrids showed remarkable selectivity 

to benzene and related aromatic compounds, with no measurable response for other 

analytes (like alcohols, ketones, aldehydes, amides etc) at room temperature. Xylene, 

ethyl benzene, benzene, and toluene were detected at concentration levels of 50 ppb in 

approximately 75 s. These sensor devices were highly stable and able to sense aromatic 
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compounds reliably with concentrations as high as few percent in air. These GaN/TiO2 

NWNC hybrids also sensed very low concentrations of explosive nitro-aromatic 

compounds as well. The hybrid sensor devices were able to detect trinitrotoluene (TNT) 

concentrations as low as 500 ppt in air and dinitrobenzene concentrations as low as 10 

ppb in air in approximately 30 s. It was found that sensors with TiO2-Pt multicomponent 

NCs on GaN NW were only sensitive to methanol, ethanol, and hydrogen. Higher 

carbon-containing alcohols (such as n-propanol, iso-propanol, n butanol) did not produce 

any sensor response. The GaN/(TiO2-Pt) hybrids were able to detect ethanol and 

methanol concentrations as low as 100 ppb in air in approximately 100 s, and hydrogen 

concentrations from 1 ppm to 1% in nitrogen in less than 60 s. These sensors have the 

highest sensitivity towards hydrogen. Prior to the Pt deposition, the GaN/TiO2 NWNC 

hybrids did not exhibit any response to alcohols. The GaN/Pt hybrids only showed 

sensitivity to hydrogen and not to methanol or ethanol. The sensitivity of GaN/Pt hybrids 

towards hydrogen was lower compared to the GaN/(TiO2-Pt) hybrids. GaN/SnO2 NWNC 

prototype devices were also developed in that study, which showed selective response to 

alcohols for a wide range of alcohol vapor concentrations, from 5000 ppm down to 1 ppm 

in air. It was observed that the sensor response decreases with the increasing carbon chain 

from methanol to n-butanol. 

The study indicates the potential of multicomponent NWNC based sensors for 

developing the next-generation of ultra-sensitive and highly selective chemical sensors. 

Through combinations of metal and metal-oxides available, one can produce a library of 

sensors, each with precisely tuned selectivity, on a single chip for detecting a wide 
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variety of analytes in many different environments at room temperature. Also, due to the 

small magnitude of device operating current and sensor activation at low illumination 

intensity, these sensors have low power consumption which makes them suitable for 

portable applications. 

Nanowires are well suited for direct measurement of changes in their electrical properties 

(e.g. conductance/resistance, impedance) when exposed to various analytes. Prior 

research has demonstrated the enhanced sensitivity, reactivity and catalytic efficiency of 

the nanoscale structures. Unfortunately, the surface/adsorbate interactions of the 

nanowires are limited and non-specific. Despite being electrically sensitive, nanowires 

still suffer from the same lack of selectivity as their bulk counterpart devices. Debye 

length LD for a semiconductor is defined as: 

                                                 LD = sqrt (ε KB T / q2 n)     (2.1) 

where ε is the dielectric permittivity, kB is the Boltzmann constant, T is the absolute 

temperature, q is the electronic charge, and n is the carrier concentration. For maximum 

sensitivity, the critical dimension of the nanostructure should be at most twice the Debye 

length for the material. The GaN nanowires (un-intentionally doped) grown at NIST and 

by other groups often have carrier concentration in excess of 1017cm-3. Thus, at room 

temperature the Debye length for such a nanowire will be around 10 nm. The growth 

methods often result in nanowires with average diameter of 100 nm. Thus, it is evident 

that bare nanowires would only provide limited sensitivity. 
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Figure 2.1: (a) An individual nanowire sensor, with the surface functionalized with TiO2-

Pt multicomponent nanoclusters (Figure 2.1(b)). Inset of Figure 2.1(c) → High-resolution 

transmission electron microscope image of a 10 nm TiO2 nanocluster with much smaller 

1-2 nm diameter Pt nanoclusters. 

 

                 

 

 

 

Figure 2.2: (a left) Sensor photocurrent response for 100 ppm of toluene in air pulses. 

(b right) Sensitivity plot of the TiO2–GaN sensors to BTEX in air. 
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Figure 2.3: (a) Schematic representation of a nanocluster-nanowire hybrid structure 

assembled on a substrate using post growth assembly method (b) Cross-section of 

the nanowire showing the spill-over and variations of depletion region due to the 

adsorbate-nanocluster interaction. 

 

 

 

The idea of functionalizing or decorating the NW surface with metal or metal oxide 

nanoparticles or nanoclusters aims at resolving the deficiencies of such bare NW-based 

sensors (Figure 2.3). When carefully selected metal/metal oxide nanoparticles are placed 

on the surface of a nanowire, significant changes can result in the physical properties of 

the system. Nanoclusters of metals/metal-oxides supported by GaN nanowires will act as 

nano catalysts, which will not only increase the sensitivity and lower the detection time, 

but also enable us to tailor the selectivity, by incorporating different nanocluster 

materials. A catalyst has two very important effects when it is placed on a semiconductor 

surface: (1) spill-over and (2) fermi-level control. Catalysts designed to lower activation 

energy of a specific reaction often produce ionized active radicals (e.g. H+, O-) from the 
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adsorbed species which can then spill-over to the semiconductor where they can be more 

effective in charge carrier transfer. Whenever a metal is deposited on a semiconductor, a 

metal-semiconductor junction is formed. At thermal-equilibrium, the fermi-levels of 

semiconductor and metal are balanced, and there exists a depletion width in the 

semiconductor resulting from the charge transfer needed for such a balance. When a 

metal particle is small enough (high surface-to-volume ratio), adsorption of species on 

the surface of metal can change the fermi-energy of the metal, which in turn affect the 

depletion barrier and change the resistance of the semiconductor. The nanoparticles can 

increase the adsorption of chemical species by introducing additional adsorption sites on 

the nanowire, thus increasing the sensitivity of such a system. Also, the metal or metal 

oxide nanoparticles can be selected to act as catalysts designed to lower the activation 

energy of a specific reaction, which produces active radicals by dissociating the adsorbed 

species. These radicals can then spill over to the semiconductor, where they can be more 

effective in charge carrier transfer. Finally, the nanoparticles can modulate the current in 

the nanowire through the formation of a nanosized depletion region, which in turn is a 

function of the adsorption on the nanoparticles.  
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Chapter 3: Molecular Simulation of GaN/Metal-oxide   

Nanocomposites 

 

 

 

3.1 Computational methods - Density Functional Theory (DFT) 

All the first-principles calculations within density functional theory (DFT) in the Kohn-

Sham approach [109] have been performed using BURAI 1.3, a GUI of Quantum 

Espresso. This GUI system is developed as JavaFX application, and requires Java 

Runtime Environment (JRE). As an exchange-correlation energy functional 

approximation, the generalized gradient approximation (GGA) in the Perdew–Burke–

Ernzerhof form (PBE) has been utilized [110]. Ultra-soft pseudopotentials have been 

used with non-linear core correction having a cutoff for wavefunctions and charge 

density of 51 Ry and 575 Ry, respectively. The convergence criteria of the self-consistent 

field (SCF) electronic optimization was set to the value of 1.0 × 10-6 Ry with a non-

polarized spin. A symmetric fermi vacuum k-point mesh of 10x10x1 has been applied in 

the calculations associated with the electronic density of states (DOS). Gaussian smearing 

was set as fermi vacuum occupations with a smearing width of 1.0 × 10-2 Ry. The 

optimized structures for the surface with adsorbate were obtained by placing the NO2 gas 

molecule ∼3 Å above the surface and optimizing the systems using the Broyden−Fletcher 

−Goldfarb−Shanno (BFGS) algorithm [111]. All the atomic positions were fully relaxed 
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until the forces on each atom were less than 1.0 × 10-3 Ry/Bohr and energy was less than 

1.0 × 10-4 Ry. All the calculations were performed at 293K and no UV irradiation effect 

was considered. Here, the purpose of first principle calculation is to perform a 

comparative study of the basic chemical interaction between gas molecule and metal-

oxides, which is independent of the UV irradiation. It enlightened the understanding of 

gas-sensing mechanism for metal-oxide coated GaN NW sensor devices. 

The adsorption energy of gas molecules adsorbed on the GaN/metal-oxide 

nanocomposites were computed using the following formula: E adsorption = E (GaN/metal-oxide + 

Gas) - E GaN/metal-oxide – EGas ; where E (GaN/metal-oxide + Gas) is the total energy of the adsorption 

system, E GaN/metal-oxide is the energy of the GaN/metal-oxide nanocomposite, and E Gas is 

the energy of isolated gas molecules. The adsorption energies of stable configurations are 

negative. The more negative the adsorption energy, the more energy favorable the 

adsorption system, i.e., the stronger the interaction of adsorbate with the nanocomposite. 

 

3.2 Molecular Model systems 

The unit cells used in the nanocomposite design, such as- GaN (wurtzite), TiO2 (anatase), 

ZnO (wurtzite), WO3 (hexagonal) and SnO2 (cassiterite) were taken from "American 

Mineralogists Database" webpage which were reported by Wyckoff [112]. For GaN/TiO2 

nanostructure simulation, a 2x1x1 supercell was considered containing a total of 51 

Atoms (11 Ga, 21 N, 7 Ti and 12 O atoms). Similar supercells were chosen for GaN/ZnO, 

GaN/WO3, and GaN/SnO2 nanostructure simulation having 47 (8 Ga, 15 N, 14 Zn and 10 
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O atoms), 44 (8 Ga, 20 N, 7 W and 9 O) atoms, and 53 (16 Ga, 20 N, 8 Sn and 9 O 

atoms) atoms, respectively. All atoms of the considered nanocomposites had been 

allowed to relax. The interface between materials can’t be formed directly in the BURAI 

GUI of Quantum Espresso. So, QuantumWise ATK build property had been used to form 

the interfaces between GaN and metal-oxides. The designed nanocomposites had been 

transferred to Quantum Espresso for further DFT calculations. Though c-plane GaN is 

generally terminated by Ga atoms, N atoms were found to be present within the interface 

of the optimized and stable structures. The metal-oxide/GaN molecular models were 

designed to investigate the chemical interaction of gas molecules (NO2, SO2 and others) 

with the sensor surfaces. Here, the characteristics of the interacting molecules are mainly 

influenced by the neighboring atoms. Even though the device models don’t have actual 

dimensions, adsorption properties and overlapping density of states between gas 

molecule and sensor surface are close to experimental values [113].  

 

 

Figure 3.1: Optimized geometry of (A) GaN/TiO2 nanocomposite, (B) GaN/ZnO 

nanocomposite, and (C) GaN/SnO2 nanocomposite. The gray spheres are Ti atoms and the red 

and blue ones represent O and N atoms, respectively. The brown, light blue and green spheres 

denote Ga, Zn  

          and Sn atoms, respectively. 
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The anatase TiO2 nanoparticle model possess two types of titanium atoms, referred to as 

five-fold (5f-Ti) and six-fold (6f-Ti), as well as two types of oxygen atoms, specified by 

three-fold (3f-O) and two-fold (2f-O) O atoms [114]. Generally, the 2f-O and 5f-Ti atoms 

are more reactive than the 3f-O and 6f-Ti atoms because of their unsaturated 

coordination. The optimized structure of the GaN/TiO2 nanocomposite is displayed in 

Figure 3.1(A). Each Zn and O atom at the surface of the monolayer wurtzite ZnO is 

threefold coordinated, and, thus, exhibits an unsaturated bond which allows for strong 

interaction with gas molecules. The optimized structure of the GaN/ZnO nanocomposite 

is displayed in Figure 3.1(B). Similarly, unsaturated Sn atoms on the SnO2 surface act as 

suitable places for the adsorption of target gas molecules. The optimized structure of the 

GaN/SnO2 nanocomposite is displayed in Figure 3.1(C). It is well known that NO2 

molecule has a bent structure. The N–O bond length and corresponding O–N–O bond 

angle of NO2 molecule have been estimated to be 1.20 A˚ and 134.3°, respectively.  

 

3.3 Adsorption Configurations and Energetics 

For each of the GaN/metal-oxide nano- composites, multiple adsorption configurations 

were considered. The most stable adsorption configuration structures of the 

nanocomposites after NO2 molecule adsorption are displayed in Figure 3.2(A)-(C). 

Fivefold coordinated titanium atom (5f-Ti) is well established as the catalytic active site 

of TiO2 for NO2 gas adsorption reaction. The results from the geometry optimization 
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process indicate that the N-O bonds of the adsorbed NO2 molecule are stretched after the 

adsorption on TiO2 surface of the nanocomposite. This happens due to the transference of 

electronic density from the Ti-O (TiO2) and N-O (NO2) bonds to the interaction site 

between Ti of TiO2 and O of NO2 molecule. Moreover, the O-N-O bond angle of the NO2 

molecule after the adsorption on the nanocomposite was decreased due to the weakening 

of the N-O bonds of NO2 molecule [115]. This adsorption process also increases the ‘p’ 

characteristics of bonding molecular orbitals   so that the sp2 hybridization of nitrogen in 

the NO2 molecule becomes near-sp3 [116].  

 

 

 

Figure 3.2: Side views of the most stable adsorption configurations of NO2 on (A) GaN/TiO2 
nanocomposite, (B) GaN/ZnO nanocomposite, and (C) GaN/SnO2 nanocomposite. The gray 
spheres are Ti atoms and the red and blue ones represent O and N atoms, respectively. The 
brown, light blue and green spheres denote Ga, Zn and Sn atoms, respectively. 
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Upon adsorption on GaN/ZnO nanocomposite, the NO2 molecule was observed to be 

slightly distorted with respect to the gas phase geometry being the N-O bond elongated 

by 0.07-0.09 Å and the bond angle contracted by 6.3°. The bond length and bond angle 

distortion of NO2 molecule on ZnO/GaN surface were found much less than that on 

TiO2/GaN surface. In case of molecular interaction in GaN/SnO2-NO2 adsorption 

complex, the N-O bond elongation and angle contraction were calculated as 0.06-0.1 Å 

and 8°, respectively which are very close to the values obtained for GaN/ZnO-NO2 

adsorption complex. 

The self-consistent field (SCF) calculations were performed and converged for the three 

considered nanocomposites with and without NO2 molecule. The adsorption energies were 

calculated as -2.31 eV, -1.96 eV and -1.95 eV for the GaN/TiO2-NO2, GaN/ZnO-NO2 and 

GaN/SnO2-NO2 adsorption complexes, respectively. The results indicate that GaN/TiO2 

surface provides the most energy favorable and stable NO2 adsorption in comparison with 

Table 3.1: Bond lengths (Ǻ) and bond angles (degrees) of NO2 molecule adsorbed on 

GaN/metal-oxide nanocomposites with adsorption energies (eV). 

Type of complex N-O1 (Å) N-O2 (Å) O–N–O angle 

(degree) 

Adsorption energy 

(eV) 

Before adsorption 1.20 1.20 134.3 - 

GaN/TiO2-NO2 1.30 1.33 119 -2.31 

GaN/ZnO-NO2 1.27 1.29 128 -1.96 

GaN/SnO2-NO2 1.26 1.30 126 -1.95 
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the other two nanocomposites, making it the most likely binding site of NO2 gas molecules. 

This explains the fact of GaN/TiO2 device being quicker in NO2 response with a slower 

recovery process. The bond lengths, bond angles and adsorption energies for the three 

considered adsorption complexes are summarized in Table 3.1. 

 

 

 

 

             

 

Figure 3.3: (a) Top view of the ZnO/GaN nanocomposite, the numbered yellow balls 

represent possible adsorption sites for gas molecule. Side view of (b) ZnO/GaN 

nanocomposite, (c) WO3/GaN nanocomposite, and (d) SnO2/GaN nanocomposite.  
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Table 3.2: Bond lengths (Ǻ) and bond angles (degrees) of SO2 molecule, 

perpendicular distances of SO2 to nanocomposites (Ǻ) and corresponding adsorption 

energies (eV). 

Type of complex S-O1 

(Å) 

S-O2 

(Å) 

O–S–O 

angle 

(degree) 

Perpendicular 

distance (Å) 

Adsorption 

energy (eV) 

Before adsorption 1.465 1.465 120.1 - - 

GaN/ZnO-SO2 1.473 1.471 114 2.51 -1.46 

GaN/WO3-SO2 1.471 1.468 115 2.63 -1.31 

GaN/SnO2-SO2 1.467 1.469 119 2.75 -1.07 

 

 

Figure 3.4: Side views of the most stable adsorption configurations of SO2 on (a) ZnO/GaN 

nanocomposite, (b) WO3/GaN nanocomposite, and (c) SnO2/GaN nanocomposite.  

