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Abstract - This study presents an IoT-enabled memristor-based nano-ionic system with its ZnO device to detect the vehicle 

terrain variations. An ADXL335 accelerometer is utilized to show driving dynamics, capture real-time motion data, and senses 

three perpendicular movements along X, Y, and Z axes. Under changing conditions, the electrical behaviour of the proposed 

memristor model can be analyzed by applying the measured signals. With precise timing information, the sensor data can be 

acquired and even stored by employing an ESP32 microcontroller, and so accurate analyses can be observed at a later stage. 

During the observations, the acceleration and deceleration patterns are reflected by the X-axis, while the Y-axis indicates side-

to-side motion, and vertical displacements are recorded by the Z-axis owing to surface unevenness. The collected data is stored 

on a microSD card and subsequently used to evaluate the memristor model performance. The bipolar resistive switching 

behaviour is demonstrated by the ZnO-based Memristor, which is caused by the migration of oxygen vacancies, enabling the 

transition between high resistance and low resistance states through SET and RESET operations. On this basis, for each axis, 

approximately 6000 data samples were recorded, and for a detailed study, 500 samples per axis were chosen as representative 

points. Consistent hysteresis in conduction behaviour is produced by distinct variation in resistance led by changes in terrain 

conditions, and the characteristic here provides an effective difference between uneven, smooth, and rough road surfaces. 

Moreover, the Memristor, with its nonvolatile Nature, can retain electrical values associated with specific terrains, and the 

findings suggest that the IoT-based vehicle monitoring systems can be effectively integrated with this approach, offering 

improved durability, data retention, and performance for advanced intelligent transport applications. 

Keywords - Accelerometer Sensor, EV Monitoring, Filamentary Current, Nano Ionic Memristor, Resistive Switching, ZnO 

Conduction. 

1. Introduction  
Intelligent Transportation Systems (ITS) are essential to 

improve vehicle safety and operational effectiveness in today's 

technological environment. In this context, the use of Internet 

of Things (IoT) technology has been prompted based on 

sensors to enable sophisticated monitoring and control 

systems in automobiles. The development of autonomous 

driving and driver-assistance technologies has benefited 

greatly from these developments. Accelerometers have 

become one of the most affordable and dependable sensors for 

analyzing driving patterns, identifying vehicle maneuvers, and 

evaluating the state of the road surface. They are ideal for 

contemporary applications due to their high sampling rate, low 

power consumption, and simplicity of integration with 

microcontrollers and IoT platforms. Additionally, the 

significance of connected vehicle technology in real-time data 

analytics has grown, allowing for ongoing monitoring of road 

conditions and driver behavior. 

Theorized as the “missing” fourth fundamental circuit 

element in 1971 by Leon Chua, the Memristor was first 

physically fabricated by HP Labs in 2008 as a state-dependent 

resistive switching device [1, 2]. The analog resistive tuning 

feature of Memristor can be implemented to obtain clearer 

data on driving patterns and road surface monitoring. The 

continuous resistance modulation makes it ideal for real-time 

event detection and adaptive control loops. The Ag/ZnO/FTO 

heterostructure is a highly suitable platform for memristive 

and neuromorphic devices due to its intrinsic electrochemical 

and interfacial advantages. ZnO provides a wide bandgap [3], 
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high defect tenability, and a stable oxide matrix that supports 

controlled oxygen vacancy and Ag⁺ ion migration, and it 

exhibits stable bipolar switching. Compared with 

conventional TiO₂-, HfO₂-, and ITO-based memristors 

reported by Tominov et al. [4], Ag/ZnO/FTO devices exhibit 

lower forming voltage, stronger filament controllability, and 

superior switching uniformity [5-8]. In this work, we have 

used the proposed fabricated device and MATLAB-based 

simulation model, which mimics the characteristics of the 

actual memristor device. 

Table 1. Brief literature survey of related studies 

Sl.No. Author Contribution Reference 

1 
Jachimczyk et 

al. 
Real-time data collection of driving style using a multi-axis accelerometer [9] 

2 
Cervantes-

Villanueva et al. 

