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Dedication

This thesis is dedicated to my son, hoping to make the world an easier place to live in - for you.
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Abstract

Children with autism spectrum disorder face many challenges on a daily basis, including

their struggle to communicate their needs, especially in times of distress. This can lead to

meltdowns, making it difficult for them to learn, make friends, or have a positive social or

educational experience. Existing research detecting meltdowns, specifically using deep learning

combined with either facial recognition [1] or a variety of sensors such as heart rate,

electrodermal, and temperature sensors [2], have proved successful. However, optimization for

practical application utilizing more affordable technology could improve upon the accessibility

of these tools for the autistic community, especially working class families. This thesis provides

a method to detect and prevent autistic meltdowns inspired by my son, aiming to make a

wearable device that can be used whenever and wherever by combining heart rate monitors and

electrodermal sensors as a more practical means of detection, as well as a more cost friendly

option using low power equipment. The device was built on an STM32-F446RE nucleo board

using the kernel based operating system FreeRTOS. A bluetooth android application was created

using MIT APP Inventor 2, allowing easy access to sensor data. The device was tested on a child

diagnosed with autism by wearing a finger glove with sensors attached during their every day

homework routine. A simple logistic regression model was applied to calculate the slope of the

sensor's data. The logistic regression model showed promising results with an accuracy score of

0.82 and a recall score of 0.83.

This device can be easily modified into a wrist watch interface, making it more

comfortable and practical for autistic children to wear. The low cost sensors and processor,

combined with a lower cost method of machine learning gives families a better chance at owning
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a device that could help their child. Meltdown predictions will allow teachers and guardians an

opportunity for early intervention and meltdown mitigation.
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1. Introduction

The CDC reports that approximately 1 in 44 children are diagnosed with autism [3]. Even

with special education systems and all the disability experts working with these children, school

is inevitably stressful for them. This is especially the case with autistic children who have trouble

communicating. There will be times when a child is close to a meltdown and the caregiver will

be unaware until it happens, which can lead to physical damage to the child, the caregiver, other

children, and mental damage to the child, making it more difficult to trust their caregiver and the

environment they’re in. This thesis aims to detect a meltdown before it happens using sensors

and simple machine learning models.

Sensors are used everywhere from medical devices tracking your heart rate, fitbits

tracking your stress levels and even mobile phones using motion sensors to track your steps.

These sensors are especially useful when detecting a person’s state of mind and current health

status. This thesis will take advantage of a heart rate and electrodermal sensor to not only detect

stress or heart health but to predict a physical or mental outcome of that stress, specifically

meltdowns in autistic children.  In order to achieve this, a simple machine learning logistic

regression model can be applied to the data collected from the sensors to predict the probability

of a meltdown. The device and method will be tested on an autistic child during their everyday

homework activity by applying the heart rate and electrodermal sensors to their fingers with a

finger glove. Not only is this a simple method, requiring low cost materials and low power, it’s a

method that can easily be adapted by an autistic child. This device can be modified to be worn on

the wrist and a mobile application can be made to display the results of the meltdown

predictions. This can give a better understanding of when the child is not in a good mental state,



6

therefore giving the teacher or guardian the opportunity to take the student out of the stressful

situation before a meltdown transpires.

1.1 Similar Research

Stress detection has become popular recently as an added feature to an everyday smart

watch. You can even look at your stress levels over the past week and possibly identify what is

causing that stress. Researchers have proven that electrodermal sensors can detect levels of stress

[4]. Along with that, researchers have also proven that it’s possible to detect a meltdown in an

autistic child using deep learning methods along with facial recognition technology [1] or

sensors [2]. Although these methods should have more accuracy, the facial recognition method is

impractical as a child’s face will unlikely be on camera for the entirety of their day to day

activities. Whereas a wrist worn device is not only easier to implement on an autistic child, it can

also be accessed by anyone who has a mobile phone, giving the opportunity to detect a meltdown

in whatever environment the child is in, not just where the camera is located. Using deep

learning techniques adds more to the price and requires more data storage. Simple machine

learning techniques such as linear and logistic regression, require less data, and less computing

power. In the end, what’s important is the child, and high power, large memory methods such as

deep learning are unnecessary when a linear regression model combined with a couple of

sensors, a simpler, cheaper, more practical method, can be implemented and successfully warn

the caregiver of the child's potential meltdown. Ultimately, helping the child have a better, more

productive, and most importantly less stressful experience.