 

 



 

36 
 

Three adsorption sites were considered, such as- metal top site, oxygen top site, and 

hollow site on each of the metal-oxide/GaN nanocomposites (Figure 3.3(a)). Both mono-

dented and bi-dented SO2 adsorption orientations have been studied at each site. It is 

found that mono-dented SO2 at metal top site forms the most stable adsorption 

configuration in all three GaN/metal-oxide nanocomposites. Also, metal top site and 

hollow site exhibited similar stable configurations in case of GaN/ZnO structure. The 

most stable SO2 adsorption configurations of the designed nanocomposites are displayed 

in Figure 3.4. Geometric optimization reveals that the S-O bonds of the adsorbed SO2 

molecule are stretched after the adsorption on metal oxide surface. Self-consistent field 

(SCF) calculations had been accomplished and converged for the considered 

nanocomposites with and without SO2 molecule. The adsorption energies were obtained 

as -1.46 eV, -1.31 eV and -1.07 eV for GaN/ZnO-SO2, GaN/WO3-SO2 and GaN/SnO2-

SO2 adsorption complexes, respectively. The SCF results indicate that GaN/ZnO surface 

provides the most energy favorable SO2 adsorption among the nanocomposites, making it 

the most likely binding site of SO2 gas molecules. Bond lengths, bond angles, 

perpendicular distances from SO2 to nanocomposites and adsorption energies obtained 

from the SCF calculations for the three considered adsorption complexes are summarized 

in Table 3.2. 

 

 

 



 

37 
 

3.4 Electronic structures 

Density of states (DOS) is defined as the number of allowed electron (or hole) states per 

volume at a given energy. Charge carrier transport phenomena of conductive solids 

largely depend on this parameter. In order to further study NO2 adsorption on the 

GaN/metal-oxide nano- composites, the total and projected density of states for the 

considered adsorption configurations were analyzed. Figure 3.5 presents the total density 

of states (TDOS) for GaN/metal-oxide nanocomposites before and after the adsorption 

process. Fermi level shifts toward lower energy have been observed for all the three 

nanocomposites, confirming the electron withdrawing nature of NO2 molecule. It is 

found that the Fermi energy (EF) is shifted from -2.210 eV to -4.293 eV due to adsorption 

on GaN/TiO2 structure. This is the largest EF shift (2.08 eV) among the three considered 

nanocomposites. ZnO and SnO2 nanocomposites showed an EF shift of 0.97 eV (-0.65 to 

-1.62 eV) and 0.30 eV (-0.96 to -1.26 eV), respectively. The alteration of Fermi energy 

indicates the change in charge carrier concentration which results into the modification of 

conductivity within the nanocomposite. That means, GaN/TiO2 nanostructure is expected 

to undergo higher conductivity change than the other two nanostructures upon NO2 gas 

molecule exposure. The TDOS of all three nanocomposite-gas complexes show 

significant differences in comparison with the non-adsorbed nano- composites. These 

differences include shifting of energies of the peaks and creating some additional peaks 

in the DOS of the considered systems. These changes in the states near Fermi energy 

would influence the electronic transport properties of the nanocomposites. 
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Figure 3.5: Total density of states (TDOS) for GaN/TiO2 nanocomposite, GaN/ZnO 

nanocomposite, and GaN/SnO2 nanocomposite before and after the NO2 adsorption process. 𝐸𝐹
  

and 𝐸𝐹
′  denote Fermi energies of the nanocomposite before and after the NO2 adsorption, 

respectively. 

                                  

Figure 3.6: Projected density of states (PDOS) for the adsorption complexes of NO2 molecule 

with GaN/TiO2, GaN/ZnO and GaN/SnO2 nanocomposites. Fermi energies (𝐸𝐹
 ′) of the 

adsorption complexes have been shifted to zero. 
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The projected density of states (PDOS) for the adsorption complexes of NO2 molecule 

with metal-oxide/GaN nanocomposites have been displayed in Figure 3.6. Fermi energies 

(𝐸𝐹
 ′) of the adsorption complexes have been shifted to common zero for a better 

comparison. The PDOS of the oxygen atom of NO2 molecule is presented with the PDOS 

of Ti, Zn and Sn atom from the nanocomposite adsorption systems, respectively. The O 

of NO2 shows significant PDOS overlaps with metal atoms of the metal-oxides within 

valence band. These overlaps in the PDOSs suggest the tendency of formation of 

chemical bonds between the concerned atoms by hybridization which is a measure of 

effective interaction of NO2 molecule with the respective metal-oxide/GaN surfaces. 

Near the Fermi energy, O of NO2 exhibits the largest PDOS overlap with Ti of TiO2 

among the three PDOS overlaps and contributes noteworthy energy states. In 

consequence, a substantial modification of electronic transport behavior can be expected 

within GaN/TiO2 nanostructure at NO2 gas exposure.  

Figure 3.7 displays the PDOSs of the oxygen atom of NO2 molecule with different d 

orbitals of the titanium atom and zinc atom respectively. As can be seen from this figure, 

the PDOSs of the oxygen atom of NO2 molecule and d4 orbital of the titanium atom show 

large overlaps in some energy values. Though the energy of all five 3d orbitals is 

equivalent, different shapes of the orbitals causes different PDOS overlaps. In case of Zn 

atom of ZnO/GaN nanocomposite, d3 orbital shows largest overlap with O-atom of NO2 

as illustrated in Figure 3.7(B). However, Sn atom on the SnO2/GaN nanocomposite 

surface interacts with O-atom of NO2 through Sn-s and p orbitals (not shown). Sn-d 

orbitals show no significant overlap. The overall PDOS results suggest the occurrence of 
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chemisorption between NO2 molecule and the considered GaN/metal-oxide 

nanocomposites. 

The projected density of states (PDOS) for SO2 molecule on the proposed GaN/metal-

oxide nanocomposites are showed in Figure 3.8. Fermi energies of the adsorption systems 

had been shifted to common zero for a better comparison. Around the Fermi energy, the 

contribution of electronic levels of SO2 to the total density of states (TDOS) of GaN/ZnO 

system is the largest among all three considered systems as revealed from DOS 

calculations. This means, GaN/ZnO system should exhibit highest modification in 

conductivity during SO2 exposure among the nanocomposites. The GaN/WO3 and 

GaN/SnO2 systems exhibit significant SO2 electronic states as well near the Fermi energy. 

Furthermore, the states of SO2 are localized within the valence band regions of all three 

systems, indicating the stability of the adsorption complexes. 

PDOS of the outer orbitals of interacted atoms in the adsorption process are plotted in 

Figure 3.9. It is seen that the S-3p orbital overlaps with the Zn-3d, W-5d and Sn-5p 

orbitals in the range -4 eV to 4 eV. The wide range of orbital overlaps fully verify the 

strong hybridization between the interacting orbitals, and the existence of chemisorption 

between gas molecule and nanocomposite. 
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Figure 3.7: PDOSs of the O atom of NO2 molecule with different d orbitals of the (A) Ti atom 

of GaN/TiO2 nanocomposite and (B) Zn atom of GaN/ZnO nanocomposite. 
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Figure 3.8: Densities of states for SO2 on each of the three designed metal oxide 

nanocomposites. The dashed line in the middle represents the Fermi level. 
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Figure 3.9: PDOS overlaps of the interacted atoms from SO2 and metal oxides within the 

adsorption systems. The dashed line in the middle represents the Fermi level. 
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3.5 Effect of humidity on adsorbate-nanocomposite interaction 

In order to simulate the environmental humidity effect on the NO2 adsorption process by 

the GaN/metal-oxide nanocomposites, H2O molecule was placed along with NO2 

molecule on top of the GaN/TiO2 nanocomposite in DFT calculations (Inset of Figure 

3.10). In this case, only GaN/TiO2 nanostructure was chosen since it exhibited better NO2 

adsorption properties than other two considered nanocomposites in both DFT calculations 

and experimental results. It is found that adsorption energy for the GaN/TiO2-NO2 

 

Figure 3.10: (A) Total density of states (TDOS) for GaN/TiO2-NO2 adsorption complex in the 

presence of water molecule (blue) and in the absence of water molecule (orange). Inset shows 

the adsorption complex of NO2 and H2O molecules on GaN/TiO2 nanocomposite. The gray 

spheres are Ti atoms and the red and blue ones represent O and N atoms, respectively. The 

brown and white spheres denote Ga and H atoms, respectively. 𝐸𝐹
  and 𝐸𝐹

′  denote Fermi 

energies of the nanocomposite without and with the H2O molecule, respectively. (B) 

Responses of GaN/TiO2 NW based sensor to 10 ppm of NO2 gas under UV at 20 ℃ for 

different humid conditions.  
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adsorption complex got more negative (-3.9 eV) in the presence of H2O molecule. This 

means, the GaN/TiO2 nanocomposite becomes more energy favorable and chemically 

stable for NO2 adsorption at higher humid conditions. This phenomenon is attributed to 

the fact that water molecule introduces additional electron cloud in the nanocomposite. 

Since NO2 is highly electrophilic in nature, it exhibits stronger electronic interaction in 

the presence of additional electron cloud.  

TDOS data in Figure 3.10(A) reveals that Fermi energy is further shifted from -4.293 eV 

to -4.74 eV due to H2O adsorption, confirming the alteration in electronic transport 

properties. Therefore, the conductivity of the GaN/TiO2 nanocomposite is expected to be 

modified due to the inclusion of water molecule. However, analyte recovery process of the 

 

Figure 3.11: Side views of the most stable adsorption configurations of NO2 on GaN/TiO2 

nanocomposite in presence of (a) dry air and (b) wet air conditions. The gray spheres are Ti 

atoms and the red and blue ones represent O and N atoms, respectively. The brown and white 

spheres denote Ga and H atoms, respectively. 
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nanocomposite may be degraded due to excessive chemical stability at higher humid 

conditions.  

In order to verify the results obtained from DFT calculations, the synthesized GaN/TiO2 

NW based sensor was exposed to different environmental humidity conditions at room 

temperature (20 ℃). Bronkhorst Controlled Evaporator and Mixer (CEM) has been used 

as the core component for environmental humidity generation and control. The sensor 

device was exposed to 10 ppm of NO2 gas at relative humidity conditions ranging from 5% 

RH to 90% RH. It was observed that the response was enhanced with increasing humid 

conditions initially and saturates at high humidity as illustrated in Figure 3.10(B). The fact 

of increasing senor response with the increasing humidity strongly supports the lower 

energy shift of Fermi level from the TDOS results. However, the gas recovery-process was 

degraded at elevated RH due to excessive chemical stability as expected from the DFT 

energy calculations. It was found from the previous research that sensor baseline resistance 

of GaN/metal-oxide device is altered due to humidity variation. Therefore, apart from the 

baseline variation, gas response magnitudes of the sensors are found quite robust against 

significant humidity variations. 
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Furthermore, the simulation of NO2 adsorption on sensor surface has been performed by 

taking into consideration the presence of oxygen (dry air) and oxygen/hydroxyl groups 

(wet air). It is found that fermi-energy shift is larger in wet air condition than in dry air, 

indicating an increase in gas response in presence of hydroxyl groups (Figure 3.11 and 

3.12). 

 

 

 

  

 

Figure 3.12: Total density of states (TDOS) for GaN/TiO2-NO2 adsorption complex in the 

presence of dry air (green) and wet air (red). 𝐸𝐹
  represent the Fermi level with only NO2 

molecule on the sensor device. 𝐸𝐹
′  and 𝐸𝐹

′′ denote Fermi energies of the adsorption complex in 

dry and wet air condition, respectively. 
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Chapter 4: Experimental Details and Device Characterizations 

 

 

 

4.1 Fabrication of Singular Sensor Device  

4.1.1 Fabrication of GaN Nanowire  

The sensor devices have been fabricated using the standard fabrication technique in a 

class 100 cleanroom. Schematic flow chart for the proposed device fabrication process is 

illustrated in Figure 4.1. After doing standard RCA cleaning, GaN nanowires of width 

300 - 400 nm have been formed by stepper lithography assisted dry etching. While 

performing inductively coupled plasma (ICP) etching, patterned metal was used to 

protect the defined GaN nanowire. Then, ohmic contacts were formed on nanowire ends 

with a deposition sequence of Ti (40 nm)/Al (80 nm)/Ti (40 nm)/Au (40 nm) in a 

standard electron beam evaporator with base pressure of 10-5 Pa. After that, SiO2 layer 

was deposited on the device by plasma-enhanced chemical vapor deposition (PECVD) to 

protect the nanowire and metal contacts from being damaged during high temperature 

processing and etching.  
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4.1.2 Deposition of Metal-Oxide and Metal Nanoclusters 

The oxide layer over the GaN nanowire between the end contacts was then etched by 

reactive ion etching (RIE) to open a window for surface functionalization. Four different 

metal oxides, such as- TiO2, ZnO, WO3 and SnO2 were deposited on the exposed GaN 

nanowires using RF magnetron sputtering. These physical vapor depositions were 

performed in a reactive atmosphere with O2 flow at 300 °C and 280 W RF power. The 

receptor metal nanoclusters were deposited upon the metal-oxide layer using e-beam 

evaporation. Then, rapid thermal annealing (RTA) was performed in pure Ar at 600-700 

°C for 4-5 mins in order to crystallize the deposited metal oxides and to enhance the 

ohmic contacts to the GaN nanowires. Later, metal bond pads with a sequence of Ti (40 

nm) and Au (150 nm) were deposited upon ohmic metal contacts in the electron beam 

evaporator. After completing the above-described steps, sensor devices were mounted on 

and wire bonded to a 24-pin ceramic dual in line (DIP) package. The schematic process 

flow for the sensor fabrication is illustrated in Figure 4.2. 
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4.2 Fabrication of Sensor Array Device 

The sensing elements of the sensor array are composed of metal/metal-oxide 

functionalized GaN nanowires (Figure 4.3). The nanowire-based sensors have been 

   

 

       Figure 4.1: Schematic flow chart for the proposed sensor fabrication process. 
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fabricated using the standard top-down fabrication technique in a class 100 cleanroom as 

described above. The receptor metals such as- Pt, Cu and Ag were added on top of metal-

oxide by e-beam evaporation with a deposition rate of 1-1.5 Å/s. The typical thickness of 

these metals is 1-5 nm. Thus, a total of eight metal/metal-oxide combinations, including 

the bare metal-oxides on GaN nanowires were formed. The receptor metal/metal-oxide 

combinations for the target gases have been chosen from the molecular simulation results 

using first principle calculations based on density functional theory (DFT) [117]. After 

the deposition of Ti/Au metal bond pads on the ohmic contacts, sensor devices were 

mounted on and wire bonded to leadless chip carrier (LCC) packages. Then, all these 

eight different metal/metal-oxide functionalized sensor devices have been mounted and 

integrated into a pre-designed printed circuit board (PCB) to develop the final sensor 

array device.  
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Figure 4.2: Schematic process flow for the proposed sensor fabrication. (1) Standard RCA 

cleaning of GaN wafer before lithographic pattern transfer. (2) Implementation of stepper 

lithography and ICP etching to develop GaN nanowires on Si substrate. (3) Ohmic contact 

formation between metal stack and GaN. (4) Deposition of metal oxide on nanowire for 

surface functionalization. 
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4.3 Device Characterizations 

The microstructures and surface morphologies of the fabricated metal-oxide/GaN sensors 

were characterized by field-emission scanning electron microscopy (FESEM). The 

synthesized samples were examined in a Zeiss Ultra 60 Field Emission Scanning Electron 

Microscope. The elemental components of the synthesized GaN nanowire were verified 

through energy-dispersive X-ray spectroscopy (EDS). The crystallinity and phase of the 

metal oxide films were examined by X-ray diffraction (XRD) using a Rigaku Smart Lab 

X-ray diffraction system having Cu-Kα radiation. The advanced surface topography and 

roughness of the prepared metal-oxide/GaN sensors were studied by an Asylum Cypher 

High Resolution Atomic Force Microscope. 

                  

Figure 4.3: (Left) Schematic of a sensor array containing eight metal/metal-oxide 

functionalized GaN nanowires. (Right) FESEM image of an individual nanowire sensor. 
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4.3.1 Sensor Material Characterizations 

A buffer layer of Al0.25Ga0.75N was formed in between GaN layer and Si substrate to 

minimize the lattice mismatch. Figure 4.4(a) shows EDS spectra of the fabricated 

                     

                

Figure 4.4: (a) EDS spectra of the fabricated GaN/AlGaN nanowire on Si substrate. X-ray 

diffraction patterns of (b) ZnO thin film, (c) WO3 thin film, and (d) SnO2 thin film on sapphire 

substrate. 
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GaN/AlGaN nanowire on Si substrate. The existence of elemental components, such as- 

Ga, Al and N on the substrate are clearly verified by the corresponding EDS peaks. 

Since metal-oxide functionalized GaN NWs are minute in size, reference samples with 

ZnO, WO3 and SnO2 thin films on sapphire substrate were prepared to detect the XRD 

signals. The considered metal oxides were deposited on the substrate by RF magnetron 

sputtering to form a 40 nm thin film. The deposition was followed by annealing at 600-

700 ̊C for 4-5 minutes with the supposition that an identical metal oxide morphology has 

been formed on the substrate as in the metal oxide coated GaN NW case. Figure 4.4(b) 

presents the XRD spectrum of the prepared ZnO thin film where diffraction peaks are 

indexed to ZnO with a hexagonal wurtzite crystal structure. A strong growth orientation 

along (002) plane suggests that the film growth is perpendicular to the substrate [118].   