Vehicle maneuvering like Hard Braking, Rapid Acceleration, and Rash driving 

sensing. Road surface identification using the vibration Pattern from vertical axis 

data from the sensor. 

[10] 

3 Surblys et al. 
Road type(Asphalt, Cobblestone, damaged road) identification from the vertical 

axis vibration pattern 
[11] 

4 

Khaleghian et 

al. 

Ward et al. 

Different terrains generate unique vibration patterns obtained from Accelerometer 

and implementing them into an intelligent transportation and monitoring system. 

[12] 

[13] 

5 Lee et al. 
Framework utilises the smartphone's builtin Accelerometer and camera as the 

primary sensing element to detect and collect direct data. 
[14] 

6 
Xu et al. 

Zhao, W. et al. 

compared Accelerometer in smartphones and the embedded system-based sensor 

in the vehicle monitoring system 

[15] 

[16] 

7 Egaji et al. 
Machine-Learning models, including Random Forest and k-Nearest Neighbours to 

identify various vibration patterns to identify road conditions. 
[17] 

8 Silva et al. 
proposed a product "TripMD" to identify various recurring patterns from time-

series Accelerometer data using the motif detection technique. 
[18] 

9 
Strączkiewicz et 

al. 

analyse continous sensor data stream collected through IoT infrastructure to 

identify driving patterns in real-time. 
[19] 

10 
Joubert et.al. 

Phan et al. 

Driver-state evaluation to detect drowsiness and monitoring behavioural patterns 

through Accelerometer. 

[20] 

[21] 

11 Qin et al. 

IoT IoT-based multi-sensor approach using Accelerometer, gyroscope, and 

contextual variables to identify driving patterns, focusing on reliability and 

robustness 

[22] 

12 Tang et al. 
Use the smartphone's built-in Accelerometer to capture motion signatures and 

identify the features to categorise transportation modes. 
[23] 

13 
Du et al. 

Kotha et al. 

Smartphone based sensor used to identify potholes and Road-Bumps from the data 

collected using Gaussian background feature extraction and the k-nearest 

neighbour classifier 

[24] 

[25] 

14 Ozoglu et al. 
A CNN-based approach to classify potholes and manholes from vibration data 

collected from a smartphone. 
[26] 

15 

Kim, Y. M. et 

al. 

Kusakunniran et 

al. 

Kim et al. 

Automated data collection and CNN-based classification to identify different 

vibration patterns with respect to speed for the same defect on the road. 

[27] 

[28] 

[29] 

16 
Meocci et al. 

Yu et al. 

Vehicle parameter correction with respect to realtime data collected for roughness 

and road anomaly  at variable speed. 

[30] 

[31] 

17 
Zhang, Z. et al. 

Guerra et.al. 

hybrid system using a smartphone and a multi-vehicle approach to estimate 

roughness indices at variable speed. 

[32] 

[33] 

18 Raslan et al. 

Integrating multiple algorithms for pattern recognition in vibration data has 

emerged as a highly effective approach utilizing wavelet, time-domain, and 

spectrogram-based features to classify potholes, speed bumps, and pavement types 

[34] 

19 Surblys et al. 

Comparative analyses indicate that CNNs, conventional classifiers, and hybrid 

techniques such as RMS/PSD combined with RF or CNN demonstrate strong 

robustness and deliver reliable performance even in noisy environments. Utilising 

[35] 
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crowdsourcing or large-scale studies is a smart approach to monitor the defects on 

road. 

20 

Alam, M. Y. et 

al. 

Martinez-Ríos et 

al. 

Aleadelat et.al. 

Accelerometer and GPS streams used to process the information using a clustering 

technique and produce accurate localized defects that match localised ground 

defects. Used vibration-based techniques and concluded that crowdsourcing 

provides a cost-effective mechanism to monitor large urban area quickly and 

accurately. 