7

1.2 What is an Autistic Meltdown?

Some autistic children will display visual queues as an indicator that a meltdown is

imminent. These visual queues can be anything like zoning out or staring into space and

stimming, such as rocking back and forth [5]. However, this may not be the case every time and

the caregiver needs to be visually watching the child consistently to observe these warnings.

Instead of relying on visual queues to read the child’s mental state, an understanding of what’s

happening to the child physically would be a better help. These physical signs could be recorded

and analyzed using machine learning models to detect a pattern and possibly detect the meltdown

before occurring. Once this is done, a notification could be sent to the caregiver warning them

that a meltdown might soon occur.



8

2. Hardware

This device was built on an STM32-F446RE microcontroller as shown in figure 1 above

which utilizes an Arm Cortex M4 risc based processor and a FreeRTOS operating system. This

microcontroller was used because it was already at hand, but can easily be replaced by any low

power processor or lower cost microcontroller. The microcontroller is solely used for the sensor

input, and some basic mathematics. The sensors used for the base data of the machine learning

methods are heart rate and electrodermal sensors. These sensors have an analog output and go to

the internal ADC1 and ADC2, respectively, as shown in the block diagram below in figure 2..

One of the on-board, input capture timers of the microcontroller was used to measure the time

between peaks from the heart rate sensor's voltage output. Lastly, a low energy bluetooth device

was attached to the microcontroller’s UART (UART5) TX terminal. The sensors and bluetooth

module all run using the 5V output from the microcontroller board.
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2.1 Pulse Sensor

The heart rate sensor is an optical sensor using a green LED to measure the heart rate.

This process is called photoplethysmography. It uses the green LED to measure the variation in

light intensity which is recorded as a voltage. If the heart rate sensor's output voltage were

attached to an exterior LED, it would fade in and out according to the user’s heart beat. The heart
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rate sensor required a 4.7µF capacitor in order to filter the background noise caused by

movement. The sensor itself was an open

circuit so a plastic covering and hot glue

were applied to prevent any moisture from

affecting the circuit as well as to prevent

noise. The pulse sensor used in this thesis

comes from pulsesensor.com and is shown

to the right in figure 3..

2.2 Electrodermal Sensor

The electrodermal sensor measures the difference of resistance between two

fingers. This is done by providing a low, almost undetectable voltage to the skin and observing

the change in resistance which decreases when sweat increases, thus making the skin more

conductive. This is a common method to

measure stress and is used in most

smartwatches that detect stress such as the

FitBit sense. The electrodermal sensor used in

this thesis is the Grove GSR (galvanic skin

response) from SeeedStudio.com as shown to

the right in figure 4..
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2.3 Bluetooth Low Energy

A low energy bluetooth module was required for this thesis to make the results more

accessible for the user. In any case where the meltdown detection device is used, in school,

home, or even extracurricular activities, the results will be displayed on the android app created

specifically for this device. This is done using a low energy bluetooth device connected to

UART5 of the microcontroller. After the analog to digital conversion, the results are transmitted

to the android app via bluetooth. Low energy bluetooth was used for budget purposes and lower

power requirements. Bluetooth also allows access to bigger data storage which is preferable

when managing machine learning

methods. The bluetooth module

used in this thesis is the Adafruit

Bluefruit LE UART Friend from

Adafruit.com as shown to the left

in figure 5.
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4. Back End Software (STM32)