 

 

                                                                                                                 

Figure 4.5: (A) X-ray diffraction pattern of TiO2 thin film. (B) The two-dimensional Atomic 

force microscopy (AFM) image of TiO2 thin film.  
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Due to possessing least surface energy, the (002) plane of ZnO is thermodynamically 

favorable [119]. The weak diffraction peaks corresponding to the (101), (102), and (103) 

planes reveal the existence of few randomly oriented grains. The XRD pattern of 

annealed WO3 thin film is shown in Figure 4.4(c). The major diffraction peaks are 

exhibited at 23.84, 33.74, 41.76, and 48.65◦, which are attributed to the planes (002), 

(202), (122) and (222) of hexagonal WO3. Figure 4.4(d) shows the XRD patterns 

obtained from SnO2 thin film sample after annealing in a similar process. As seen from 

the detected diffraction pattern of SnO2, the peaks corresponding to (110), (101), (200), 

(211), (220), and (002) planes indicate the presence of cassiterite crystal phase with 

tetragonal structure. Lack of sharpness of the peaks reveals the polycrystalline nature of 

the SnO2 film. 

Minor dislocations in few XRD peak positions are caused by the residual stress within the 

film due to a mismatch in thermal expansion coefficients of the metal oxides and sapphire 

substrate. The average crystallite size (D) was estimated using the following Debye-

Scherrer equation [120]: 

                                                             D = 
0.9 𝜆

𝛽 𝑐𝑜𝑠𝜃
                                                      (4.1) 

where D is the crystallite size, λ is the X-ray wavelength, β is the full width at half 

maximum of the diffraction peak, and θ is the Bragg diffraction angle of the peaks. The 

average crystallite sizes were found to be 18.51 nm, 30.80 nm and 17.45 nm for the ZnO, 

WO3 and SnO2 thin films, respectively.  
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Figure 4.6: (A) The optical image showing the top view of the fabricated TiO2/GaN sensor. 

(B) FESEM image of the TiO2/GaN sensor device. Magnified image shows top view of the 

GaN submicron-wire. 

 

 

Figure 4.7: High-resolution 2D AFM images of the annealed (a) ZnO, (b) WO3, and (c) SnO2 

on sapphire substrate. 
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The XRD pattern of annealed TiO2 thin film is presented in Figure 4.5(A). The major 

diffraction peaks are exhibited at 25.42, 48.1, 53.7, and 55.6◦, which are attributed to the 

planes (101), (200), (105) and (211) of anatase TiO2. 

 

4.3.2 Structural and Morphological Characterization 

The actual optical image of the proposed GaN NW-based sensor device is displayed in 

Figure 4.6(A). It is a lightly doped 0.3 - 0.4 µm wide GaN micro-resistor structure 

developed on silicon substrate and functionalized with a discontinuous layer of 

photocatalytic metal-oxide nanoclusters. Figure 4.6(B) shows FESEM image of the 

 

Figure 4.8: (A) I–V characteristics of a GaN two-terminal device under UV light at different 

stages of fabrication. (B) Dynamic photocurrent of a bare GaN and TiO2-coated GaN device at 

room  

     temperature (20 ℃) with an applied voltage of 5V. 
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fabricated GaN nanowire after forming ohmic metal contacts on the two ends. The 

morphologies of the nanowire were observed quite uniform exhibiting a height and width 

of 300 ± 20 nm and 400 ± 8 nm, respectively. 

The topography and roughness of the fabricated metal oxides coated GaN nanowires are 

illustrated using two-dimensional Atomic force microscopy (AFM) images as shown in 

Figure 7(a-c). The root mean square (rms) surface roughness of ZnO, WO3 and SnO2 thin 

films are found to be 4.21 nm, 3.95 nm and 1.4 nm, respectively. The moderate surface 

roughness of these deposited metal oxides contributes to a larger sensing response than 

those of highly uniform surfaces towards the analyte gas molecules. However, excessive 

surface roughness hampers response and recovery rates due to decreased self-diffusivity 

of analyte molecules [121].  

The two-dimensional AFM image of TiO2 film is shown in Figure 4.5(B) which reveals 

the advanced surface morphologies of the sputtered oxide. The root mean square (rms) 

surface roughness of TiO2 was found to be 42.1 nm. The individual TiO2 particles are 

non-uniformly distributed on the surface of the GaN nanowire and often interconnected 

into extended two-dimensional networks.  

 

4.3.3 Electrical characterization of GaN/Metal-oxide NW device 

The current-voltage (I-V) and photocurrent measurements of the fabricated sensor were 

performed by a National Instrument PCI DAQ system. UV illumination to the sensor was 

applied by a 365 nm light emitting diode. The output power of the UV source was 
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maintained at 470 mW/cm2 with less than 0.4% variation, as verified with a Newport 

power meter. The fabricated GaN NW is a two-terminal device whose I –V characteristics 

are shown in Figure 4.8(A). It is clearly seen that current response of the bare nanowire 

was nonlinear and asymmetric. With the incorporation of TiO2 nanoclusters on bare GaN 

NW, current magnitude got increased. This happens due to reduction of surface depletion 

within the NW introduced by adsorbed oxygen molecules [122]. After annealing the 

device at 700 ℃ for 300 s, the I-V response became linear with enhanced current 

magnitude. This indicates the formation of low resistance ohmic contacts to the GaN 

[123]. Besides, UV illumination contributed in the enhancement of sensor current 

magnitude and linearity. This is attributed to the fact that upon UV excitation, the metal 

oxide photo-desorbs water and oxygen creating surface defect active sites and thus 

electron-hole pairs are generated in the GaN backbone. 

Figure 4.8(B) shows the dynamic photocurrent of a bare GaN NW device and the TiO2-

deposited GaN NW device, when exposed to UV light with an applied voltage of 5V. The 

GaN/TiO2 device exhibited almost two orders of increase in current magnitude when 

exposed to UV light as compared to the similar-diameter bare NW device. This 

improvement is due to the separation of photogenerated charge carriers by a surface 

depletion field, thereby increasing the lifetime of the photogenerated carriers. On 

removing UV excitation, the photocurrent decays rapidly but can’t return to the dark 

current value. This can be explained by the phenomenon of sustained photoconductivity 

of the NWs [124].  
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The UV illuminated current–voltage (I–V) characteristics of the fabricated devices are 

presented in Figure 4.9. It is seen that bare GaN nanowire exhibits lower conductivity 

before functionalizing with metal oxide. This phenomenon is attributed to the 

introduction of surface states on GaN through ambient oxygen adsorption [125]. All three 

metal-oxide functionalized GaN devices showed linear I –V characteristics, indicating the 

formation of ohmic contacts to sensor devices. 

Ohmic contacts have been formed between the electrodes and the nanowire. The contact 

resistance has been calculated as 190 k approximately. 

 

 

 

 

      

Figure 4.9: (a) FESEM image of the developed bare GaN nanowire. (b) I–V characteristics of 

the GaN nanowire devices functionalized with different metal oxides in presence of UV light.  
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Chapter 5: Gas Sensing Properties 

 

 

5.1 Instruments and Experimental Set-up 

For gas sensing measurements the device was placed in a custom designed gas chamber 

made of stainless steel. A gaseous mixture of analyte and compressed breathing air was 

introduced into the sensing apparatus and the net flow (air + analyte) was maintained at 

100 sccm. Mass flow controllers (MFCs) independently controlled the flow rate of each 

component, determining the composition of the mixed gas. The devices were biased with 

a constant 5 V supply and currents were measured by a National Instrument PCI DAQ 

system. After the sensor was exposed to an analyte, it had been allowed to regain the 

baseline current with the air flow turned on. Sensor response has been determined as (Rgas 

- Rair)/Rair, where Rgas and Rair are the resistances of the sensor in the presence of the 

analyte–air mixture and in the presence of air, respectively. Bronkhorst controlled 

evaporator and mixer (CEM) has been used as the core component for environmental 

humidity generation and control. 
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5.2 Sensing Properties of Singular NW device 

5.2.1 Nitrogen dioxide (NO2) Sensing Characteristics 

The bare GaN device did not respond well to the target gas even for high concentrations. 

In contrast, GaN/TiO2 device exhibited significant change in the photocurrent when 

exposed to NO2 gas in the presence of UV light. The device current recorded with 100 

sccm of air flowing though the sensing chamber under UV illumination was established 

as a reference for the experiments. As shown in Figure 5.1(A), the dynamic photocurrent 

response of the TiO2 coated GaN sensor decreases quickly and rises rapidly when varying 

concentrations of NO2 from 1 ppb to 500 ppm in dry air are introduced consecutively into 

and removed from the testing atmosphere. When gas flow was turned off, the sensor had 

been allowed to recover at room temperature without any additional purging. The sensor 

showed a maximum response of 32% on exposure to 500 ppm NO2 with a lowest 

detection limit of 1 ppb. Though the sensor didn’t respond well at dark condition, sensor 

photocurrent decreased significantly in comparison to dry air response under UV light.  
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Figure 5.1: (A) Sensor current responses, and (B) Function fitting curves of the of GaN/TiO2 

sensor to varying concentrations of NO2 gas ranging from 1 ppb to 500 ppm in dry air under 

UV light and without UV light at room temperature (20 ℃). 
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Figure 5.2: (A) Response/recovery times of the sensor obtained at various NO2 concentrations 

ranging from 1 ppb to 500 ppm at room temperature. (B) Long-term stability of the sensor 

tested at 10 ppb, 1 ppm and 500 ppm of NO2 gas. (C) Cross-sensitivity test for TiO2/GaN 

sensor to various background gases at test concentrations of 10 ppb, 1 ppm and 500 ppm of 

each gas. (D) Principal Component Analysis: PC_2 vs PC_1 plot for 6 different 

concentrations of NO2 gas and ethanol vapors exposed to the sensor, which includes up to 

98% of the total variance. 
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The normalized responses of the TiO2/GaN sensor with and without UV light are plotted 

as a function of NO2 gas concentration in Figure 5.1(B). The fitting equations of the  

sensor response Y and gas concentration X are stated as Y = 2.43 ln X + 15.44 and Y = 

0.825 ln X + 5.39 in presence and absence of UV light, respectively, and the regression 

coefficients are 0.9446 and 0.9176, respectively. The higher magnitude curve with 

steeper slope under UV illumination indicates the contribution of UV light to the 

enhancement of the gas sensing response.  

It is well known that response and recovery times are important parameters for evaluating 

gas sensing performance of sensors. Response time is defined as the time to reach 90%  

of the final value during NO2 exposure. Recovery time is similarly defined as the time to 

reach 90% of the final value during clean air exposure. Response and recovery times of 

the sensor were obtained for all the measured responses at different concentrations as 

plotted in Figure 5.2(A). It was found that response time kept decreasing initially with the 

increase of NO2 concentration and become nearly constant at higher gas concentrations. 

The faster response at higher gas concentration is attributed to the rise of diffusion rate of 

gas molecules with the increase of concentration. Also, recovery process got slower than 

the corresponding response process with the increasing NO2 concentration. 

In order to test long term stability, the sensor response was collected continuously for 20 

days at high and low gas concentrations as presented in Figure 5.2(B). It has been 

 

 



 

67 
 

 

 

 

observed that gas response of the sensor was almost constant over time, particularly for 

high concentration. The response change at low concentration was very little as well. 

Degradation of gas response over 20 days were 1.9%, 1.3% and 0.4% for 10 ppb, 1 ppm  

and 500 ppm of NO2 gas, respectively. Since sensor response to 1 ppb of NO2 showed 

some degradation over long period, 10 ppb was set as the lowest limit of detection for the 

TiO2/GaN sensor device. 

To ensure applicability in practical environment, especially in industrial arena, selectivity 

of the sensor is very important. The selectivity was studied by exposing the proposed 

sensor to various interfering gases including ethanol (C2H5OH), ammonia (NH3), sulfur 

 

 Figure 5.3: (A) Responses of GaN/TiO2 sensor at various environmental humidity and 

temperature conditions for 1 ppm of NO2 exposure. (B) Accelerated siloxane stability test 

results in terms of 1 ppm NO2 responses over one-month time period at room temperature (20 

℃). 
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dioxide (SO2), methane (CH4), and carbon dioxide (CO2). Figure 5.2(C) illustrates the 

comparative percent response histograms for TiO2/GaN sensor toward three different 

level of concentrations of these target gases at room temperature under dry air. Clearly, 

the response toward NO2 is much higher than that of other test gases which demonstrates 

the selective feature of the sensor. Furthermore, the sensor showed moderate response 

toward ethanol at high concentration which can contribute minor cross-sensitivity to NO2 

responses if present in the background. This issue can be resolved by applying principal 

component analysis (PCA) technique on the experimental gas response data. 

Gas response outcome, such as response magnitude, response time and recovery time 

were used as input parameters in PCA analyses. For the two test gases (NO2 and ethanol), 

gas responses for 5 different concentrations have been collected, and the measurements 

were repeated 3 times. The input dataset was a 30 x 3 matrix in which 60% had been used 

as training set and 40% as test set. A threshold variance of 99% was set during 

component analysis. Figure 5.2(D) shows the PC_2 vs PC_1 plot comprising 98% of the 

total variance which clearly differentiate between NO2 gas and ethanol vapor. All the raw 

data processing and PCA-analysis had been performed in the RapidMiner studio 

software. 

Device reliability is an important attribute to consider in case of practical applicability of 

sensor devices. The proposed GaN/TiO2 based sensor was tested at various environmental 

humidity and temperature conditions for 1 ppm of NO2 exposure, as shown in Figure 

5.3(A). It was observed that sensor response was slightly enhanced with increasing 

humidity and got almost constant at high humid conditions. This happens because water 
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molecules give away electrons on the sensor surface and neutralize the photo-generated 

holes within the sensor. With the increasing humidity (water molecules), more holes are 

neutralized and thus leave more electrons to be used for NO2 molecules adsorption which 

leads to the rise of depletion region within the sensor. This phenomenon explains the fact 

of lowering the steady-state resistance and increasing senor resistance response with the 

increasing humidity. Also, a diminishing response increase was seen at higher operating 

temperatures. Therefore, the proposed sensor device exhibited reliable and stable 

performance at various environmental situations avoiding any significant response 

deviations. 

Now-a-days, silicon-containing compounds are found in numerous products. Particularly, 

metal-oxide based gas sensors encounter poor long-term stability even at low 

concentrations of siloxanes present in atmosphere [126]. Accelerated siloxane stability 

test has been performed on the NO2 sensor devices in the presence of 

Decamethylcyclopentasiloxane (D5). The sensor device was exposed to 200 ppm of D5 

siloxane for one month. 1 ppm NO2 gas response data was taken at different intervals 

within that time period. It is found that there is only a small degradation in response over 

one month as illustrated in Figure 5.3(B). The robustness of the sensor response against 

the siloxane is mainly attributed to the UV light which is used during NO2 gas detection. 

Due to long term exposure, siloxane molecules are adsorbed on the sensor surface and a 

layer is formed. UV illumination helps to desorb those molecules and cleans-up the metal 

oxide surface for NO2 molecules adsorption. A continuous UV exposure, even during the 

absence of exposure to NO2, may result in a very negligible effect of siloxanes on the 
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response of the device to the NO2 gas.  Thus, the responses of the device remain almost 

unaffected to the siloxanes. 

Table 5.1 summarizes the comparison of nitrogen dioxide sensing performance of 

GaN/TiO2 sensor device with other recently reported NO2 sensor devices. For a gas 

sensor to be widely accepted it must have high response, quick response-recovery, 

precise selectivity, long operating life and stable operation across various environmental 

conditions. No such gas sensor has been reported yet having all these desired properties. 

For instance- some reported sensors may exhibit very high response, but their response-

recovery processes are slow. Some of them are good in many respects but not adaptive to 

change of environmental conditions. Furthermore, the sensors which have those desired 

properties are not compatible for low-cost large-scale production. Gas sensor of this work 

was made using top-down fabrication method along with optimized and well controlled 

process steps, which make it feasible for large scale production. Also, UV assisted gas 

sensing consumes less power than microheater or external heating assisted sensing to 

achieve full sensor recovery [127]. Being adequately sensitive to the target gas with a 

reasonable response-recovery time, the GaN/TiO2 sensor exhibits stable operation across 

a wide temperature and humidity range. It has the advantages of ultra-low power 

operation, low-cost, ultra-small size and weight, radiation-tolerance, long-operating life, 

non-heat producing and non-toxic which make this gas sensor suitable for the integration 

in embedded-chip or plug-in module. 
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Table 5.1: Comparison of nitrogen dioxide sensing performance of TiO2/GaN 

sensor with other recently reported NO2 sensors. 