[36] 

[37] 

[38] 

Further, it is evident that real-time based monitoring has 

the accelerometer-based terrain and driving pattern 

monitoring from scattered implementation towards a 

multimodal approach where coherent validation plays an 

important role. Many focus points have been identified, such 

as: (a) the need of pre-processing to pay for speed and 

increased vehicle dynamics, (b) lightweight Deep Learning to 

compensate for noisy vibrations, (c) crowdsourcing to meet 

the scale of coverage, (d) utilizing edge/cloud processing for 

real-time response. It can be concluded from the above study 

that the use of an accelerometer to monitor makes a system 

scientifically sound and operationally possible framework to 

implement for smart-city road maintenance, fleet deployment, 

and adaptive vehicle systems.  In this work, for the first time, 

we have proposed the implementation of an IoT augmented 

nano ionic memristor model based on ZnO into terrain 

identification in vehicles.  

2. Methodology 
Recently, the transportation system is a crucial 

component of the developing society. Any kind of 

abnormality would result in disruption. The primary objective 

of this work is to monitor key operational parameters and 

assess the driver’s behavior continuously in real-time. The 

obtained data is fed to a memristor model, and observe the 

output and identify the driver behavior from the modelled 

data.  

To observe, collect, and analyze these objectives, a 

system was designed and developed around the ESP32 

WROOM-32D microcontroller board. It has got sufficient 

computational capabilities to collect the data from various 

sensors and store them for our further applications.  

In order to monitor the acceleration and braking behavior 

of the driver, the ADXL335 analog 3-axis accelerometer is 

used, while temporal correlation of events was achieved by 

integrating an RTC (Real-time clock) DS1307 for accurate 

timestamping of the recorded data. Continuous storage of data 

was facilitated by a micro-SD card module loaded with an 

8GB memory card. The complete system hardware and 

configuration are clearly illustrated in Figure 1. 

POWER SUPPLY
Data Storage

SD Card and Module

Real Time Clock

DS1307

Sensor

(ADXL335)

Micro Controller

ESP32D
SPI Protocol

MOSFET Regulated Power

Analog GPIO

SPI Protocol

MATLAB Model for ZnO 

based Memristor

Hardware Section

Software Section

 
 Fig. 1 Block diagram of the designed system illustrates the dependencies and role in the design 

In the current analysis, the power supply unit is designed 

to provide stable, regulated power, which is vital for optimal 

system operation. It provides uninterrupted power to the 

ESP32 except when turned OFF intentionally while not in 

operation. The power is properly regulated to minimize any 

noise and power fluctuations to the Microcontroller, Sensor, 

and the peripheral Modules. The MOSFET-based regulator 

employed in the system enhances stability, measuring 
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accuracy, and the corruption of data during storage. This 

makes the system suitable for continuous monitoring in all 

physical conditions. The ESP32 serves as the brain of the 

system, i.e., it processes the instructions strictly to serve the 

purpose. It is the primary unit responsible for the efficient 

operation of the integrated sensing and data logging 

functionalities within a low-power platform. Its architecture is 

dual-core, and extensive peripheral support makes it an 

efficient component for real-time data acquisition. It is 

equipped with built-in communication interfaces that facilitate 

the use of various sensors to the optimum capacity and enables 

future upgradation and integration. 

In this regard, the ADXL335 triaxial accelerometer 

sensor is the core sensing component for the detection of 

acceleration, braking, and lateral movements. The variation in 

sensor reading corresponds to the change in velocity of the 

vehicle and the change in lateral direction. The data captured 

can be interpreted based on polarity, i.e., a positive value 

represents acceleration, while a negative value indicates 

braking. The data acquired along the 3 orthogonal axes 

represent: x-axis records the longitudinal motion (acceleration 

and braking), y-axis records the Lateral movement (Left and 

Right turning), and z-axis records the vertical motions (humps 

and bumps), surface irregularities in the road. Temporal 

correlation of sensor data is ensured by using an RTC module 

(DS1307) in the system. The RTC operates independently as 

it gets its power through an external battery, which enables it 

to maintain precise date and time even when the vehicle is in 

a power-down state. Whenever the ESP32 microcontroller is 

powered on, the system initializes and synchronizes with the 

RTC, and after which all the sensor data is time-stamped and 

recorded in a proper and systematic process. This enables 

chronological reconstruction during analysis. 