The firmware for the STM32-F446RE microcontroller was written in the C++

programming language on the Keil Uvision5 IDE (Integrated Development Environment)

software. The STM32-F4 series HAL library was installed for use of their methods created

specifically for the STM32-F4 board and its features. The firmware largely took care of reading

the sensor outputs, converting the analog outputs into digital outputs, and transmitting this data

over to a mobile phone using the wireless serial communication UART (universal asynchronous

receiver-transmitter) as bluetooth communication. Timer 2 of the microcontroller was added as

an up counter to keep track of the heart rate voltage peaks. The STM32-F446RE hardware

features and initializations were set up using the software CubeMX as shown below in figure 6..



13

4.1 Sensor and ADC Software

The heart rate and electrodermal sensors are attached to the internal ADC1 and ADC2 of

the microcontroller board. ADC1 was initialized using channel 1 and ADC2 was initialized using

channel 4 for design convenience. A Read_ADC method was created for convenience when

dealing with two ADCs using different channels that are read one after the other as shown in

figure 7. ADC1, which is attached to the heart rate sensor, converts continuously as the device is

running to ensure the heart rate accuracy by finding the max voltage

peak values of the heart rate output. ADC2, which is attached to the

electrodermal sensor, converts every 1.6 seconds, just before the

UART sends the data over via bluetooth. Both ADC1 and ADC2

needed to be converted to a readable voltage value by using the

formula eq. (1)𝑉 =  𝐴𝐷𝐶_𝑉𝑎𝑙𝑢𝑒 ×  𝑉𝑟𝑒𝑓
4096 − 1

where in this case.𝑉
𝑟𝑒𝑓

= 5𝑉
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4.2 Timer and Heart Rate Calculation Software

Timer 2 of the STM32 microcontroller was enabled as an input capture timer with a

period of 0xffffffff (hexadecimal) and 4294967295 (decimal) and the prescaler set to 65535, it’s

maximum value, which translates to a frequency of 1MHz. This timer is used to measure the

time at which a heart rate monitor voltage peak is found. The time between peaks determines the

BPM (beats per minute).

eq. (2)𝐵𝑃𝑀 =  60
𝑇𝑖𝑚𝑒

𝑃𝐸𝐴𝐾2
(𝑠) − 𝑇𝑖𝑚𝑒

𝑃𝐸𝐴𝐾1
(𝑠)

A simple find the maximum value algorithm was created to detect voltage peaks from the

heart rate monitor voltage values. The goal is to find the max voltage value, input the current

timer 2 counter value in the BPM equation (eq. 2), and then clear the timer 2 counter to 0 which

makes . This gives a new BPM equation of.𝑇𝑖𝑚𝑒
𝑃𝐸𝐴𝐾1

=  0 (𝑠)

eq. (3)𝐵𝑃𝑀 =  60
𝑇𝑖𝑚𝑒

𝑃𝐸𝐴𝐾2
(𝑠) 

4.3 UART Software

The UART data was transmitted using the HAL libraries methods every ~1.6 seconds.

The UART was transmitted using a for loop to create a timed interval in order to get a clear

description of what the heart rate was before transmitting, as well as not to overflow the mobile

application with data.

Below is an example of the UART transfer code:

sprintf(buffer, "HR: %f", HR);
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HAL_UART_Transmit(&huart5, (uint8_t*)buffer, strlen(buffer), HAL_MAX_DELAY);

HAL_Delay(200);

HR in this case refers to the calculated heart rate using equation 3. HAL_MAX_DELAY

was used to give the UART enough time to transmit all the data and a small 200 millisecond

delay was added at the end to make it easier to read as it came in on the mobile application.
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5. Front End Software (Android Application)

Figure 8. Mobile Application Design using MIT App Inventor 2
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The software environment used to create the android application for this thesis is MIT

App Inventor 2 accessible at https://appinventor.mit.edu. This environment gives a user with

little to no application design experience the opportunity to create an android application quickly

and easily which fits in this scenario given the time and resource limitations. The coding blocks

MIT App Inventor uses are based on the java programming language.