Materials  Structure 
Operating 

Temperature 

(C) 

Concentration 

(ppm) 
Sensitivity/ 

Response 
Response 

time (s) 
Recovery 

time (s) 

GaN/TiO2 [128] Submicron wire-
Nanocluster 

   RT 1 13.33 140 160 

SnO2/NRGO [129] Nanosheets    RT 5 1.38 45 168 

Graphene-SnO2 [130] Nanocomposites    150 1 24.7 175 148 

SnO2/graphene [131] Nanocomposites    RT  5 171 7 min long 

RGO-polythiophene 
[132] 

Thin film    RT  10 26.36 <180 <200 

Ion-Beam Irradiated 

SnO2  
[133] 

Nanowire    150 2 14.2 292 228 

MoS2 [134] Flakes   RT (UV) 100 27.92 29 350 

Hierarchical ZnO-RGO 
[135] 

Nanosheets    100 0.05 12 306 450 

MoS2/Graphene [136] Aerogel   200 
(microheater) 

0.5 9.1 21.6 29.4 

SnO2-Polyaniline [137] Heterostructure 
thin film 

   25 50 ppb 5% 5 min 15 min 

RGO/poly(3,4-
ethylenedioxythiophene) 
[138] 

Nanocomposite    RT 1 0.05  <180 <70 

RGO/Au [139] Nanocomposite    50 5 1.33 132 386 

Mixed p Type MoS2 
[140] 

Flakes   RT+UV 10 21.78 6.09 146.49 

MoS2 [141] Nanowire 
networks 

   60 5 18.1 16 172 

Nb doped-MoSe2 [142] 2D Layered    150 3 8.03 <30 - 

PS/WO3–Pd60 [143] Nanorods    RT 2 5.2 10 339 

Polycrystalline PdO [144] Ultrathin films    175 10 1.63 <500 600–700 

ZnO [145] Nanorods    200 100 622 35 206 

Microwave-Synthesized 
NiO [146] 

Film    25 3 4991 30 45 

Pt-AlGaN/GaN [147] HEMT    300 900 33 27 min - 

PCDTBT [148] OFET    RT 10 160 6.5 min 33 min 

Copper Phthalocyanine 
(CuPc) [149] 

Thin film 
transistor 

   RT 20 >550 - >3 days 

MoS2-RGO [150] Nanosheets    160 3 1.23 8 20 

ZnO/poly(3-
hexylthiophene) [151] 

Nanosheet-
nanorod 

   RT 4 59 <15 min <45 min 
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5.2.2 Sulfur dioxide (SO2) Sensing Characteristics 

The dynamic response-recovery curves for the three considered metal-oxide/GaN 

nanowire-based sensor devices on exposure to 0.5, 1, 10, 100 and 500 ppm 

concentrations of SO2 gas are shown in Figure 5.4. In the case of bare GaN nanowire, 

SO2 response is very weak compared to the metal-oxide functionalized GaN sensors even 

at high concentrations (not shown). All the gas sensing data was collected in dry air under 

UV light at room temperature (20 ℃). Under the irradiation of UV light, the metal-oxide 

nanocluster photo-desorbs water and oxygen creating surface defect active sites and 

electron-hole pairs are generated in the GaN backbone [152]. The target SO2 molecules 

are chemisorbed at those generated active sites. Then dynamic trapping and de-trapping 

of charge carriers at those active sites by the adsorbed molecules causes surface potential 

modification of the GaN backbone, leading to modulation of the sensor current, which is 

proportional to the SO2 concentration. 

The higher magnitude response-curve with steeper slope under UV irradiation indicates 

the contribution of UV light to the enhancement of the gas sensing response. Each sensor 

had been allowed to obtain a stable baseline signal by flowing only dry air for 10 mins 

before exposing to the analyte gas for 250 s. When SO2 gas flow was turned off, the 

sensor was kept for 10 mins for baseline recovery without any purging. It was clearly 

seen that ZnO sensor responded the highest in magnitude among the three sensors for all 

test concentrations. The sensors with other two functionalizing metal oxides exhibited 

significant gas responses as well. The normalized responses of the three metal-oxide/GaN 
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sensors are plotted as a function of SO2 gas concentration in Figure 5.5. The fitting 

equations of the sensor response Y and gas concentration X are stated as Y = 1.954 ln X 

+ 6.260, Y = 1.001 ln X + 3.382 and Y = 0.483 ln X + 0.993 for ZnO, WO3 and SnO2 

sensor devices, respectively, and the regression coefficient is 0.9812, 0.9562, and 0.9165, 

respectively. The largest coefficients within the fitting equation and highest regression 

coefficient of ZnO device confirms that it possesses the highest sensitivity and excellent 

sensing linearity to the target analyte. Yamazoe et. al. showed that the electric resistance 

of a semiconductor gas sensor under exposure to a target gas is proportional to Pn, where 

P is partial pressure of the gas and n is a constant specific to the kind of target gas [153]. 

Here, in case of oxidizing SO2 gas, the power law exponent has been derived as 3.1 from 

response vs gas concentration data for the ZnO/GaN device by utilizing all the standard 

values of the parameters specified in that paper. 

The response time is defined as the time taken by a sensor response to reach 90% of the 

total response change when exposed to the analyte. Similarly, recovery time is the time 

taken by a sensor response to reach 90% of the total response change when analyte is 

turned off. Figure 5.6(a-c) depicts SO2 gas response/recovery process of ZnO, WO3 and 

SnO2 sensors when exposed to 10 ppm SO2 in dry air under UV light at room temperature 

(20 ℃). It was found that ZnO device was the fastest in SO2 response among the three  
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Figure 5.4: Resistance responses of the ZnO/GaN device, WO3/GaN device and SnO2/GaN 

device for varying concentrations of SO2 gas in dry air under UV light at room temperature 

(20 ℃). 
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considered sensors due to substantial chemical interaction between ZnO and SO2 

molecules as revealed from the energy and DOS calculations. However, recovery for the 

ZnO device was slightly slower than the other two metal oxide sensors. Recovery of gas 

molecules from the sensor surface becomes sluggish when the adsorption system is 

highly chemically stable because of possessing excessive adsorption energy.  

Furthermore, SnO2 sensor device was found to be the fastest in SO2 gas recovery-process 

due to exhibiting weaker chemical interaction, i.e., lower adsorption energy with SO2 

 

Figure 5.5: Response fitting lines of the ZnO/GaN device (black), WO3/GaN device (green) 

and SnO2/GaN device (red) for varying concentrations of SO2 gas in dry air under UV light at 

room temperature (20 ℃). 
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molecules. Therefore, neither strong nor weak chemical interaction between analyte and 

sensing surface is favorable to attain a quick responding sensor device.  

The results from gas sensing data, response fitting lines and response-recovery transients 

indicate that ZnO-based sensor can be screened out as the optimal SO2 sensor device 

among the three metal-oxide/GaN sensors considered. To further examine the ZnO 

sensor, its additional sensing properties, including gas sensing adsorption and desorption 

rate, cross-sensitivity to interfering gases, and long-term stability at various 

environmental conditions were investigated.  

To study the adsorption and desorption of SO2 molecules on ZnO, absorption/desorption 

rate constants (τ) were obtained from curve fitting of the first-order rate equation with 

experimental response data. The first-order rate equation is given by [154]: 

                                                  R = Rf + (Ro - Rf) e
-t/τ                                               (5.2) 

where R is the instantaneous resistance, Rf is the final resistance after the end of an 

adsorption /desorption period, Ro is the initial resistance before an adsorption/desorption 

period, and t is the time. Figure 5.7(a) presents measured resistance decrease associated 

with gas desorption and the fitted curve when the sensor had been allowed to recover 

after being exposed to 10 ppm SO2. The experimental and fitted exponential curve are 

quite matched with a fitting error of ∼4.8%,which reveals the existence of a single rate 

constant, i.e., one charge transfer mechanism is mainly involved with the SO2 

response/recovery in ZnO sensor.  



 

77 
 

It is known that adsorption/desorption rate constant (τ) indicates the speed of the gas 

adsorption /desorption process. The estimated adsorption and desorption rate constants at 

various SO2 concentrations are showed in Figure 5.7(b). It is found that rate constants 

keep decreasing initially with the increase of SO2 concentration and become nearly 

constant at higher gas concentrations. Also, desorption rate gets slower than the 

corresponding adsorption rate with the increasing SO2 concentration.  

It is well known that metal oxides are highly cross-sensitive to interfering gases present 

in the background of the target gas. In order to evaluate the selectivity, the ZnO sensor 

had been exposed to various background gases of SO2 at three different levels of 

concentration at room temperature (20 ℃). Figure 5.7(c) demonstrates that the sensor is 

highly selective against hydrogen (H2), methane (CH4) and carbon dioxide (CO2) at all 

levels of test concentration. The sensor showed some response toward nitrogen dioxide 

(NO2) which can contribute minor cross-sensitivity to SO2 response if present in the 

 

Figure 5.6: Response and recovery curves of (a) ZnO/GaN device, (b) WO3/GaN device, and 

(c) SnO2/GaN device when exposed to 10 ppm of SO2 in dry air under UV light at room 

temperature (20 ℃). 
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background. The cross-sensitive feature of ZnO mainly arises from the similar charge 

transfer process with SO2 and NO2, which was further addressed by applying principal 

 

       

    

Figure 5.7: (a) Decrease of resistance associated with gas desorption and the fitted curve when 

ZnO/GaN sensor had been allowed to recover after being exposed to 10 ppm SO2 under dry 

air at 20℃. (b) Rate constant (τ) extracted from curve fitting vs SO2 concentration in ppm. (c) 

Gas selectivity test for ZnO/GaN sensor toward various background gases at test 

concentrations of 0.5, 10 and 500 ppm of each gas at 20℃. (d) Principal Component 

Analysis: PC_2 vs PC_1 plot for 6 different concentrations of SO2 and NO2 gases exposed to 

ZnO sensor, which includes up to 96% of the total variance. 
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component analysis (PCA) technique on the experimental gas response data. 

Major transient response quantities, such as response magnitude, response time and 

recovery time are used as input parameters in PCA analyses. For the two test gases (SO2 

and NO2), gas responses for 6 different concentrations (0.5, 1, 10, 50, 100 and 500 ppm) 

were collected, and the measurements were repeated 3 times. The input PCA dataset was 

a 36 x 3 matrix in which 60% had been used as training set and 40% was applied as test 

set. The component analyses comprised a variance threshold of 98%. Figure 5.7(d) shows 

the PC2 vs PC1 plot which includes up to 96% of the total variance. All the raw data 

processing and PCA-analysis had been performed in the RapidMiner studio software.  
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Figure 5.8: (a) Long-term stability test of the ZnO/GaN devices at four different extreme 

environmental conditions stressed for 20 consecutive days. Low T = 5℃, High T = 100℃, 

Low RH = 5% RH, and High RH = 90% RH. T and RH indicate temperature and relative 

humidity, respectively. (b) Steady state resistance change (red) and sensor response of ZnO 

device to 10 ppm SO2 (black) for varying relative humidity conditions at 20℃. 
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The long-term stability is considered as the most vital parameter of sensors on which 

reliability of sensor device is dependent. The fabricated ZnO sensor devices showed 

excellent stability at room temperature and humidity. To further verify the stability and 

reliability, the fabricated devices had been stressed at harsh environmental conditions. 

For a consecutive 20 days, ZnO sensor devices were kept in four extreme environmental 

conditions such as: (1) low temperature (5 ℃) and low humidity (5% RH), (2) low 

temperature (5 ℃) and high humidity (90% RH), (3) high temperature (100 ℃) and low 

humidity (5% RH), and (4) high temperature (100 ℃) and high humidity (90% RH). The 

gas response data were collected after every 4 days with 10 ppm of SO2 exposure. It was 

found that normalized responses of the devices were quite stable on applying 

environmental conditions (1) and (4) as plotted in Figure 5.8(a). Sensor responses had 

been degraded initially with condition (2) and then started to get stable in the long run. 

The device showed the same trend with condition (3) but in opposite direction, i.e., 

normalized responses were increasing. From the results of all these applied stress-

conditions, it appears that the ZnO device can withstand the extreme operating 

environments with a minor stability degradation. Also, high temperature environment is 

favorable for enhancing sensor response, but highly humid condition degrades response. 

Figure 5.8(b) shows the variation of steady state resistance and corresponding sensor 

response change to 10 ppm SO2 under different relative humidity conditions ranging from 

5% to 80% RH at 20 ℃. It is clearly seen that sensor response toward SO2 gas is slightly 

susceptible (< 2%) to operating humid conditions even though steady state resistance of 

the device decreases gradually up to 4%.  
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Table 5.2 summarizes the comparison of SO2 sensing performance of ZnO/GaN sensor 

with other recently reported SO2 sensors. Top-down fabrication approach comprising of 

optimized and well controlled process steps has been utilized for the development of 

devices of this study. This enhances the scope of large-scale production of this device at 

low cost. Furthermore, the ZnO sensor possesses the advantages of low power 

consumption, low working temperature, strong response, excellent selectivity, stability at 

harsh conditions, and reproducibility which make this device suitable for the integration 

in multipurpose embedded chips. 
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Table 5.2: Comparison of gas sensing performance of ZnO/GaN sensor with other 

recently reported SO2 sensors. 

Materials  Structure 
Operating 

Temperature 

(C) 

Concen

tration 

(ppm) 

Sensitivity/ 

Response 
Response 

time (s) 
Recovery 

time (s) 

ZnO/GaN [155] Nanowire    RT 10 12.1 230 275 

Ni-MoS2 [156] Nanoflower    RT 5 7.4 50 56 

NiO-ZnO [157] Nanodisks    240 20 16.25 52 41 

NiO/SnO2 [158] Thin film    180 500 56 80 70 

Au/ZnO [159] Thin films    RT 10 1.1 20 min 50 min 

SnO2-TiO2 [160] Composite (75 

mol% of TiO2) 

   450 10 55 5 min >5min 

g- C3N4/rGO [161] 2D stacking 

hybrid 

   RT 2 0.0032 ppm-1 140 130 

SnO2 [162] Thin films    RT 1 138 - - 

TiO2/rGO [163] Nanocomposite    RT 1 10.08 73 128 

Ru/Al2O3/ZnO [164] Nanosheets    350 25 20 60 6 min 

SrMoO4 [165] Nanoflowers    600 2000 −17.2 15.6 min <30 min 

0.5 wt% Nb-WO3 

[166] 

Nanorod    250 500 10 6 several mins 

RGO-ZnO on 2DEG 

AlGaN/GaN [167] 

Nanorods    RT 120 ppb 14 120 320 

CoZn-NCNTs [168] Nanotube    RT 0.5 8.45% 32 900 

Au-PANI [169] Heterostructured  

thin film 

   RT 2 300 - - 

Polyaniline [170] Nanoneedles    RT 10 4.2 180 <180 

Polyaniline-WO3 [171] Nanocomposite    RT 10 10.6 180 180 

Polyaniline [172] Porous nanofibers    RT 5 4.5% 185 <200 
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5.3 Sensing Properties of NW Sensor Array  

All the singular gas sensing data was collected in dry air under UV light at room 

temperature (20 ℃). Before the target gas exposure, the sensor array was kept under dry 

air for 10 minutes. This allowed to stabilize each sensor within the array and provided us 

the no gas responses of all the sensors. The sample raw data response profile is given in 

Figure 5.9. Figures 5.10-5.11 show the responses and corresponding fitting lines of each  

 

 

 

Figure 5.9: Resistance response profile for the developed sensor array when exposed 

to 10 ppm of NO2 in dry air under UV light at room temperature (20 ℃). 
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sensor within the array toward all the target gases at various concentrations. Each response 

value plotted is the average response of three consecutive gas exposure responses at the 

same concentration for a certain analyte gas. The concentration axis is represented in a 

logarithmic scale to accommodate different target concentration ranges. The ppm ranges 

tested for NO2, ethanol, SO2, H2 and O2 are from 0.1 to 500, 50 to 5000, 0.1 to 500, 0.1 to 

100 and 10000 to 400000, respectively. Then, the array sensors were exposed to different 

relative humidity levels, such as- 5%, 10%, 30%, 50%, 70% and 90% at room temperature 

(20 ℃). The humidity responses are shown in Figure 5.12 and 5.13. It is clearly seen that 

all the individual TiO2 and ZnO based sensors exhibited high sensitivity and excellent 

sensing linearity to almost all target gases. This reveals the well-known cross-sensitive 

behavior of metal/metal-oxides toward environmental gases.  

It was found from the previous research that GaN/TiO2 sensor response is slightly enhanced 

with increasing humidity and got almost constant at high humid conditions. Also, a 

diminishing response increase was seen at higher operating temperatures. This trend was 

observed for GaN/ZnO sensor as well. It is observed that sensor baseline resistances are 

mainly altered due to high humidity for the fabricated sensor devices. The proposed data 

analysis technique is based on absolute response magnitude only, no baseline information 

is required here. Table 5.3 summarizes the fitting equations and regression coefficients 

from the response vs concentration plots. Also, average response/recovery times for each 

material and gas have been presented here.  
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The selectivity issue of these metal/metal-oxides can be well addressed by employing 

sensor array technique instead of a single sensor [173]. Each gas leaves a unique response 

footprint across the sensor array. This obtained footprint can be further analyzed by 

principal component analysis (PCA) and machine learning algorithms for precise 

identification of a target gas. 