Moreover, the data read from the sensor is time-stamped 

and stored on an SD card via an SD card module. This is an 

important component and plays a vital role in the monitoring 

system, providing a reliable, nonvolatile data storage medium 

which can be used for future references and analysis. The SD 

card module is connected to the ESP32 via the SPI 

communication protocol to ensure a stable and reliable method 

to store the data. Incorporating an SD card makes it easy and 

reliable to store large volumes of data efficiently, even though 

the system is offline, i.e., not connected to the network. The 

stored data set supports analysis of driver behavior, terrain 

analysis, and the development of future enhancements. 

Overall, the SD card subsystem enables reliability, scalability, 

and practicality in field applications. This data is stimulated to 

the memristor model, and characteristics are observed.  

The designed circuit, along with ADXL335, was mounted 

on a two-wheeler. The vehicle was driven on a blacktop road 

where the road surface was having sections that were under 

maintenance, this was chosen to obtain the reading for smooth 

road and rough road. The sensor recorded parameters like 

acceleration, braking, left turn, right turn, smooth road and 

rough road. The test ride was conducted for about 10 minutes 

that accumulated approximately 6000 readings in each axis. 

The readings were identified through the time stamp (the 

pinion rider on the vehicle was noting down the time of event 

that would help in locating the readings from the raw data). 

The raw data was then fed into the model to obtain the 

corresponding memristance values for this work. These 

segregated readings (~500) were plotted, for ease identifying 

the differences in plot, the data points were further shortlisted. 

3. Results and Discussion 
3.1. Memristor Modelling 

The Ag/ZnO/FTO memristive device exhibits bipolar 

resistive switching arising from the coupled effects of 

interfacial charge injection and conductive filament evolution 

inside the ZnO layer [3-5]. When a voltage is applied to the 

Ag top electrode with the FTO bottom electrode grounded, the 

electric field across the ZnO film controls both electronic 

transport and ionic migration. As observed in the experimental 

I-V characteristics in Figure 2, the device shows a hybrid 

conduction behavior in which interface-limited transport 

dominates in the High-Resistance State (HRS), while 

filamentary conduction governs the Low-Resistance State 

(LRS). At low bias in the HRS, the current is governed by 

Ohmic conduction followed by Schottky emission at the 

Ag/ZnO interface and Poole-Frenkel (PF) or trap-controlled 

Space Charge Limited Conduction (SCLC) inside the ZnO 

bulk [8]. The Schottky current density is given by  

𝐽𝑆 = 𝐴∗𝑇2exp⁡(−
𝑞∅𝐵−𝛽𝑆√𝐸

𝑘𝑇
) (1) 

where 𝐽𝑆 is the current density, 𝐸 is the electric field, 𝐴∗ 
is the Richardson constant originates from thermionic 

emission theory and represents the material-specific factor in 

the current density equation. The term⁡𝐴∗𝑇2 represents the 

carrier supply function at temperature 𝑇. k is the Boltzmann’s 

constant, and 𝑞 represents the charge of an electron. 𝛽𝑆 is the 

interface effect (Schottky barrier lowering coefficient) [3, 4].  

The experimental device shows rectifying behaviour 

consistent with Schottky at Ag/ZnO. 

𝐽𝑃𝐹 ∝ ⁡𝐸𝑒
−
𝑞∅𝑡−𝛽𝑃𝐹√𝐸

𝑘𝑇  (2) 

where 𝐽𝑃𝐹 is the current density,  ∅𝑡 is the trap depth 

energy level (eV) for PF and 𝛽𝑃𝐹 is the PF barrier-lowering 

coefficient has the same origin as Schottky lowering, but it 

applies to bulk trap states. A linear fit indicates Schottky as 

well as PF, but the test electrode changes (Schottky is 

electrode-limited, and PF is bulk-limited). 𝑥(𝑡) is the 

dynamical state of the memristor and modelling with 𝑥(𝑡) 
captures hysteresis [5]. 
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Fig. 2 Enabling, (a) Reliable filament formation, and (b) Filament rupture, (c) I-V characteristics of Ag/ZnO/FTO (Reprinted with permission from 

Ref. [3, 8]). 