This application was used to collect the data taken from the STM32 microcontroller

during testing. In order for data to be collected, a connection between the STM32

microcontroller and the mobile application must be made via bluetooth. MIT App Inventor has a

low energy bluetooth extension available for these instances. This allowed easy connectability

between the mobile application and the microcontroller. The code for connecting the mobile

application to the bluetooth device on the STM32 is shown below, where button1 refers to the

bluetooth button intended for connecting and disconnecting shown in figure 9.

Figure 9. Connecting and Disconnecting to Bluetooth

https://appinventor.mit.edu
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After the mobile phone starts scanning, it automatically connects solely to the low energy

bluetooth device using the device’s unique address ID as shown below in the DeviceFound

method in figure 10.

Figure 10. Device Found, Connection Failed, Disconnected Methods

Once a connection is established, the data transmission is allowed using the

RegisterForStrings method which allows the data to be received and processed whenever the

STM32 bluetooth device transmits data. This connection method is shown below in figure 11.

Figure 11. Bluetooth Connected
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Once the data starts being received on the mobile device, it is displayed on the list shown

on the bottom half of the mobile phone screen. The method for collecting, storing and displaying

the data is shown below in the StringsReceived method in figure 12.

Figure 12. Strings Received
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A method for filtering the data to recognize unusable data and give it a null value for an

easier clean up was created and shown below in figure 13. This method takes the data received

from the GSR or HR sensors and analyzes its length. If there are too few digits, an automatic null

value will be set. The user can then read the data and easily disinclude any null values for the

machine learning models.

Figure 13. Filtering methods for HR and GSR data

The data is then stored using the store methods shown below in figure 14.
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Figure 14. Store Variables method

The storeHR and storeGSR methods from the StringsReceived method in figure 12 is a

method that stores the heart rate and galvanic skin response in text files, which is there for

convenience but is otherwise unneeded as the storeVariables method utilizes a tiny database

called TinyDB to store all the variables including HR, GSR, HRslope, and GSRslope. Although

the slopes are shown in the mobile application, they did not end up being used.

The application was initially created with the intention of utilizing the machine learning

models in real time to give the device producible results that could lead to possible

manufacturing opportunities. However, given the time limit and skills necessary to design a

preferably python mobile application, this was undoable at the moment but is still an idea for the

future of this research.
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6. Testing and Data Collection

Figure 15. Finger gloves with heart rate sensor and electrodermal sensors attached

Finger gloves were created to hold the sensors in place on the child’s hand. The longer

finger gloves on the ring and pointer finger are the electrodermal sensors. These sensors are

placed with a space between them to avoid the sensors touching since the sensors require a

voltage difference to correctly monitor the galvanic skin response. The short finger glove on the

middle finger has the heart rate sensor at the tip of the finger. This sensor is sensitive to noise

due to movement and requires a capacitor to filter out this noise, as shown in the block diagram

in figure 2. However, sporadic movements can still inevitably make the heart rate sensor voltage

jump. Finally, the sensor's long, thin wires give the child a long range of movement so as to not

irritate or hinder them while monitoring.
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The STM32 microcontroller sent data collected from the sensors over a UART bluetooth

connection to a mobile device. Due to either transfer rate or time out issues, the data sometimes

split and became corrupt as shown below in figure 16..

This created a problem when collecting or using data on the mobile application.

Therefore, the mobile application created for this device was programmed to detect corrupt data
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and give it a null value instead so the user knows not to include these values in any machine

learning model (Figure 17). This mobile application was initially intended for machine learning

purposes but due to time limitations, this was unimplemented and instead was just used as a

method of collecting data.

Below is an example of data taken from the mobile application and inputted into google

sheets to be cleaned. As shown below in figure 18, there are many null values. The heart rate and
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gsr (galvanic skin response) slopes were initially calculated by the microcontroller and included

in the datasets but due to time constraints and the UART hardware issues, this problem was not

resolved and thus the slope data was not used in the machine learning models.