 

Table 5.3: Fitting equation parameters, regression coefficients and average 

response/recovery times of sensor responses in the array. 

 

Gas 

Bare TiO2 TiO2-Pt TiO2-Cu TiO2-Ag Bare ZnO ZnO-Pt ZnO-Cu ZnO-Ag 

 

NO2 

3.0ln(x)+14 

    0.988 

140s/160s 

2.5ln(x)+8.

4 

   0.959 
130s/140s 

.95ln(x)+1.5 

    0.961 

160s/200s 

1.4ln(x)+5 

   0.962 

135s/140s 

.95ln(x)+1.5 

    0.961 

140s/160s 

2.2ln(x)

+7.6 

   0.968 
138/150s 

1.6ln(x)+4 

    0.984 

140/150s 

2.6ln(x)+ 

9.6 

    0.980 
142/170s 

 

Etha
nol 

3.0ln(x)-3.5 

    0.965 
155s/180s 

1.1ln(x)-4.7 

    0.802 
162s/170s 

.76ln(x)+2.9 

    0.988 
145s/180s 

1.7ln(x)-5.1 

    0.932 
155s/178s 

 2.5ln(x)+5 

    0.958 
160s/180s 

1.9ln(x)-

5.1 
    0.971 

150/170s 

.66ln(x)-

.64 
    0.964 

165/190s 

2.2ln(x)+.

64 
    0.978 

145/178s 
 

SO2 

1.1ln(x)+2.

5 

    0.940 

180s/200s 

0.7ln(x)+2.

6 

    0.847 

170s/195s 

.37ln(x)+1 

    0.938 

205s/220s 

.42ln(x)+.82 

    0.860 

170s/200s 

1.5ln(x)+6.9 

    0.960 

185s/210s 

1.4ln(x)

+5.9 

    0.979 

160/190s 

1.6ln(x)+1

0 

    0.985 

190/220s 

1.3ln(x)+3

.7 

    0.915 

175/202s 
 

H2 
3.0ln(x)+9.
3 

    0.959 

132s/150s 

3.8ln(x)+16 
    0.973 

145s/160s 

.52ln(x)+.97 
    0.863 

155s/180s 

.46ln(x)+1.2 
    0.954 

140s/155s 

1.3ln(x)+2.4 
    0.923 

148s/163s 

3.9ln(x)
+20 

    0.983 

125/140s 

2.1ln(x)+8
.9 

    0.959 

150/170s 

1.3ln(x)+2
.9 

    0.931 

144/170s 
 

O2 

0.7ln(x)-5.6 

    0.875 

138s/175s 

5.1ln(x)-45 

    0.858 

130s/160s 

1.2ln(x)-10.7 

    0.739 

150s/200s 

1.1ln(x)-10 

    0.819 

145s/185s 

7.9ln(x)-69 

    0.870 

155s/195s 

9.3ln(x)-

81 

    0.857 
132/187s 

5.7ln(x)-

48 

    0.869 
160/210s 

4.6ln(x)-

40 

    0.776 
158/192s 
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Figure 5.10: Response fitting lines of (a) bare TiO2, (b) TiO2/Pt, (c) TiO2/Cu, and (d) TiO2/Ag 

for varying concentrations of NO2, ethanol, SO2, H2 and O2 gases in dry air under UV light at 

room temperature (20 ℃). 
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Figure 5.11: Response fitting lines of (a) bare ZnO, (b) ZnO/Pt, (c) ZnO/Cu and (d) ZnO/Ag 

for varying concentrations of NO2, ethanol, SO2, H2 and O2 gases in dry air under UV light at 

room temperature (20 ℃). 
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5.4 Gas Sensing Mechanism 

Sensing of NO2 molecules using the metal oxide nanoclusters functionalized GaN sensor 

can be understood using the simplified schematic in Figure 5.14(A). The basic sensing 

mechanism can be explained as: (1) upon UV illumination the metal-oxide nanocluster 

photo-desorbs water and oxygen creating surface defect active sites and electron-hole 

pairs are generated in the GaN backbone; (2) target analytes chemisorb at those active 

sites; (3) dynamic trapping and de-trapping of charge carriers at those active sites by the 

adsorbed molecules causes surface potential modification of the GaN backbone, leading 

to (4) modulation of the sensor current, which is proportional to the analyte 

concentration. 

Oxygen molecules are chemisorbed in the Ti3+ vacancy sites on the TiO2 surface 

acquiring a negative charge [174]. Also, water molecules undergo molecular or 

dissociative adsorption on the TiO2 cluster surface creating OH- species on the Ti3+ 

defect sites [175]. It is well known that surface depletion amount within GaN governs its 

dark conductivity. Under UV excitation with an energy above the bandgap energy of 

GaN (3.4 eV) and TiO2 (3.2 eV), electron–hole pairs are produced both in the GaN and in  

the TiO2 cluster. Since photogenerated holes diffuse toward the GaN surface due to the 

surface band bending, carrier lifetime and thus the photocurrent increases within GaN 

submicron-wire. On the other hand, the chemisorbed oxygen and water molecules on 

TiO2 nanoclusters receive the photogenerated holes and get desorbed. NO2 molecules are 

directly adsorbed onto these freshly produced sites due to their high electrophilic 
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Figure 5.12: Sensor Array Response to Different Relative humidity for TiO2 based 

sensors. 

 

 

 

 

Figure 5.13: Sensor Array Response to Different Relative humidity for ZnO based 

sensors. 
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property. Some NO2 molecules interact with the chemisorbed oxygen species on the 

surface and get adsorbed thereby. This charge transfer between the TiO2 nanoclusters and 

the NO2 molecules raises the depletion region width within the GaN, thus decreases the 

sensor current. In this way, the device response is modulated with the depletion region 

alteration caused by the change in NO2 gas concentration.  

Figure 5.14(B) shows the charge transfer mechanism of TiO2/GaN and NO2 molecule 

under the light of energy band diagram. When energy gap from Fermi energy to LUMO  

 

 

                               

Figure 5.14: (A) Gas sensing mechanism illustration using schematic representation of the 

GaN (submicron-wire)–TiO2 (layer of metal oxide nanoclusters) sensor (not to scale) to NO2 

analyte in presence of UV excitation. (B) Charge transfer mechanism of TiO2/GaN and NO2 

molecule within the energy band diagram. Here, ϕ, EV, EF and EF_EQ represent work function 

of the TiO2/GaN, energy of vacuum level, Fermi energy of the TiO2/GaN, and the equilibrium 

state of the adsorption system, respectively. ECB and EVB denote conduction and valence band, 

respectively. ELUMO and EHOMO indicate the orbital energies of NO2 molecule. 
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of gas molecule is much less than that of HOMO of gas molecule, TiO2 electrons prefer 

to move toward the LUMO of the NO2 molecule by quantum tunneling. In consequence, 

Fermi energy of the TiO2/GaN device begins to move toward valence band region. This 

charge transfer process comes to an end when an equilibrium Fermi energy (EF_EQ) is 

established between the device and gas molecules.  

Under UV excitation with an energy above the bandgap energy, electron–hole pairs are 

generated both in the GaN and in the metal-oxide. Since photogenerated holes diffuse 

toward the GaN surface due to the surface band bending, carrier lifetime and thus the 

photocurrent increases within GaN nanowire. On the other hand, the chemisorbed oxygen 

and water molecules on metal-oxide receptors receive the photogenerated holes and get 

desorbed. SO2 molecules are directly adsorbed onto these freshly produced sites due to 

their electrophilic property. This charge transfer between the metal-oxide and the SO2 

molecules raises the depletion region width within the GaN, thus decreases the sensor 

current. In this way, the device response is modulated with the depletion region alteration 

caused by the change in SO2 gas concentration.  

Since SO2 is an oxidizing gas, it makes competitive adsorption on metal-oxides against 

aerial oxygen. The adsorbed aerial O2 molecules are reduced to different oxygenated 

anionic species (O-, O2
-, O2

2-, O2-) by the extraction of free electrons from the metal-

oxide surface. Some target SO2 molecules combine with these oxygenated anionic 

species and oxidized to SO3 molecules, contributing a sensor current modulation in 

opposite direction. Therefore, the overall sensor response is slightly degraded due to the 

competitive adsorption of aerial oxygen. 
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A schematic energy-band diagram of the metal-oxide/GaN and SO2 molecule is 

illustrated in Figure 5.15. Here, Fermi energy of the metal-oxide/GaN starts going down 

toward valence band as electrons are transferred from the metal oxide to the SO2 

molecule. This charge transfer process comes to an end when an equilibrium Fermi 

energy (EF_EQ) is established in the adsorption system. 

 

 

 

 

 

Figure 5.15: Schematic representation of charge transfer mechanism within the energy band 

diagram of metal-oxide/GaN and SO2 molecule. Here, ϕ, E
V
, E

F 
and E

F_EQ 
represent work 

function of the metal oxide/GaN, energy of vacuum level, Fermi energy of the metal-

oxide/GaN, and the equilibrium state of the adsorption system, respectively. E
LUMO

 and E
HOMO 

indicate the orbital energies of SO2 molecule. 
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Chapter 6: Sensor Array and Pattern Recognition Algorithms 

     

 

 

6.1 Methods of Data Collection and Analysis 

The current-voltage measurements of the fabricated nanowire devices were performed by 

a National Instrument (NI) PXI SMU system under a LED UV light source having a 

wavelength of 365 nm and output power of 470 mW/cm2. The sensor array was placed in 

a custom designed gas chamber made of stainless steel for gas sensing data collection. A 

mixture of target gases and compressed breathing air was flowed into the sensing 

chamber and the net flow (air + analytes) was maintained at 0.5 slpm. Mass flow 

controllers (MFCs) independently controlled the flow rate of each component, 

determining the composition of the mixed gas. The sensor array currents were collected 

by the NI PXI SMU system at a constant 5V DC voltage. The devices have been allowed 

to regain the baseline current without purging the gas chamber after exposure. Sensor 

response was calculated as (Rgas - Rair)/Rair, where Rgas and Rair are the resistances of the 

sensor in the presence of the analyte–air mixture and in the presence of air, respectively. 

Figure 6.1 illustrates the process flow for the gas sensing data collection and analysis. 
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After the acquisition of raw data, preprocessing steps such as- noise filtering, 

normalization were performed on it. The gas response analysis is mainly performed here 

using two approaches: unsupervised and supervised classification. Principal component 

analysis is an unsupervised method of feature extraction and identification. The basic 

idea of PCA is to transform the original features into a set of new features in order of 

importance through a set of orthogonal vectors [176]. These new features are linear 

combinations of the original features and they are unrelated to each other. The features 

extracted from the training data utilizing PCA will be applied on test dataset for gas 

identification. Next, different supervised classification algorithms including decision tree, 

support vector machine, naive Bayes (kernel) and k-nearest neighbor were optimized 

using the training dataset. Herein, a 5-fold cross validation (CV) approach was utilized to 

avoid the overfitting in the training data. Finally, classification accuracy and overall 

performance of all the considered classifiers will be evaluated and compared to find out 

the optimal algorithm for precise gas identification. 
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6.2 Implementation of Unsupervised Algorithms 

6.2.1 Principal Component Analysis (PCA)   

Principal component analysis (PCA) is a mathematical procedure that uses an orthogonal 

transformation to convert a set of observations of possibly correlated attributes into a set 

of values of uncorrelated attributes called principal components [177]. In the present case, 

all eight sensor-responses from the array were the correlated attributes which had been 

transformed into a set of uncorrelated principal components. Also, the redundancy of the 

correlated metal/metal-oxide responses from the array was resolved by smaller number of 

principal components that accounted for most of the variance in the observed attributes. 

The first principal component (PC 1) captures the maximum amount of variance possible 

in the original data set. On each gas exposure at a test concentration, eight response 

magnitudes from sensor array were used as input parameters in PCA analyses. For the 

target environmental gases such as- NO2, ethanol, SO2, H2, O2 and H2O, gas responses were 

collected for 6 different concentrations and repeated the measurements for three times. The 

input PCA dataset was a 120 x 8 matrix in which 60% had been used as training set and 

40% was applied as test set. The component analyses comprised a variance threshold  
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of 98%. Since different input features have different scale, each has been normalized with 

its statistical mean and standard deviation. Figure 6.2(a) shows resulting PCA score plot 

where each gas clusters together displaying clear separations among them. The relative 

contribution of the principal components- PC 1, PC 2 an PC 3 were obtained as 64.38%, 

18.53% and 12.19%, respectively, comprising 95.1% of the total variance. Rest of the 

insignificant components captured the residual variance. Though 3-4 sensors are enough 

for separation, an array of 8 sensors were taken for building up a strong response pattern 

and robust classification model to accommodate large calibration variations. 

 

              Figure 6.1: The process flow for the gas sensing data collection and analysis. 
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By investigating the eigenvectors (loadings) of the principal components, it is possible to 

find out which sensor of the sensor array is best suitable for the discrimination of the target 

gases. These component loadings in PCA are the correlation coefficients between the 

principal components and sensors within the array as shown Figure 6.2(b). Since the first 

principal component carries a large part of the total variance, all the sensors equally 

contribute the loadings of the PC 1. 

In order to evaluate the sensor array performance in a gas mixture conditions, two different 

mixtures from the target gases, which are NO2, SO2, O2 and H2O as mixture-1 and ethanol, 

H2, O2 and H2O as mixture-2 were taken. Within each mixture, O2 and H2O concentrations 

were kept fixed at 20000 ppm and 50% RH, respectively, whereas other two gas 

concentrations had been varied as similar as the singular gas case. Therefore, a total of 36 

(6x6) different concentration combinations for each mixture were produced. These gas 

mixture responses obtained from the sensor array was used to build a new 72 x 8 (for two 

runs) training dataset. Based on this gas mixture training data, new PCA model was 

generated. These gas mixture PCA models were tested with the previous test dataset for 

singular gas case. The resulting PCA score plots are shown in Figure 6.3. It is seen that 

reference individual gases are still identified clearly based on the gas mixture model. This 

is a confirmation that the reference singular-gas dataset can be used to identify the target 

gases both in isolated and mixed condition. 
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Figure 6.2: (a) PCA score plot for varying concentrations of NO2, ethanol, SO2, H2, O2 and 

H2O, which includes up to 95.1% of the total variance. (b) Eigenvectors (loadings) of the first 

four principal components. 
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Figure 6.3: PCA score plot for (a) gas mixture-1 and (b) gas mixture-2, which include up to 

96.5% and 98% of the total variance, respectively. 
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6.3 Implementation of Unsupervised Algorithms 

6.3.1 Machine Learning Classifiers 

In recent years, supervised classification approaches had been applied in sensor array data 

to classify the analytes [178]. Four different classifying algorithms have been optimized 

and employed on the sensor array dataset of this study to screen out the optimal classifier 

for precise identification of the target gases in singular and mixed condition. Firstly, 

decision tree (DT) has been applied which is a collection of nodes intended to create a 

decision on values affiliated to a class. Taking the important DT parameters such as 

information gain, Gini index, maximal tree depth and minimal leaf size as variables, the 

optimized values of these parameters were found out for maximum classification accuracy. 

Next, a support vector machine (SVM) classifier that constructs a set of hyperplanes in a 

high-dimensional space for class separation has been employed. Here, parameters like 

kernel type, kernel cache, C and convergence epsilon were optimized. Then, comparatively  

 

Table 6.1: Summary of the optimized parameters for the four considered classification 

algorithms. 

Decision Tree (DT) Support Vector Machine 

(SVM) 

Naive Bayes (NB) k-Nearest Neighbor  

(k-NN) 

criterion= 

information gain 

maximal tree depth= 

9 

minimal leaf size= 1 

kernel type= linear 

kernel cache= 200 

C= 0.5 

convergence epsilon 

n= 0.1 

estimation mode= 

greedy 

minimum bandwidth 

= 0.01 

number of kernels= 

11 

k-value= 1 

kernel type= linear 

divergence= 

generalized 
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simpler Naive Bayes (kernel) algorithm was used which is a probabilistic classifier based 

on Bayes' theorem with strong (naive) independence assumptions. Estimation mode, 

minimum bandwidth and number of kernels were varied within the standard algorithm. 

Lastly, k-Nearest Neighbor (k-NN) algorithm was applied on the array dataset. It is based 

on comparing an unknown example with the k training examples which are the nearest 

neighbors of the unknown example. The accuracy has been maximized here by optimizing 

the k-value, kernel type and divergence parameters. The array sensor responses of training 

data were used to model these algorithms, and then gas types from the test data were 

qualitatively identified by the models. In order to adapt naive Bayes and support vector 

machine (SVM) algorithms for multiclass discrimination problem, regression learning 

algorithm has been utilized in a subprocess that generates regression learner model. Here, 

the binary NB and SVM classifiers build multi-class classification model using the 

developed regression model.  