When the applied electric field exceeds a threshold, Ag⁺ 

ions and oxygen vacancies migrate and accumulate, initiating 

the growth of a metallic filament inside ZnO. The internal 

state of the Memristor is described by a normalized variable x 

(0 ≤ x ≤ 1), representing the fractional length of the filament. 

The evolution of x is governed by field-driven ionic drift and 

thermally activated rupture, which can be mentioned as  

⁡
𝑑𝑥

𝑑𝑡
= ⁡𝜇𝐸⁡𝑓(𝑥) − Γ𝑒−𝐸𝑎 𝑘𝑇⁄ 𝑔⁡(𝑥, 𝐼, 𝑇) (3) 

where 𝜇 is ionic mobility, 𝐸𝑎 is the rupture activation 

energy, Γ is the rupture prefactor, and 𝑓(𝑥), 𝑔(𝑥) are window 

functions that confine filament dynamics near the electrodes. 

Before complete filament formation, electron tunnelling 

occurs between the filament tip and the counter electrode. This 

tunnelling current is given by 

𝐼𝑡𝑢𝑛 =⁡ 𝐼0exp⁡(−𝛼𝑑) (4) 

where 𝛼 is the attenuation coefficient, and 𝑑 is the 

tunnelling gap width.   Once the filament bridges the 

electrodes, current flows mainly through the metallic channel 

and follows Ohmic conduction. 
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𝐼𝑓 =⁡𝑉 𝑅𝑜𝑛
⁄  (5) 

The total device current is therefore the sum of bulk ZnO 

conduction, tunnelling current, and filamentary current.  

𝐼 = ⁡ 𝐼𝑏𝑢𝑙𝑘 +⁡𝐼𝑓 +⁡𝐼𝑡𝑢𝑛 (6) 

where 𝐼𝑏𝑢𝑙𝑘  consists of Schottky, PF, and SCLC 

components [6] and is the current flowing through the ZnO 

matrix (non-filamentary path). Additionally, it represents all 

conduction mechanisms that occur before a metallic filament 

bridges the device. Since conduction occurs through two 

parallel paths, the insulating ZnO matrix and the metallic 

filament, the effective memristance is governed by the internal 

state variable 𝑥, and it can be defined as  

𝑀(𝑥) = 𝑥𝑅𝑜𝑛 + (1 − 𝑥)𝑅𝑜𝑓𝑓 (7) 

where 𝑅𝑜𝑛 is the resistance of the conductive filament 

(LRS) and  𝑅𝑜𝑓𝑓 is the resistance of the ZnO bulk (HRS). 

3.2. Proposed Model 

Contemporary vehicles use sensors to monitor driving 

behavior, road conditions, vibrations, speed, and location, 

with this study focusing on accelerometer data combined with 

memristor-based memristive properties for enhanced analysis 

purposes. Using accelerometer data and the changes in 

memristance values of this system, the main purpose is to 

identify, record, and compare different vehicle events, which 

provides proper road condition analyses and vehicle motion 

understanding. Moreover, the main controller is the 

microcontroller ESP32, is used by the system, which is 

connected to an accelerometer ADXL335.  Further, the system 

uses a DS1307 Real-Time Clock (RTC) and an SD card 

module in order to store the data.   

The Accelerometer is mounted in a specific position 

where the x-axis points in the forward direction of the vehicle 

and the z-axis points vertically upward, where the acceleration 

and braking are measured by the x-axis, and the left-right 

turns, which are the side movements, are measured by the y-

axis. Additionally, the vertical movements, such as bumps, 

potholes, and uneven road surfaces, are captured by the z-axis. 

The vibration data from all three axes is processed and given 

to a memristor model to study changes in memristance. The 

analysis regarding the patterns and labels of different events is 

then made by these memristance variations, and thus makes 

the model useful for road defects detection system. 