Figure 18.  Raw data collection in google sheets

All the null values will be deleted and the values then grouped together accordingly to

form a dataset suitable for a logistic regression model. As shown below in figure 19, the column
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‘Close to Meltdown’ was created by the monitor of the child during each session using visual

and mental analysis of the autistic child. The current size of the dataset is 420 data inputs.

Figure 19. Cleaned data example
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Data Interpretation

Scatter charts were made comparing the galvanic skin response and the heart rate to

whether or not the child was close to a meltdown, 0 being false, 1 being true. These charts used

the cleaned dataset in order to determine if the chosen machine learning models are adequate for

predicting meltdowns. For example, is there enough of a distinction between the true and false

values to give enough accuracy in a simple classification model? The GSR scatter chart (Graph

1) shows a distinction between the true and false values. It appears that while close to a

meltdown, the child’s gsr sensor’s voltage difference was on the lower end of the spectrum, 0.25

- 0.60, whereas the false values range from 0.25 - 1.0.

Graph 1. GSR vs Close to Meltdown (0 = False, 1 = True)
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Graph 2. HR vs Close to Meltdown (0 = False, 1 = True)

The heart rate scatter chart (Graph 2) displays only a slight distinction between true and

false close to meltdown values. There appears to be higher heart rate values when close to a

meltdown, compared to when not close to a meltdown. Although slight, it can definitely help

with any of the classification models planned.
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7. Machine Learning

This problem requires classification methods to be used to recognize meltdown based on

the patterns found in the data. One of the models chosen for this thesis is the logistic regression

model which utilizes the sigmoid function shown in equation 4 [6].

eq (4)σ(𝑧) =  1

1+ 𝑒𝑧

Another model used in this thesis is the decision tree model which utilizes an algorithm

that separates the data into subsets with similar values, these are called internal nodes. These

models were chosen for their simplicity, use in classification problems, as well as their low data

requirements which helps in keeping this device at a low cost.

Logistic Regression Model

A simple logistic regression model was first attempted to get an idea of how it would

work for this dataset as shown below if figure 20. Accuracy and recall are the most important

factors in this model because when predicting a meltdown, it is far more important to predict a

positive result, whenever positive (meltdown) over a negative result (not meltdown). For

example, if a child is stressed or even calm, but not close to a meltdown but the model predicts a

meltdown, using that incorrect information to stop and check on the child will not be a bad thing.

But, if a child is close to a meltdown and the model fails to predict it, the child and the teacher

are then at a disadvantage as they don’t have the opportunity to calm the child before the



30

meltdown occurs. The simple logistic regression model below displays a promising accuracy of

0.82 and a recall of 0.84.

Figure 20. Simple Logistic Regression Model

The dataset was then split into testing and training sets to see how well the logistic

regression model would fare on unknown data. This is the most important model if this device

were to eventually predict meltdowns in real time. The threshold was tested using values 0.1,

0.2, … 0.8. Given that a higher recall value is desired for this project, a threshold of 0.60 was

chosen since the only other threshold value that gave a higher recall was 0.10 but that

sacrificed the precision by lowering it to 0.44. A 0.60 threshold gave us a good recall value

along with a decent precision value and an overall f1 score of 0.77.
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Figure 21. Training/Testing Logistic Regression Model

An ROC curve was created to see if the area under the curve (auc score) verifies our

logistic regression model. As shown below, the ROC curve also displays a higher sensitivity

which demonstrates a higher recall score in the model [7].

Figure 22. ROC Curve of Train/Test Model
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Decision Tree Model

A decision tree model was also chosen to compare with the logistic regression model.

The dataset used is complex and will continue to become more complex as more data is

collected. This complexity requires pruning and cross validation to prevent the decision tree

from overfitting which is shown below in figure 23 [8].