Table 6.1 summarizes the parameters optimized for building these four considered 

classification algorithms. Figure 6.4 shows the confusion matrices for the four classifiers. 

The values on the diagonal are the correctly identified class of each category. Classification 

accuracy (η) for each classifier has been calculated which is defined by: η = (sum of 

diagonal values) / (total classification data). It is found that both SVM and NB exhibited 

100% accuracy whereas DT and k-NN attained an accuracy of 98% and 96%, respectively. 

Furthermore, DT algorithm becomes less accurate and tough to implement when number 

of decisions in a tree increases. The accuracy of the k-NN algorithm can be severely 

degraded by the presence of noisy or irrelevant features. On the other hand, SVM has the 
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advantage of higher efficiency for correct classification of the future data without over-

fitting. Again, NB classifier offers faster convergence and simpler implementation. 

Therefore, depending on the application, both SVM and NB are suggested to be the best 

suitable algorithms for precise identification of target gases and their mixtures. 

 

6.4 Detection of Gases and Their Mixtures 

6.4.1 Implementation of Artificial Neural Network (ANN) 

The sensor array of this work is consisted of six metal-oxide/metal coated GaN 

photoconductors. Here, six different functionalizing materials such as- ZnO, ZnO/Ag, 

ZnO/Pt, TiO2, TiO2/Pt and In2O3/Pt have been deposited on the fabricated nanowires 

within the sensor array. The metal/metal-oxide combinations for the analyte gas mixtures 

have been adapted from the density functional theory (DFT)-based simulation works 

[179]. The individual sensors devices have been placed and installed into a printed circuit 

board (PCB), and thus the sensor array is developed. 

Figure 6.5 demonstrates the schematic illustration of detection process of gas-mixtures 

with the help of sensor array combining with artificial neural network. The raw temporal 

responses from the sensor array were post-processed through noise filtering, normalization, 

and input dataset formation. Then, four different neural network algorithms have been 

studied, optimized and modelled using the training dataset to precisely identify the analyte 

gases and their mixtures. 
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Figure 6.4: The confusion matrix of (a) Decision Tree classifier, (b) Support Vector Machine 

(SVM) classifier, (c) Naive Bayes (kernel) classifier, and (d) k-Nearest Neighbor (k-NN) 

classifier. 
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Figures 6.6 shows some of the resistance responses of the array sensors toward singular 

and mixture of gases. All the response values and their fitting lines for each sensor at 

various gas concentrations are shown in Figure 6.7 and Table 6.2. The concentration 

ranges in ppm for NO2, SO2, H2 and ethanol have been tested from 0.1 to 1000, 0.1 to 

1000, 0.1 to 100 and 50 to 5000, respectively. To obtain gas mixtures, six different ppm 

combinations among these four component gases were considered. The gas sensing 

responses were collected at 20 ℃ under UV illumination. Sensors within the array were 

kept in air to reach a steady baseline. It is observed that all the individual sensors showed 

 

Figure 6.5: Schematic illustration of detection process of gas-mixtures with the help of sensor 

array combining with artificial neural network. 
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good sensitivity and linearity toward most of the gases and mixtures, indicating the cross-

sensitive characteristics of metal-oxides/metals. 

Artificial neural network (ANN), generally referred as neural network (NN) is highly 

useful in modelling complex and multi-variate systems [180]. The ANN alters its 

structure depending on the external and internal information which propagates through 

the network to find patterns in input data. Here, four neural network models have been 

analyzed and implemented on the developed array dataset to screen out the optimal 

model for classification of the analyte gases and their mixtures.  

Feed-forward neural network (NN) is a linear classifier where the weights are adjusted by 

the corresponding initial values for all wrongly classified data points [181]. The data 

propagates only in forward direction, from input nodes to output nodes through hidden 

nodes. No directed cycles are involved in the network. Here, a layer of perceptron has 

been utilized on the training dataset to build the gas classifier model.  

A multilayer perceptron (MLP) is an ANN model that performs mapping of input data to 

their output [182]. It comprises of nodes in multiple layers, where each layer is 

completely connected to the adjacent layer. Other than input nodes, every node function 

as a processing node containing an activation function. Auto MLP technique is a 

combination of genetic algorithms and stochastic optimization [183]. In this case, an 

ensemble of neural networks are taken which are trained parallelly having distinct 

learning rates and hidden layer size. At the end of certain period, an error rate is 

calculated on the test set and the low performing network is substituted by the best 
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network. Learning rate and hidden layer size are determined from the probability 

distributions utilizing favorable rates and sizes.  

Back-propagation neural network (BP-NN) is a supervised learning algorithm consisting 

of forward propagation and weight update phases. The output is checked with the correct 

answer to calculate a predefined error-function value. The error value is passed through 

the network with which the network updates the weights of the connecting paths to 

minimize the error function value. The update procedure is performed for a pre-defined 

training cycle times until a threshold error value is achieved. 

Deep learning is a multiple layered ANN which is trained using back propagation 

technique with a stochastic gradient descent method [184]. Generally, the network 

possesses several hidden layers containing neurons of different activation functions. 

Here, the global model parameters are trained utilizing multi-threading by each node. 

Then, global model is updated periodically by the averaging method throughout the 

network.  

The important input parameters of each of the four considered algorithms were optimized 

to achieve the maximum predictive accuracy, as summarized in Table 6.3. Figure 6.8 

presents the confusion matrices from the result analysis of ANN algorithms. The diagonal 

elements are the correct predictions of each analyte gas. Identification accuracy (η) of 

each ANN model is computed by the formula: η = (sum of diagonal elements) / (total 

identification data). The accuracy of feed-forward, auto MLP, BP-NN and deep learning 

are calculated as 89%, 92%, 97% and 98%, respectively.  
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The statistical performance of the four neural networking-based classification algorithms 

have been evaluated, as summarized in Table 6.4. In Table 6.4, Mean squared error 

(MSE) of a classifier represents the mean of the squares of the errors, R² is percentage of 

variation, mean absolute error denotes mean absolute difference between actual and 

prediction value, cross-entropy is evaluated as summation of the logarithms of the actual 

label's confidences divided by example counts, logistic loss is defined as the average of 

log (1+exp (- [cf (CC)])), here 'cf (CC)' is confidence of the true class, and average soft 

margin loss is found as the mean of all (1 – confidence) for the true label. Figure 6.9 

shows effect of hidden layer size and epoch on MSE and classification accuracy for BP-

NN (left) and deep learning (right) models. 
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Figure 6.6: Resistance responses of the six sensors within the array toward (a) 10 ppm of NO2, 

and (b) Mixture of NO2 (10 ppm), Ethanol (800 ppm), SO2 (500 ppm) and H2 (300 ppm) gases 

with UV light at 20 ℃. Analyte gases were on at 600s and 330s in (a) and (b), respectively. 

Table 6.2: Fitting equation parameters, regression coefficients and average 

response/recovery times of sensor responses in the array. 

 Gas Bare TiO2 TiO2/Pt In2O3/Pt Bare ZnO ZnO/Pt ZnO/Ag 

 

NO2 

3.0ln(x)+14 

    0.988 

140s/160s 

2.5ln(x)+8.4 

   0.959 

130s/140s 

.95ln(x)+1.5 

    0.961 

160s/200s 

.95ln(x)+1.5 

    0.961 

140s/160s 

2.2ln(x)+7.6 

   0.968 

138s/150s 

2.6ln(x)+9.6 

    0.980 

142s/170s 

 

Ethanol 

3.0ln(x)-3.5 

    0.965 

155s/180s 

1.1ln(x)-4.7 

    0.802 

162s/170s 

.76ln(x)+2.9 

    0.988 

145s/180s 

 2.5ln(x)+5 

    0.958 

160s/180s 

1.9ln(x)-5.1 

    0.971 

150s/170s 

2.2ln(x)+.64 

    0.978 

145s/178s 
 

SO2 

1.1ln(x)+2.5 
    0.940 

180s/200s 

0.7ln(x)+2.6 
    0.847 

170s/195s 

.37ln(x)+1 
    0.938 

205s/220s 

1.5ln(x)+6.9 
    0.960 

185s/210s 

1.4ln(x)+5.9 
    0.979 

160s/190s 

1.3ln(x)+3.7 
    0.915 

175s/202s 
 

H2 

3.0ln(x)+9.3 
    0.959 

132s/150s 

3.8ln(x)+16 
    0.973 

145s/160s 

.52ln(x)+.97 
    0.863 

155s/180s 

1.3ln(x)+2.4 
    0.923 

148s/163s 

3.9ln(x)+20 
    0.983 

125s/140s 

1.3ln(x)+2.9 
    0.931 

144s/170s 
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Figure 6.7: Response fitting lines of (a) bare TiO2, (b) TiO2/Pt, (c) In2O₃Pt, (d) ZnO/Ag, (e) 

bare ZnO and (f) ZnO/Pt for varying concentrations of NO2, ethanol, SO2 and H2 gases under 

UV light at room temperature (20 ℃). 



 

111 
 

 

        

 

Figure 6.8: The confusion matrix of (a) Feed-forward, (b) Auto MLP, (c) Back-propagation, 

and (d) Deep learning NN classifiers, presenting true and predicted gas label numbers. 
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Table 6.4: Summary of the statistical performance evaluation of the four neural 

networking-based classification algorithms. 

 Feed forward NN Auto MLP NN Back propagation NN Deep learning  

Accuracy 89% 92% 97% 98% 

Mean squared error 0.205 0.146 0.0994 0.0754 

R2 0.946 0.965 0.9810 0.9822 

Mean absolute error 0.194 0.134 0.135 0.107 

Logistic loss 0.307 0.258 0.387 0.344 

Cross-entropy 0.485 0.203 0.199 0.162 

Soft margin loss 0.580 0.352 0.248 0.2526 

 

Table 6.3: The list of the parameter values after optimization for the considered neural 

networking-based classifier models. 

Feed forward NN Auto MLP NN Back propagation NN Deep learning 

round = 3 

learning rate = 0.1 

hidden layer = 1 

hidden layer size = 

9 

 

number of training cycle = 

13 

number of generations = 

10 

number of ensembles = 4 

 

 

activation function = 

sigmoid 

learning rate = 0.1 

training cycles= 11 

momentum = 0.1 

hidden layer = 1 

hidden layer size = 7 

error epsilon = 0.1 

 

activation function = Tanh 

hidden layer size = 8 

epoch = 60 

learning rate = 0.4 

learning rate annealing = 

0.2 

momentum ramp = 20 

L1 = 0.5 

L2= 0.5 

loss function = Cross 

Entropy 
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6.5 Quantification of Analyte Gases 

Figure 6.10 shows the ppm estimation results of NO2, ethanol, SO2 and H2 by the optimal 

back propagation NN model. The vertical axis denotes the predicted ppm values, and the 

horizontal axis denotes the experimental ppm values. The prediction errors for NO2,  

 

 

Table 6.5: Summary of ppm-prediction precision for the target gases utilizing back-

propagation NN model. 

Target gas Mean squared error Standard deviation 

NO2 0.465 0.669 

Ethanol 0.287 0.574 

SO2 0.772 0.968 

H2 0.191 0.445 

 

 

Figure 6.9: Variation of mean squared error and accuracy with hidden layer size and epoch for 

(Left) back propagation NN and (Right) deep learning classifiers.  
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ethanol, SO2 and H2 were obtained as 0.9, 0.4, 0.8 and 0.2 ppm, respectively. 

Furthermore, prediction precision of the developed back propagation NN model has been 

evaluated by mean squared error and standard deviation, as given in Table 6.5.  

 

 

Figure 6.10: Gas-concentration estimation results in ppm for NO2, ethanol, SO2 and H2 gases 

by the optimal back propagation NN model. 
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6.6 Computational Complexity of Algorithms 

Machine learning algorithms suffer from computational complexity and latency issues 

while processing training datasets [185]. The algorithms become computationally 

expensive primarily due to the presence of complex activation and error functions, and 

higher number of features, samples and feature dependence within the dataset [186]. 

For neural network algorithm, computational complexity is termed as O(nl k d), here nl is 

hidden layer size, k is number of neuron in a single layer, d refers dimension of input data 

defined as m × n, m = number of gas sensor and n = dimensionality of a single sensor. In 

case of BP-NN, nl = 1, k=7; So, O (nl k d) = 7d, whereas, for deep learning, nl = 2, k=8; 

So, O (nl k d) = 16d. This means, computational complexity of BP-NN is much lower 

than that of deep learning classifier, with only 1% accuracy reduction. Therefore, back-

propagation NN is suggested to be the optimum algorithm for gas-mixture classification. 

The developed BP-NN model with relative connection weights among the nodes is 

displayed in Figure 6.11. 
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6.7 Application in Mobile Devices for Real-time Monitoring 

The sensor array combining with neural network model can be employed in mobile 

devices for real-time toxic gas monitoring. The implementation process can primarily be 

split into two phases. In the first phase, standard packages and libraries in higher-level 

languages are needed to be utilized to develop code for the filtering process of the raw 

data coming from the array sensors. Here, computational cost must be taken into 

consideration for implementing into a microcontroller core, which will require 

optimization of the code due to memory or processing speed limitations [187]. In this 

                              

Figure 6.11: Developed model of back-propagation neural network with relative connection 

weights among the nodes using data from array of six sensors for the prediction of four gases 

and their mixtures. 
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respect, principal component analysis (PCA) can be utilized for dimensionality reduction, 

and then data scaling is to be performed to increase the rate of convergence of the 

optimization algorithm implemented in the ANN [188].  

In the second phase, the developed code is required to be tested to run inside a 

microcontroller embedded inside an ASIC chip. It is better to use a blind test dataset to 

validate the initial implementation of the NN model on the sensor module and to assess 

the speed and memory requirement of the microcontroller. While using C++/Python have 

many advantages in the design phase of the NN algorithm including well documented 

library for Python and ease of implementation, there are few challenges in moving from 

these languages to microcontroller code. Python requires lot of memory for execution and 

uses fair amount of power consumption, which are limiting factors for microcontroller 

codes [189]. This is especially true when using popular packages such as numpy and 

scipy. Similarly, C++ is an object-oriented language and is dynamic by nature. It requires 

memory allocation and deallocation which is difficult for microcontrollers [190]. 
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Chapter 7: Back-Gate Field Effect Transistor (FET) Sensor 

   

 

 

In this work, TiO2 functionalized GaN nanowire-based back-gate FET device has been 

designed and implemented to address the well-known cross-sensitive nature of metal 

oxides. Even though a two terminal TiO2/GaN chemiresistor is highly sensitive to NO2, it 

suffers from lack of selectivity toward NO2 and SO2. Here, Si back-gate with C-AlGaN 

as the gate-dielectric has been demonstrated as a tunable parameter, which enhances 

discrimination of these cross-sensitive gases at room temperature (20 ᵒC). Compared to 

no bias, back-gate bias resulted in a significant 60% increase in NO2 response, whereas 

the increase is an insignificant 10% in SO2 response. The differential change in gas 

response has been explained in the light of band diagram, derived from the energetics of 

molecular models based on Density Functional Theory (DFT). The device geometries in 

this work are not optimized and are intended only for proving the concept.   

 

7.1 Fabrication of GaN NW based Back-Gate FET Device 

Here, GaN nanowires have been fabricated from the Si-doped GaN epilayer using the 

industry standard top-down fabrication technique in a class 100 cleanroom. They were 

formed on silicon substrate by industry standard stepper lithography assisted inductively 
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coupled plasma (ICP) etching of GaN/AlGaN epilayer grown on Si substrate. The 

nanowire-size was observed quite uniform having a length and width of ~10 µm and 

~400 nm, respectively. Then, ohmic metal contacts were formed on nanowire ends with a 

deposition sequence of Ti (40 nm)/Al (80 nm)/Ti (40 nm)/Au (40 nm) in a standard 

electron beam evaporator. SiO2 layer was deposited on the device by plasma-enhanced 

chemical vapor deposition (PECVD) to protect the nanowire and metal contacts from 

being damaged during high temperature processing and etching. Reactive ion etching 

(RIE) of SiO2 was employed to create an active area on GaN nanowire for metal-oxide 

functionalization. A thin layer (5-10 nm) of TiO2 nanoclusters were deposited on 

nanowire surface by RF magnetron sputtering followed by rapid thermal annealing 

(RTA). The fabrication details and process flow diagram of the nanowire-based two 

terminal device can be found in the previous papers. The C-doped AlGaN buffer layer 

formed in between GaN epilayer and Si substrate has been used as the gate dielectric here 

to develop a back-gate FET configuration (Figure 7.1). This dielectric layer was grown 

on top of 300 µm thick Si substrate. To the best of the knowledge of the author this is the 

first back-gate bias study using AlGaN as a gate dielectric in GaN nanostructured 

devices. Finally, the fabricated FET device was mounted and wire-bonded to a 24-pin 

ceramic dual in line package (DIP).  
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Figure 7.1: Fabricated TiO2/GaN nanowire FET sensor. FESEM image of the two-terminal 

TiO2/GaN device is shown on the top side.  