As illustrated in Figure 3, the working process of the 

system starts by powering on the ESP32 microcontroller, and 

in the beginning, it initializes all the connected modules. 

Further, the system configuration to ensure proper 

performance, storing, and time tracking, includes the 

initialization of ADXL335, SD card, and RTC, respectively.  

After that, the ESP32 tries to connect to Wi-Fi to get the 

current date and time from an online source. If the Wi-Fi 

connection fails, the system uses the DS1307 RTC through the 

I2C communication bus as a backup to obtain the time.   

When the correct time is established, the analog data from 

the Accelerometer, which usually falls in the range of 0 to 

4095 in digital form, continuously read by the ESP32. In this 

context, before starting the normal operation when the vehicle 

is stationary, the sensor is calibrated with the readings, where 

the output voltage is adjusted between +5V and 5V, with 0V 

taken as the reference point. Each reading is then given a 

timestamp and saved in a CSV file named “accel_log.csv” on 

the SD card for future analysis. This data acquisition and 

storage process persists uninterrupted as long as the system 

remains powered. 

3.2.1. Working Principle of the Model 

The power supply is connected to the ESP32 through the 

“VIN” and “GND” pins, that supplies power to the entire 

system. All the components used in the prototype run in 3.3V. 

So, the AMS1117 regulator of the ESP32 Module converts 5V 

to 3.3V, which is used throughout. This power is shared to all 

the remaining sensors and modules, like the SD Card Module, 

RTC, and ADXL335.  The SD Card module is connected to 

the SPI bus via the GPIO pins 23, 19, 18, and 5 (MOSI, MISO, 

SCK, and CS, respectively). The Accelerometer (ADXL335) 

is connected to GPIO pins 34, 35, 32 (x-axis, y-axis, and z-

axis, respectively). The prototype is placed or installed on the 

vehicle such that the x- axis captures the forward and braking 

motion, the y-axis captures the lateral movement, and the z-

axis captures the vertical motion. In this context, the RTC 

module utilizes the I2C protocol to communicate accurate 

temporal information so that the data stored in the SD card has 

proper temporal correlation is achieved. It is connected to the 

GPIO pins 21 and 22(SDA and SCL) respectively. This 

module has a built-in battery such that the RTC module 

maintains the proper time even if the system is powered off. 

The complete connection diagram is demonstrated in Figure 

4.  

Graphical representation of the data obtained from the 

Accelerometer is demonstrated in Figure 5, where ‘P1’ in plot 

5(a) represents vehicles at constant motion. When acceleration 

is applied to the vehicle, the ADXL335 responds as 

highlighted at ‘Q1,’ and the corresponding memristor 

response is shown in Figure 5(c) at ‘P2’ and ‘Q2’ as obtained 

from the model. 

Considering the instances when the brake is applied to the 

moving vehicle, it is demonstrated in plot 5(b), where we can 

observe that at ‘R1’ the vehicle was in constant motion and 

the brake was applied, which is observed at ‘S1’ in the plot. 

The response of the Memristor can be seen in plot 5(d), 

highlighted as ‘R2’ and ‘S2’.  
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Furthermore, Figure 5 demonstrates the dynamic 

transformation of vehicular motion signals into resistive states 

of the Ag/ZnO/FTO memristor. When acceleration increases, 

the applied voltage rises, leading to a larger electric field 

across the ZnO switching layer. This field enhances oxygen 

vacancy migration and Ag filament nucleation inside the ZnO 

matrix [39]. The conductive filament fraction represented by 

the internal state variable (x(t) increases respectively. The 

memristance relation, which is mentioned earlier in the 

Equation (7), represents the accumulation of charge 𝑞(𝑡) =
⁡∫ 𝑖(𝑡) During acceleration, thereby continuously decreases 

the memristance [40]. This is observed in Figure 5(c), where 

it is evident that the memristance decreases as the acceleration 

voltage increases. Physically, this corresponds to the SET 

process, in which Ag ions drift from the top electrode and form 

conductive filaments in ZnO, turning the device into a Low 

Resistance State (LRS). The progressive thickening of the 

filament is a result of a decrease in memristance as 

acceleration increases, rather than abrupt switching instead. 