Figure 23. Decision Tree Model

The best score acquired, which refers to the mean cross-validated score of the best

estimator [9], was 0.76 which is lower than the logistic regression model and given the

complexity of the dataset, the cross validated decision tree model took longer time to implement

which is undesirable when running in real time.

A gini and entropy model were also created to further compare results. A gini takes the

datasets impurities into consideration when creating the decision tree, while an entropy model
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takes the level of disorder of the dataset into consideration. The results are shown below in

figure 24.

Figure 24. Kfold Gini and Entropy Models

Although the accuracy is okay in these models, the recall took a big hit to 0.6 while the

logistic regression models gave recalls of 0.8.

The full decision tree is shown below in figure 25.
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Figure 25. Decision Tree for Meltdown Detector
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Libraries

Figure 26. Python libraries used for machine learning
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9. Results

Hardware Results

Figure 27. STM32 Connections

The hardware for this device was successfully implemented using an STM32-F466RE

microcontroller, a heart rate monitor and capacitor, a galvanic skin response sensor, and an on

board timer. It was successful in the sense it completed its purpose given the available resources

and provided fairly reliable data for the machine learning models. If a device such as this were to

ever go into production, many design modifications would be needed. The device itself should be

a comfortable and visually muted compact wrist worn device with sensors on the backface facing

the wrist. Currently, it is a device attached to a fairly large STM32 microcontroller with the
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sensors connected to the user with finger gloves. This gave some unexpected problems with

collecting data. The finger gloves were not entirely uncomfortable and due to ethical reasons, if

the user asked the gloves to be taken off for any reason, their request was obliged. Although the

wires for these sensors gave a good distance to work with, roughly 1 foot, it required the user to

stay in one spot as the device itself was not attached to the user. The autistic user tested in this

thesis had difficulties with sitting still and was never forced to so the testing periods for each

session never exceeded 15 minutes. If the device were designed into a compact wrist worn

device, this will help free limitations, which will in turn help gather more data by collecting all

throughout the day which can help confirm the accuracy of this concept.

Back End Software Results

The firmware for the STM32 was largely set up using Cube MX and many of the routines

called in this system are from the HAL library. All of this code was successful on their part, but

some portions of the code can be improved. The UART on the STM32 microcontroller transmits

data roughly every 1.6 seconds using a for loop with a small delay inside. This can be

implemented using tasks instead guaranteeing a specified interval for each UART transmit. The

ADCs conversion can be done using tasks as well, possibly leading to more accurate heart rate

calculations.

Front End Software Results

MIT App Inventor 2 is a good software environment for anybody unfamiliar with

designing android applications. However, because of its limitations due to utilizing coding

blocks, the machine learning models would’ve been easier to implement in written code. If this
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device were to ever be producible or manufactured for use, the machine learning models need

to be implemented in real time, and retrained given the most recent data to give the most

accurate results. Given that python has so many machine learning libraries available, a python

android application would be preferable. The cloud is not necessary as it would add to the cost

of the device but is also an option if making the device a real time machine learning model.

Machine Learning Results

Logistic Regression Model Decision Tree Model

Best Accuracy Score: 0.82 0.76

Best Recall Score: 0.83 0.62

Table 1. Machine Learning Accuracy Results

Both the logistic regression and the decision tree models yielded decent results with

accuracies over 0.7 for all models. However, given the purpose of this device, which is to give a

child the opportunity to escape a stressful situation if close to a meltdown, a model with a greater

recall should be chosen. This is because a higher recall gives a higher chance that positive cases

will be correctly predicted, giving the child a chance to calm down before a meltdown occurs.

Thus, the logistic regression model with a threshold of 0.6 appears to be the best model for this

case with a 0.82 accuracy score and 0.83 recall score. These results are dependent on the child

tested for this thesis and may change for other users depending on how their body reacts to

stressful situations.