 

Figure 7.2: (a) IDS vs VGS plot for GaN nanowire-based FET device for a VDS of 1, 3 and 5V. 

(b) IDS vs VDS plot for GaN nanowire-based FET device with VGS varied from -30V to 30V at a 

step of 15V. All the measurements were done under UV light at room temperature (20 ℃). 
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7.2 Current-Voltage (I-V) Characterization  

All the current-voltage measurements of the FET device were performed by a National 

Instrument (NI) PXI SMU system under a LED UV light source having a wavelength of 

365 nm and output power of 470 mW/cm2. The FET sensor was placed in a custom 

designed gas chamber made of stainless steel for gas sensing data collection. A mixture 

of NO2 or SO2 gas and compressed breathing air was flowed into the sensing chamber 

and the net flow (air + gas) was maintained at 0.5 slpm. The device current response was 

collected by the NI PXI SMU system and converted to resistance value. Sensor response 

was calculated as (Rgas - Rair)/Rair, where Rgas and Rair are the resistances of the sensor in 

the presence of the gas–air mixture and in the presence of air, respectively. 

     

7.3 Sensing Characteristics of Cross-sensitive Gases 

The device properties of the fabricated GaN nanowires have been discussed in detail in 

the previous work [191]. Here, the nanowire depletion region thickness and consequently 

its’ resistance has been modulated by applying the back-gate bias voltage. Due to the 

thick dielectric layer and substrate used in this study, the fabricated FET requires a 

relatively high back-gate voltage, but it can be reduced by optimization of the thicknesses 

of AlGaN layer and Si substrate. 

Since Si doped GaN nanowire exhibits n-type behavior, the developed nanowire-based 

FET showed n-channel field-effect transistor characteristics operating in the depletion 
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mode. When a bias voltage is applied to Si back-gate, drain to source current is 

modulated within GaN nanowire. Figure 7.2(a) demonstrates the drain current behavior 

with respect to VGS varied from -30 V to +30 V at a step of 5 V. The drain to source 

voltage (VDS) was kept constant at 1, 3 and 5 V. Figure 7.2(b) shows the plot of IDS vs VDS 

for GaN nanowire FET device with VDS varied from 0 V to 10 V. The drain currents 

presented here are for back-gate (VGS) voltages of -30 V, -15 V, 0 V, 15 V and 30 V. The 

FET shows typical drain current saturation with knee voltage at about 5 V. The electron 

field effect mobility (µ) was calculated using the following equation:[192], [193] 

                                                                                 

where the transconductance, gm is the slope of IDS/VGS plot for a particular VDS, L and d 

are the length and width of the nanowire, respectively, tox is the gate dielectric thickness, 

Ɛ is the series permittivity of Si and AlGaN. Maximum gm derived from the plot was 0.07 

µA/V at a VDS of 5V, and the correponding mobility was calculated as 112 cm2 V-1 s-1, 

which is close to the Hall measurement value of 105 cm2 V-1 s-1.  

The gas sensing data was collected in dry air under UV light at room temperature (20 ᵒC). 

The device had been allowed to obtain a stable baseline signal by flowing dry air for 10 

mins before exposing to the analyte gas for 250 s. When gas flow was turned off, the 

sensor was kept for 10 mins for baseline recovery without any purging. The normalized 

resistance response of the TiO2/GaN nanowire-based sensor device when exposed to 10 

ppm of NO2 and SO2 gas are shown in Figure 7.3. Without any gate bias, the sensor acts 

as a two terminal resistor and exhibits similar response magnitude for the two target 

(7.1) 
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gases. It is clearly seen that on applying a positive gate bias of 30V, NO2 response was 

enhanced by almost a 60% increase, whereas SO2 response remains almost same with 

only a marginal 10% increase. Thus, selectivity of the FET sensor has been improved for 

NO2 gas due to lowering of cross-sensitive interference from SO2 gas. The change in 

sensor responses is mainly attributed to the modification of channel depletion region with 

gate bias voltage. In consequence, device fermi-energy level is shifted and charge transfer 

between gas and sensor surface is altered. For this study, a total five FET devices of the 

same type have been fabricated and a similar electrical and gas characterization was 

performed. It is observed that all of those back-gate FET sensors exhibited similar 

differential enhancement of responses toward the two analyte gases, indicating an 

insignificant device variability. 

 

 

 

 

Figure 7.3: Sensor response to 10 ppm of (a) NO2 and (b) SO2 with and without applying 

gate-bias voltage of 30 V under UV light in dry air at room temperature (20 ℃).  
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7.4 Analysis of Gas Selectivity Enhancement 

The gas sensing mechanism of TiO2/GaN nanowire-based device has been explained with 

the help of energy band diagram and charge transfer process between metal oxide and gas 

molecule. Charge transfer process between the metal oxide surface and gas molecules 

controls the level of chemical interaction between them. It is well known that direction 

 

Figure 7.4: Schematic representation of the energy band diagram showing energy barriers 

between TiO2/GaN nanocomposite and gas molecule. Here, ϕ, EC, EV and EF represent work 

function, conduction band, valence band and Fermi energy of TiO2/GaN, respectively, EVac 

denotes energy of vacuum level, and EF_EQ represents equilibrium state of the adsorption 

system. ELUMO and EHOMO indicate the orbital energies of gas molecules. 
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and value of charge transfer in the adsorption system depend on the work function of 

sensing material as well as the highest occupied molecular orbital (HOMO) and lowest 

unoccupied molecular orbital (LUMO) of the target gas. The charge transfer continues to 

take place until equilibrium Fermi energy is reached within the adsorption system. 

A schematic of the energy-band diagram showing the energy barrier between the TiO2/GaN 

system and the gas molecule is shown in Figure 7.4. Fermi energy of TiO2/GaN system 

and HOMO and LUMO of NO2 and SO2 used here are obtained from the previous study 

on molecular models of adsorption systems using first-principle calculations within DFT. 

Since energy gap between Fermi energy in TiO2/GaN and LUMO is much less than that 

of HOMO, electrons from the sensing surface prefer to move toward the LUMO of the 

gas molecule during adsorption. Here, the electrons are transferred from the metal oxide 

to the gas molecule by the process of quantum tunneling which can be described by a 

single step barrier concept [194]. It is well known that probability of charge transmission 

through the energy step increases exponentially with the decrease of barrier height [195]. 

Before applying gate bias, LUMO of NO2 was closer to TiO2/GaN Fermi level than 

LUMO of SO2. That means, the probability of electron transfer between sensor and gas 

becomes comparatively higher in the case of NO2 adsorption. This increased charge 

transfer amount, on applying gate bias, is reflected in the form of a significant gas 

response change as shown in Figure 7.3(a). Therefore, the TiO2/GaN FET sensor 

becomes strongly selective toward NO2 against interfering gases such as SO2, with gate 

bias being another tunable parameter. Fermi energy of two terminal TiO2/GaN device 

without gate-bias voltage, the HOMO and LUMO of NO2 and SO2 aligned to the vacuum 
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level, and the absolute value of energy differences between LUMO and Fermi energy (EF-

LUMO) and energy differences between HOMO and Fermi energy (EF-HOMO) are shown in 

Table 7.1. 

 

 

 

 

 

 

 

 

 

 

Table 7.1: Fermi energy, molecular frontier orbital energies and energy differences. 

EF-LUMO is the absolute value calculated by EF (device) – ELUMO (gas). EF-HOMO is the 

absolute value calculated by EF (device) – EHOMO (gas). 

Adsorption 

system 

Fermi 

energy (eV) 

LUMO (eV) HOMO (eV) EF-LUMO 

(eV) 

EF-HOMO 

(eV) 

TiO2/GaN -2.137 - - - - 

NO2 - -2.890 -8.612 0.753 6.475 

SO2 - -3.182 -7.015 1.045 4.878 

 



 

127 
 

 

Chapter 8: Device Reliability 

 

 

 

In this work, sensor die/process and packaging reliabilities of metal-oxide/GaN 

nanowire-based gas sensors have been studied for the first time, using industry standard 

accelerated lifetime tests, such as- High Temperature Operating Life, High Temperature 

Storage Life, Temperature Cycling Test and Highly Accelerated Stress Test. The metal-

oxide functionalization used for sensing ethanol exposure in this study is ZnO. For all the 

tests, sample ZnO/GaN devices have been exposed to 500 ppm of ethanol in dry air at 

room temperature (20 ℃) to observe and record the degradation of signal to noise ratio 

(SNR) as a function of stress time and number of thermal cycles. Although no complete 

device failure was observed in any of the performed tests, gas sensing response kept 

decreasing gradually due to increasing stress. The lowering of the sensor response is 

believed to be due to gradual phase transformation of the receptor ZnO and baseline 

resistance increase. The method for estimating failure rate and lifetime of sensor devices 

has been discussed in detail. Using statistical data from the performed accelerated stress 

tests, chi-square distribution has been implemented to predict the failure rate and lifetime 
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of GaN nanostructured sensor devices. The mean-time-to-failure (MTTF) of the stressed 

devices of this study is about 4 years. 

 

8.1 Method of Estimating Failure Rate 

Generally, two functions are used in the evaluation of reliability of semiconductor sensor 

devices. They are probability density function (pdf) of failure f(t) and failure rate (t). The 

f(t) denotes the probability of a device failing in the time interval dt at time t. It is related 

to the Cumulative Distribution Function (CDF), F(t), as f(t) = dF(t)/dt. On the other hand, 

failure rate (t) is defined as the instantaneous failure rate of a device having survived to 

time t. 

The bathtub curve depicted in Figure 8.1 describes the relative variation of the failure rate 

of the entire population of sensor devices over time. Typically, there are three different 

failure regions in a sensor device lifetime as illustrated in the failure rate curve. Firstly, 

early failure rate emerges from the wafer processing defects (crystal defects, dust) that 

make the device inherently defective from the start and likely to fail on applying mild 

environmental stress. Some devices may fail at relatively early stage due to the presence 

of defects in the metal oxide material, fragile wire bond pad, processing errors etc. In order 

to address these early failures, a screening method called “burn-in” is carried out where a 

short time stress is applied before shipping to eliminate devices containing early defects 

[196]. Secondly, random failures occur during the useful lifetime of the device which 

remains almost constant over time. Most of the sensors are expected to last longer with a 
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constant failure rate represented by the bottom of the bathtub. In this area, a failure might 

be caused by an operational constraint of the sensors being violated, for instance, extreme 

humidity and temperature conditions or voltage excursions. Also, devices may fail after a 

long period because of relatively insignificant early defects. Lastly, device wear-out 

failures arise from the durability of the constituent semiconductor materials. The increasing 

failure rate is mainly due to the fatigue of the metal oxide or semiconductor material or the 

end of the lifecycle of the LED or other components present inside the chip [197]. The 

wear-out failure rate increases with time until all the devices gradually fail or exhibit 

characteristic defects. Sensor device lifetime can be estimated by the time at which the 

cumulative wear-out failure rate reaches a defined threshold value. Here, the method for 

estimating operating life failure rate of GaN nanowire-based devices has been discussed in 

detail. 

The operating life failure rate can be computed by dividing the number of device failures 

by the device operational hours, expressed as failures per billion device hours (FITs). In 

this case, a fraction of total sample devices is tested to obtain the failure rate. It is well 

known that it is necessary to make use of specific probability distribution to determine 

the unknown population parameter from known sample statistics [198]. The chi-square 

distribution (2) relates observed and expected frequencies of an event, which can be 

employed to determine the unknown sample parameter from known sample statistics. The 

failure rate at stress conditions is related with the chi-square distribution by the equation 

given below [199]:  
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                                                                  𝑠𝑡𝑟𝑒𝑠𝑠 =
2 (,n)

2𝑡
                                     (8.1) 

where, stress = failure rate at stress conditions, 2 = chi-square function,  = confidence 

level, n = degree of freedom = 2(r + 1), r = number of failures, and t = device-hours. Device-

hours are defined as the product of the number of devices that are stress tested and the 

duration of the stress test. In this work, failure limit of the sensor device has been defined 

as the degradation of signal to noise ratio (SNR) by more than 50% of its initial value. 

There is a gradual degradation in SNR of sensor devices without accelerated stresses. Also, 

it was observed previously that sensor output signal can be well distinguished up to a decay 

of half of its initial response. Therefore, SNR degradation of 50% has been set as a 

reasonable criterion for the sensor failure. 

Here, all the device reliability tests have been performed under accelerated stress 

conditions. The acceleration factors of different stresses can be calculated in the following 

ways [200]–[203]: 

(ⅰ) Thermal Acceleration Factor  

Acceleration factor for thermal stress is calculated using the Arrhenius equation:  

                                      𝐴𝐹𝑡 = 𝑒
[
𝐸𝑎
𝑘

(
1

273+𝑇𝑢𝑠𝑒
 − 

1

273+𝑇𝑠𝑡𝑟𝑒𝑠𝑠
)]

                           (8.2)                          

where, AFt = thermal acceleration factor, Ea = activation energy in electron Volts (eV) = 

0.28 eV (ZnO), k = Boltzmann’s constant= 8.6 x 10-5 eV/K, Tuse = junction temperature 

at normal use condition in C = 20 ℃ (in this case), and Tstress = the stress temperature in 

C. 
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(ⅱ) Temperature Cycling Acceleration Factor 

The acceleration factor can be estimated by: 

                                       𝐴𝐹𝑡𝑐 = (
𝑇𝑚𝑎𝑥,𝑠𝑡𝑟𝑒𝑠𝑠−𝑇𝑚𝑖𝑛,𝑠𝑡𝑟𝑒𝑠𝑠

𝑇𝑚𝑎𝑥,𝑢𝑠𝑒−𝑇𝑚𝑖𝑛,𝑢𝑠𝑒
)𝑛                             (8.3)                 

where, Tmax, stress = high temperature in cycling stress, Tmin, stress = low temperature in cycling 

stress, Tmax, use = high temperature in field application, usually 70C, Tmin, use = low 

temperature in field application, usually 0C, n = experimentally determined exponent, 

usually n = 4 for Au, which is used here as an electric connector between device bond pad 

and packaging pins. 

(ⅲ) Voltage Acceleration Factor 

The acceleration factor due to voltage stress, AFv can be derived from Eyring model as: 

                                      𝐴𝐹𝑣 = 𝑒𝛾(𝑉𝑠𝑡𝑟𝑒𝑠𝑠 − 𝑉𝑢𝑠𝑒)                                           (8.4)                      

where, AFv = voltage acceleration factor, = constant= 3 V-1 (for GaN), Vstress = stress 

voltage and Vuse = nominal operating voltage = 5 V (in this case). 

(ⅳ) Humidity Acceleration Factor 

For humidity acceleration test, the acceleration factor (AFh) can be estimated by: 

                                     𝐴𝐹ℎ = (
𝑅𝐻𝑠𝑡𝑟𝑒𝑠𝑠

𝑅𝐻𝑢𝑠𝑒
)𝑚                                                  (8.5)                                 

where, RHstress = relative humidity in stress, RHuse = nominal working relative humidity= 

30% (here) and m = experimentally determined exponent, usually m = 3 for Au, which is 

used here as an electric connector between device bond pad and packaging pins. 
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The mean-time-to-failure (MTTF) is defined as the average time-to-failure for a population 

of devices operating at the required function, under the specified conditions for a stated 

period. It can be represented by: 

                                    𝑀𝑇𝑇𝐹 = ∫ 𝑡𝑓(𝑡)𝑑𝑡
∞

0
                                            (8.6)                    

For the case of constant failure rate ((t) = constant), R(t) = exp(-t). R(t) is the probability 

that a device will perform a defined function without failure under stated conditions for a 

stated length of time. F(t) = 1 – exp(-t) and f(t) = dF(t)/dt =  exp (-t), therefore, 

                                        𝑀𝑇𝑇𝐹 =
1

𝑡𝑜𝑡𝑎𝑙
                                                  (8.7)                

where the point estimate of the failure rate at operating conditions is calculated as: 

                                  𝑡𝑜𝑡𝑎𝑙 =
𝑠𝑡𝑟𝑒𝑠𝑠

𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝐹𝑎𝑐𝑡𝑜𝑟𝑠
                                    (8.8)                 
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Figure 8.2: ZnO/GaN sensor chips with their data collection set-up within gas 

chamber. 

 

                                      

Figure 8.1: The bathtub curve showing the relative variation of failure rate of the 

sensor devices over time. 
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8.2 Accelerated Stress Tests for Metal-oxide/GaN Nanostructured 

Sensors 

Typically, accelerated stress tests are performed on fabricated semiconductor devices to 

accelerate common failure modes including parametric shifts, high leakage, catastrophic 

Table 8.1: The performed accelerated device reliability tests and their test condition 

specifications.  

Accelerated Stress Test Test Conditions 

Die/Process Reliability Tests  

High Temperature Operating Life (HTOL) Tstress = 120 ℃, Vstress = 5.5 V (1.1x Vbias), 30 

days 

Ref: JEDEC 22-A-A108 

High Temperature Storage Life (HTSL) Tstress = 150 ℃, Unbiased, 2400 hrs. 