The vehicle dynamics are encoded into the analog memory, 

which is very much desired for such IoT-based signal 

encoding. The Memristor thus stores the acceleration history 

as a continuous resistance value. In contrast, Figure 5(b) 

shows the voltage profile during braking. Weakening of the 

electric field inside the ZnO results in an increase in 

memristance, which takes place as an outcome of the braking 

event, which reduces the voltage polarity and value across the 

Memristor. The AG filaments are responsible for conduction 

rupture because of this change in polarity and magnitude of 

voltage [41]. Consequently, the internal state variable 

x(t)decreases, leading to an increase in memristance, as shown 

in Figure 5(d). This is the RESET process, where the device 

transitions from LRS toward the High Resistance State (HRS). 

The increase in memristance takes place gradually as the 

conductive path ruptures in a gradual manner. This gradual 

RESET is governed by charge depletion in the device and 

thermal-assisted diffusion of  Ag ions back into the electrode. 

Hence, it is clearly evident that the level of braking (i.e., rapid 

braking and soft braking) is encoded as an increase of 

memristance magnitude.  

START

Set Current Date and Time

Read Sensor data from 

Accelerometer (ADXL335)

Initialise the sensors and 

Micro SD Card Module

Add Time stamp to obtained 

voltages for X-axis, Y-Axis 

and Z-axis

Is device connected to 

internet to Fetch Date and 

Time

Initialise RTC (DS1307) to 

fetch current Date and Time

NO YES

Convert the analog value 

obtained from sensor to 

corresponding voltage value 

Store the data to SD Card in 

 accel_log.csv  format

 accel_log.csv  Fed to 

Matlab Model of Memristor  
Fig. 3 Operation flow of the prototype 

 
Fig. 4 Circuit connection diagram for hardware implementation 
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Fig. 5 Shows the X-axis information where (a) Acceleration, (b) Braking, (c) Memristor response to Acceleration voltages obtained from ADXL335, 

(d) Memristor response to Braking voltages obtained from ADXL335. 

Figure 6 is focused on lateral motion of vehicle, where 

6(a) shows the response of the Accelerometer as the vehicle 

takes a left turn, so the voltage level is reducing towards 

negative voltage highlighted at ‘P3,’ and the effect on 

memristance is shown in plot 6(c) at ‘P4’. 6(b) represents the 

lateral motion to the Right, where we can observe that the 

voltage is increasing to a positive voltage at ‘Q3’. And the 

respective response is seen at plot 6(d) at ‘Q4’.   

Additionally, Figure 6 illustrates how steering direction 

influences the electrical and memristive behavior of the 

Ag/ZnO/FTO device. Figure 6(a) and 6(b) show voltage 

signals corresponding to Left and right steering during 

acceleration. Steering induces asymmetric inertial forces on 

the vehicle, resulting in distinct voltage waveforms applied to 

the Memristor. These voltage asymmetries generate different 

current and charge flow patterns in the device. Since 

memristance depends on cumulative charge q(t), even small 

differences in voltage waveform shape led to significant 

divergence in memristance evolution. Figure 6(c) and 6(d) 

show that left-turn and right-turn motions result in distinct 

memristance trajectories. From a physical standpoint, the 

asymmetric voltage signals alter the electric field distribution 

across the ZnO film, leading to nonuniform Ag filament 

growth. During a left turn, the higher effective voltage 

produces stronger vacancy drift and filament reinforcement, 

resulting in a faster drop in memristance. During the right turn, 

the comparatively weaker field produces slower filament 

growth, leading to a higher retained memristance [42]. 