Improvements to the models can be made by adding more sensors to the device, giving

the device more features to help predict the meltdowns. More data could’ve been collected from
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this child for each hour of the day to improve the ‘Hour of Day’ feature’s help in the machine

learning models. More children should be tested to give an average accuracy and recall for all of

them. The results as of now are specific only to the child used in this thesis and can not be

applied to other children. If more participants are involved, a better idea of what the accuracy

would be for any child can be hypothesized.

Ethical Considerations

An ethical implication when considering this research is how the meltdown detector

device is used. Although it gives many opportunities to help the autistic child, it also gives

opportunities to use the device with bad intentions such as teachers and caregivers potentially

using this device as an excuse for restrictive or punishing actions. If this device were to become a

known worn device among special needs kids in an educational environment, there should be a

written out code for how to handle autistic meltdown predictions, and these actions should be

recorded every time a meltdown is predicted and actions are taken to prevent the meltdown.
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10. Conclusion

The objective of this thesis is to build a device that can utilize simple machine learning

algorithms to detect a meltdown before it occurs to help autistic children escape that stressful

environment and ultimately prevent the meltdown from happening. Meltdowns can cause

physical and emotional harm to anyone involved or within arms reach and are oftentimes

difficult to predict solely using a person’s observational skills. The outcome of this research has

proven that meltdowns can be predicted using simple machine learning algorithms that don’t rely

on big data to give overall good accuracy scores. The logistic regression model gave the best

results with three main features, heart rate, galvanic skin response, and hour of day, with an

accuracy score of 0.82 and a recall score of 0.83. However, these scores are based on the one

participant in this study and should ultimately be tested on many other participants to confirm

decent overall accuracy scores. There is still plenty of room for improvement in design and

different methods to explore. Such as the design of the compact wrist device, which should be

designed to be as comfortable and visually muted as possible in order not to distract or

overwhelm the autistic child. More models can be tested to determine the best model that also

ensures cost efficiency. A device as such should be kept as low cost as possible to give any

family with an autistic child the opportunity to acquire one if it would help them. Models that

require high power computations or big data that requires cloud access can lead to a higher cost.

In time and with more research and development, a device like this could drastically help

improve an autistic child’s life.
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11. Appendix

Back End Software C Programming

#include "main.h"
#include "string.h"
#include <stdbool.h>
#include "math.h"

ADC_HandleTypeDef hadc1;
ADC_HandleTypeDef hadc2;
TIM_HandleTypeDef htim2;

UART_HandleTypeDef huart5;
uint16_t ADC_Value1, ADC_Value2, Pulse;

void SystemClock_Config(void);
static void MX_GPIO_Init(void);
static void MX_ADC1_Init(void);
static void MX_UART5_Init(void);
static void MX_ADC2_Init(void);
static void MX_TIM2_Init(void);

void Read_ADC1()
{

HAL_ADC_Start(&hadc1);
if(HAL_ADC_PollForConversion(&hadc1, 2500000) == HAL_OK)
{

ADC_Value1 = HAL_ADC_GetValue(&hadc1);
}
HAL_ADC_Stop(&hadc1);

}

void Read_ADC2()
{

HAL_ADC_Start(&hadc2);
if(HAL_ADC_PollForConversion(&hadc2, 2500000) == HAL_OK)
{

ADC_Value2 = HAL_ADC_GetValue(&hadc2);
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}
HAL_ADC_Stop(&hadc2);

}
int main(void)
{

HAL_Init();
SystemClock_Config();

MX_GPIO_Init();
MX_ADC1_Init();
MX_UART5_Init();
MX_ADC2_Init();
MX_TIM2_Init();

float GSR;
float filteredVoltage;
float voltage;
char buffer[16];
float peak = 0;
float timer = 0; //milliseconds
float HR = 0;
bool foundFirstPeak = false;
float slopeHR = 0;
float slopeGSR = 0;
float HRi = 0;
float GSRi = 0;
HAL_TIM_Base_Start(&htim2);

while (1)
{

HRi = HR; // Initial HR to compare new HR to
GSRi = GSR;
for(int i = 0; i < 100; i++)
{