Ref: JESD22-A103 

Package Reliability Tests  

Temperature Cycling Test (TCT) Tmax,stress = 180 ℃, Tmin,stress = -60 ℃, 500 

cycles; Duration of each cycle 25 minutes, 

including transition time; 

Ref: JEDEC 22-B-A104 

Highly Accelerated Stress Test (HAST) TSTRESS = 130 ℃, 85% RH, Vstress = 5.5 V 

(1.1x Vbias), 96 hrs.; Ref: JEDEC 22A110 
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failure etc. [204]. The device reliability tests can be divided into two parts, (1) Die/Process 

Reliability Tests and (2) Package Reliability Tests. The accelerated device reliability tests 

performed here are listed in Table 8.1 with their test conditions in detail. These tests and 

their specifications have been chosen from JEDEC Standard, which have been universally 

used throughout the semiconductor industry [205]–[207].  

The purpose of high temperature operating life (HTOL) test is to accelerate failure 

mechanisms that are activated by temperature while under bias voltage. It simulates the 

device operating condition in an accelerated way in order to predict the long-term failure 

rate. High temperature storage life (HTSL) test is performed to assess the endurance of a 

device when exposed to a high temperature for a long time period. With the help of this 

 

Figure 8.3: (a) SNR responses of the sample ZnO/GaN devices for 500 ppm of ethanol in dry 

air at 20 ℃ over 30 days due to HTOL test. (b) Comparison of SNR response of the devices 

before and after applying the HTOL stress for 30 days. 
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test, thermally activated failure mechanisms of the semiconductor device can be exposed. 

The purpose of temperature cycling test (TCT) is to evaluate the ability of the device to 

withstand both exposure to extreme temperatures and transitions between temperature 

extremes. This testing also exposes excessive thermal mismatch between materials. It can 

cause package cracking, passivation or metal de-lamination and cratering of the die, thus 

degrades electrical performance of the stressed device. Highly accelerated stress test 

(HAST) evaluates the reliability of non-hermetic packaged semiconductor devices in 

humid environments where temperature, humidity, and bias voltage accelerate the 

penetration of moisture. The trapped moisture facilitates electrolytic mechanism in  

 

 

 

 

Figure 8.4: (a) SNR responses of the sample ZnO/GaN devices for 500 ppm of ethanol in dry 

air at 20 ℃ over 40 days of HTSL test. (b) Comparison of SNR changes of the sample devices 

at 100 ℃ and 150 ℃ of HTSL stress for 40 days. 
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presence of the applied bias, which causes metal corrosion and affects I-V characteristics 

of the device.  

The main equipment used for these tests is a Tenny BTRC temperature and humidity test 

chamber. This chamber can simulate a wide range of temperature (-70 ℃ to 200 ℃) and 

humidity conditions (10% to 95% of RH). The workspace within the chamber is fully 

insulated with a combination of fiberglass and polyurethane that optimizes the insulating 

characteristics of each material. Temperature and humidity set conditions are controlled by 

a bidirectional PID controller with a resolution of 0.1 ℃ and 1% RH, respectively. Air 

heating is provided by electric heaters isolated from the workspace, preventing direct 

radiation to the test device. The hermetic refrigeration system of the chamber operates on 

non-CFC refrigerants with LN2 cooling boost.  

Sensor responses were calculated in the form of signal to noise ratio (SNR), expressed in 

decibel (dB). The noise was obtained by evaluating the standard deviation of the raw 

sensor response. 

From a batch of 50 fabricated devices, a sample population of 20 devices were taken for 

the accelerated stress tests (five devices for each test). Before applying the stress 

conditions, reference SNR responses of the sample ZnO/GaN devices have been recorded 

by exposing to 500 ppm of ethanol in dry air at room temperature (20 ᵒC). Then, the 

accelerated stress tests as mentioned in Table 8.1 have been performed on those sample  
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devices and device responses have been measured at regular intervals. Catastrophic 

failure has not been observed in terms of gas sensing for the stressed devices except 

response degradation.  

 

8.2.1 Die/Process Reliability Tests 

Figure 8.3 shows the gradual SNR changes of the sensor devices due to HTOL test. It is 

observed that all devices are working with a maximum SNR degradation of 12.3 dB after 

applying the HTOL stress for 30 days. The fluctuation in SNR from sample to sample is 

attributed to the base-resistance fluctuation among sensor devices due to process 

 

Figure 8.5: (a) Variation of SNR responses of the ZnO/GaN devices with the number of 

thermal cycles applied in TCT test for 500 ppm of ethanol in dry air at 20 ℃. (b) Comparison 

of SNR of the ZnO/GaN devices before and after applying HAST stress. 
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variations. The difference in initial SNR does not impact on measured accelerated 

lifetimes and in turn predicted MTTF. Because the failure criteria are based on the 

percentage change of output SNR. Figure 8.4 illustrates the SNR degradations of the 

devices due to HTSL test. It is seen that all the sensors kept operating with a maximum 

SNR degradation of 8.6 dB at the end of 40 days of the HTSL stress. 

 

 

 

 

 

 

 

Table 8.2: Accelerated stress tests results summary and failure rate calculations. 

Accelerated 

Stress Test 

Acceleration 

Factors 

Stress time Number of 

failures/Degree 

of freedom 

2 for 90% 

confidence 

level  

Failure rate 

HTOL AFt = 18.9 

AFv = 4.8 

720 hrs 0/2 4.605 2 x 10-4 day-1 

HTSL AFt = 30.2 2400 hrs. 0/2 4.605 7.6 x 10-5 day-1 

TCT AFtc = 8493 500 cycles  

(dwell time=10 

min, temp. 

transition time 

=15 min) 

0/2 4.605 1.3 x 10-5 day-1 

HAST AFt = 21.7 

AFh = 40 

AFv = 4.8 

 

96 hrs 

0/2 4.605 4.2 x10-4 day-1 
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8.2.2 Package Reliability Tests 

Figure 8.5(a) plots the change in device SNR with the number of thermal cycles applied 

in TCT test. It is found that metal lids of LCC packages came off for all test devices due 

to enduring abrupt temperature changes. However, all the stressed devices were still 

working fine with a maximum SNR degradation of 5.8 dB. The effect of the HAST 

experiment is presented in Figure 8.5(b). No failure mechanism has been observed on the 

device package due to the applied stress. All devices responses remain almost unaffected 

with a maximum SNR degradation of 2 dB. Therefore, the fabricated device materials are 

found robust against a continuous exposure to high humidity.  

The gradual degradation in ethanol exposure responses in all the stress tests is mainly 

attributed to the increase of sensor’s base resistance and gradual phase transformation of 

receptor ZnO due to applied stresses [208]. All the accelerating factor calculations, test 

results and corresponding failure rate calculations using chi-square distribution are 

summarized in Table 8.2. 
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8.3 Statistical Reliability Analysis 

8.3.1 Estimation of Sensor Failure rate 

By combining the failure rates (described in Section 8.1) computed from the stress test 

results as presented in Table 8.2, total failure rate and lifetime of the device can be 

estimated. Die/Process failure rate (die) can be calculated as: die = HTSL + HTOL = 2 x 

10-4 + 7.6 x 10-5 = 2.76 x10-4 day-1. And package failure rate (package) can be calculated 

as: package = TCT + UHAST = 1.3 x10-5 + 4.2 x10-4 = 4.33 x10-4 day-1. Therefore, total 

failure rate of devices (total) can be predicted by combining the die and package failure 

rates, total = die + package = 7.09 x10-4 day-1. 

 

8.3.1 Estimation of Sensor Lifetime 

    Lifetime of the sensor device can be estimated by calculating mean-time-to-failure 

(MTTF) of the stressed devices using equations (7) and (8), where MTTF = 1/ total = 3.87 

years. Here, MTTF computation assumes a constant failure rate, meaning all the sensor 

devices have the same chance of failure when subjected to the same extreme 

environmental conditions. The estimation of device lifetime is largely influenced by the 

size of sample devices in stress tests and can be assumed minimum in this case. Taking a 

larger set of sample device would facilitate to obtain a longer statistical device lifetime. 
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Chapter 9: Conclusions and Future Work 

 

 

 

9.1 Conclusions 

Research and development of chemical sensor devices continue to be faced with 

numerous challenges in terms of sensitivity, selectivity, promptness of response, 

robustness, and many other aspects. Semiconducting GaN is one of the promising 

materials which has been exploited to address those short comings in sensing 

applications. Innovativeness of this research stems from photo-enabled sensor 

architecture using nano-engineered semiconducting GaN micro-resistors functionalized 

with nanoclusters of metal/metal-oxides. Metal/metal-oxide based gas detection suffers 

from inevitable cross-sensitivity against the interferant gases. Improving the gas 

discrimination by using an array of sensors having different characteristics has been 

considered as a potential solution to this problem. 

The efforts of this work in completion of this dissertation are summarized below: 

1. Highly selective and sensitive NO2 gas sensor has been demonstrated using GaN 

submicron-wire decorated with TiO2 nanoclusters. The GaN/TiO2 sensor was able to 

detect NO2 concentration as low as 10 ppb in air at room temperature with reasonable 



 

143 
 

response-recovery process. The sensor showed high stability and excellent reproducibility 

toward the analyte gas exposures. The nanoengineered surface modification applied here 

is unique compared to traditional commercially available metal oxide sensors, as those 

need to be heated to remove the stable adsorbed oxygen and water from the defect sites, 

resulting in high-power requirement. The nano photo-catalyst can be activated using low-

power UV LEDs, leading to significant reduction in operating power. Due to the use of 

inert wide-bandgap semiconductor and metal oxide, the environmental impact of these 

sensors during their life cycles is minimal. 

2. The fabrication and characterization of metal oxide functionalized GaN nanowire on Si 

substrate has been reported using production standard stepper lithography for SO2 gas 

detection. Three different functionalized devices, such as- ZnO/GaN, WO3/GaN and 

SnO2/GaN were prepared and their composition, crystallinity, surface topography and 

morphology were thoroughly examined. The gas sensing data was obtained and analyzed 

for all three sensors, and ZnO/GaN was appeared as the ideal sensor for high 

performance SO2 sensing. The additional sensing properties of ZnO/GaN device such as- 

adsorption and desorption rate, cross-sensitivity to interfering gases, and long-term 

stability at extreme environmental conditions were investigated to confirm its 

implementation in field conditions. Using the energy band diagram, SO2 gas sensing 

mechanism on the metal-oxide/GaN was explained in detail. Results indicate that 

ZnO/GaN sensor is a promising candidate for high performance SO2 sensing in real-

world applications. 
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3. The metal-oxide functionalized GaN in contact with NO2 and SO2 molecule was 

designed and geometrically optimized. Simulation results indicated that TiO2 and ZnO 

functionalization enabled the most energy favorable surface for NO2 and SO2 adsorption, 

respectively. In addition, the electronic properties of these oxide functionalized GaN have 

been studied in terms of the total density of states (TDOS) and projected density of states 

(PDOS), indicating an excellent agreement with the experimental measurements. 

Furthermore, the effect of environmental humidity on the adsorbate-nanocomposite 

interaction has been simulated and studied. Overall, the metal oxide functionalization 

significantly enhances the performance of GaN gas sensors and selecting an appropriate 

oxide will optimize the detection. 

4. The development of sensor array having eight different metal/metal-oxide 

functionalized GaN nanowires made by industry standard top- down fabrication approach 

is presented. For the detection of NO2, ethanol, SO2, H2, H2O and O2 gases, receptor layer 

combinations such as- Pt, Cu and Ag decorated TiO2 and ZnO have been obtained from 

the prior DFT simulation study. All the gas response data were collected for single and 

mixture of gases under UV light at room temperature. PCA study was performed on the 

array response and results show that gas clusters exhibit clear separations among them. 

Next, machine learning algorithms such as- DT, SVM, NB (kernel) and k-NN were 

trained and optimized using their important parameters to screen out the optimal 

algorithm. Results indicate that SVM and NB classifier models exhibited 100% 

classification accuracy on the test dataset. In addition, the developed array device 
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consumes very low power because of UV assisted sensing as compared to commercially 

available metal-oxide sensors. 

5. The gas mixture detection of a sensor array consisting of six metal-oxide/metal coated 

GaN nanowires is demonstrated. In order to detect SO2, NO2, ethanol and H2 their 

mixtures, six functionalizing combinations such as Ag and Pt deposited ZnO, TiO2 and 

In2O3 were acquired from previous DFT study. Four different neural network algorithms 

were analyzed and trained to reveal the best performing model. The analysis outcome 

stipulates that back-propagation neural network algorithm exhibits excellent classification 

performance (97%) for the mentioned target gas mixtures with less computation time. In 

addition, the developed model was further trained to predict the ppm concentration of the 

gases with high accuracy. 

6. GaN nanowire-based back-gate FET sensor device has been employed to address the 

cross-sensitivity among interfering gases NO2 and SO2. By applying a back-gate-bias 

voltage to the Si substrate of two terminal TiO2/GaN sensor, selectivity toward NO2 has 

been enhanced. It is found that NO2 response has been improved by 60% as compared to 

an insignificant 10% increase in the SO2 response, after applying the back-gate bias. The 

differential gas response due to back-gate-bias has been discussed with the help of energy 

band diagram and charge transfer process derived from the DFT energy calculation of 

molecular model.  

7. In the device reliability study, two types of accelerated lifetime tests, sensor die test 

and device packaging reliability test, have been performed on ZnO/GaN nanowire-based 
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sensor devices. The JEDEC industrial standard accelerated stress tests, such as- HTOL, 

HTSL, TCT and HAST, were conducted. The ethanol exposure responses from the 

stressed samples were recorded at regular intervals during the accelerated stress tests. No 

device failure was found in the performed stress tests except some minor packaging 

failure. However, ethanol sensing responses were degraded in terms of SNR with the 

increase of stress amount. Furthermore, estimation process of reliability indicators of the 

sensor device has been described. Statistical analysis was used to predict the failure rate 

and lifetime of the metal-oxide/GaN nanostructured sensor devices. Total failure rate 

combining the die and package failure rates was found as 7.09 x10-4 day-1. The mean-

time-to-failure (MTTF) of the sensor devices of this study was estimated as 4 years 

approximately.  

 

9.2 Applications  

The GaN nanowire-based singular/array gas sensors devices can be used for: 

(a) Industrial Environmental Monitoring: Several manufacturing processes generate 

waste gases or have potential leakage of gases, which are harmful for humans and other 

biological matter. These gases should be quickly detected and contained. Sensors can also 

be installed on petroleum transmission pipelines and natural gas pipelines for real time 

monitoring of leakages, spills or thefts. 
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(b) Indoor Environmental Monitoring: Sensors are needed at places such as laboratories, 

hospitals, schools, and homes for sensing natural gas leaks, CO and many other harmful 

gases. The indoor air quality will directly affect the people inside. 

(c) Space Applications: There is so much interest in searching for ‘biosignature’ gases 

like ammonia, nitrous oxide, and oxygen because such gases can only be made from past 

or present organisms. In other words, they are the clues that a living being is living or has 

lived on that planet. These biosignature gases might make up only a tiny portion of total 

gases in a planet’s atmosphere. Highly sensitive sensor arrays are excellent candidates for 

detecting and measuring concentrations of gases in the atmospheres of other planets.  

(d) Hazard Detection and Avoidance: For security check at airports, train stations, ship 

yards one can use the explosives detecting compound sensors to improve screening 

efficiency and accuracy. 

(e) Defense: Instead of heat detection and infrared decoy projectile, explosive detection 

can be used to increase the target accuracy and hit rate of missiles intended for destroying 

explosives storage warehouses of the enemy.  Explosives detecting sensors are of great 

use for this application. 
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9.3 Future Work 

There is a scope for improvement in some of the performance indices of the sensor 

devices presented in this work by further investigation of other metal oxide and metal 

nanoclusters. At the same time, the database required for gas sensing using machine 

learning algorithms need to be enhanced. Other important aspects to be considered for 

future work on these sensor devices include: 

(a) These low-power, robust and small form-factor sensors need to be integrated into 

embedded-chip or plug-in module of the smart phones for citizens and soldiers to acquire 

real-time environmental information. 

(b) Although measurements for the response of the sensor towards humidity variations 

have been performed, a more extensive study under various extreme environmental 

conditions for a long period will be useful to make it a more reliable sensor device. It 

means real time field study needs to be performed. 

(c) Further optimization of the device fabrication process steps is required to achieve 

lower cost and consistent sensor performance. 

(d) The developed sensor devices should be tested against alpha, beta, and similar rays to 

verify its prospect for utilizing as a reliable and stable space sensor. 

(e) Investigation on the effect of oxide quality on sensing behavior could be a useful 

study to perform. The comparative research for oxygen deficient vs. oxygen rich 
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environment will shine more light in the way of getting highly sensitive and selective 

sensors in harsh environments. 
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