This asymmetry allows the Memristor to encode 

direction-dependent vehicular behavior. The Memristor thus 

acts not merely as a resistor but as a direction-sensitive 

element, storing whether the vehicle is turning left or right 

through its resistance state [43]. Importantly, this behavior is 

consistent with the bipolar resistive switching Nature of 

Ag/ZnO/FTO devices. The direction and magnitude of voltage 

dictate the SET strength and hence the degree of filament 

formation. This makes memristance a powerful feature for 

steering-based pattern recognition in embedded vehicle 

monitoring systems. Figure 7(a) demonstrates the vibration 

experienced by the vehicle, and when travelling on a rumbly 

road, so it happens to be in the negative voltage axis. Whereas 

Figure 7(b) demonstrates vibrations on a comparatively 

smooth road, so the obtained data from the Accelerometer is 

on the positive voltage axis. Moreover, Figure 7 highlights the 

ability of the Ag/ZnO/FTO memristor to discriminate road 

conditions based on voltage fluctuations. Rough roads 

generate highly irregular and high-frequency voltage 

variations due to mechanical vibrations, whereas smooth 

roads produce more stable voltage signals. In Figure 7(a), the 

rough road voltage shows rapid oscillations, which translate 

into fluctuating current and charge injection into the 

Memristor [44]. This causes repeated partial SET and RESET 

events at the nanoscale, resulting in a noisy but elevated 

memristance profile in Figure 7(c). The frequent disruption of 

conductive filaments prevents the device from reaching a 

stable LRS, keeping memristance relatively high. In contrast, 

Figure 7(b) (smooth road) provides a steady voltage that 
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enables stable filament growth. As a result, Figure 7(d) shows 

a smoother and lower memristance curve. This indicates a 

well-formed conductive path and reduced stochasticity in 

filament dynamics. Thus, the Memristor effectively acts as a 

road-condition sensor, where rough terrain corresponds to 

high, noisy memristance and smooth terrain corresponds to 

low, stable memristance [44]. This is directly linked to ZnO’s 

sensitivity to electric field and thermal fluctuations affecting 

Ag filament stability. 

 

 
Fig. 6 Shows the response of the Accelerometer as the vehicle experiences the lateral motion, i.e., steering left and steering right. (a) Indicates the 

accelerometer response as the vehicle steers left, (b) Indicates the accelerometer response as the vehicle steers Right, (c) Left-turn motions result in 

distinct memristance trajectories, and (d) Right-turn motions result in distinct memristance trajectories. 

 
Fig. 7 Demonstrates the effect of the terrain on which the vehicle is moving, (a) Shows the sensor response of a vehicle moving on a rough road, (b) 

Demonstrates the sensor behavior when the vehicle is on smooth terrain, (c) and (d) Show the response of the memristor to the corresponding terrain. 
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4. Conclusion 
This article presents a successful real-time IoT 

application for driver behavior monitoring and terrain 

identification using a nano-ionic ZnO memristor model. An 

accelerometer collects real-time data, which is externally fed 

into the model to obtain memristor responses. These responses 

strongly correlate with accelerometer-derived inputs across all 

axes, showing distinct resistive modulation corresponding to 

acceleration, braking, steering, and varying road conditions. 

Acceleration and retardation (Braking) exhibit voltage 

changes which are abrupt and sharp in Nature, which generate 

a significantly visible change in conductance, confirming that 

the Memristor exhibits stable SET and RESET operations. 

Left and Right steering, i.e., lateral movements, are normally 

gradual operations which are clearly visible through the slow 

variation in memristance. This clearly helps us identify the 

lateral movement in the Y-axis.   Rough road conditions 

generate higher fluctuation density and frequent state 

transitions, while smooth surfaces exhibit stable, low variance 

conductance behavior. The clear separation between high and 

low memristance states allows reliable classification of 

driving events and terrain types. Moreover, the nonvolatile 

Nature of the ZnO nano-ionic memristor ensures retention of 

these dynamic signatures, supporting accurate post-analysis. 

This approach highlights a greater opportunity for real-time 

application in vehicles where terrain detection and driver 

behavior analysis is a key factors for future road safety. This 

system can be further enhanced to meet predefined parameters 

related to the prediction of road risk and optimizing the vehicle 

parameters in order to respond to the real-time road 

conditions. This can be a significant key to support 

autonomous vehicle driving systems through efficient data 

processing and neuromorphic computing capabilities.  
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