Read_ADC1();
voltage = (float)(ADC_Value1*(3.3/4096)); //HR voltage
filteredVoltage = round(voltage*10);
voltage = filteredVoltage/10; // leaving only first decimal place to make finding

peak easier

/* Find first peak of ADC voltage */
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if(foundFirstPeak == false)
{

if(voltage >= peak)
{

peak = voltage;
}
else if( voltage >= 1.5)
{
//found peak so take timer value and calculate HR, reset timer and

foundpeak values
timer = __HAL_TIM_GetCounter(&htim2);
HR = 60/(timer*.004); //16,000,000/65,536 = 244 i.e. it'll take 1

second to count to 244 and 1/244 is 0.004
TIM2->CNT = 0;
foundFirstPeak = true;

}
}
else
{

if(peak >= voltage)
{

//stay in this loop until voltage goes back up
peak = voltage;

}
else
{

//voltage went back up so can go back to checking for max voltage
foundFirstPeak = false;

}
}
HAL_Delay(10);
}

//send HR values over bluetooth
slopeHR = (HR - HRi)/1.6; /* 1.6 seconds passed since last HR transmitted */
sprintf(buffer, "HRs: %f8", slopeHR);
HAL_UART_Transmit(&huart5, (uint8_t*)buffer, strlen(buffer), HAL_MAX_DELAY);
HAL_Delay(200);

sprintf(buffer, "HR: %f", HR);
HAL_UART_Transmit(&huart5, (uint8_t*)buffer, strlen(buffer), HAL_MAX_DELAY);
HAL_Delay(200);

//read electrodermal values and send via bluetooth
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Read_ADC2();
GSR = (float)(ADC_Value2*(3.3/4096)); //Calculating Vin
slopeGSR = (GSR - GSRi)/1.6; /* 1.6 seconds passed since last GSR transmitted */
sprintf(buffer, "GSRs: %f8", slopeGSR);
HAL_UART_Transmit(&huart5, (uint8_t*)buffer, strlen(buffer), HAL_MAX_DELAY);
HAL_Delay(200);

sprintf(buffer, "GSR: %f8", GSR);
HAL_UART_Transmit(&huart5, (uint8_t*)buffer, strlen(buffer), HAL_MAX_DELAY);

}
}

/**
* @brief System Clock Configuration
* @retval None
*/

void SystemClock_Config(void)
{
RCC_OscInitTypeDef RCC_OscInitStruct = {0};
RCC_ClkInitTypeDef RCC_ClkInitStruct = {0};

/** Configure the main internal regulator output voltage
*/
__HAL_RCC_PWR_CLK_ENABLE();
__HAL_PWR_VOLTAGESCALING_CONFIG(PWR_REGULATOR_VOLTAGE_SCALE3);
/** Initializes the RCC Oscillators according to the specified parameters
* in the RCC_OscInitTypeDef structure.
*/
RCC_OscInitStruct.OscillatorType = RCC_OSCILLATORTYPE_HSI;
RCC_OscInitStruct.HSIState = RCC_HSI_ON;
RCC_OscInitStruct.HSICalibrationValue = RCC_HSICALIBRATION_DEFAULT;
RCC_OscInitStruct.PLL.PLLState = RCC_PLL_NONE;
if (HAL_RCC_OscConfig(&RCC_OscInitStruct) != HAL_OK)
{
Error_Handler();

}
/** Initializes the CPU, AHB and APB buses clocks
*/
RCC_ClkInitStruct.ClockType = RCC_CLOCKTYPE_HCLK|RCC_CLOCKTYPE_SYSCLK

|RCC_CLOCKTYPE_PCLK1|RCC_CLOCKTYPE_PCLK2;
RCC_ClkInitStruct.SYSCLKSource = RCC_SYSCLKSOURCE_HSI;
RCC_ClkInitStruct.AHBCLKDivider = RCC_SYSCLK_DIV1;
RCC_ClkInitStruct.APB1CLKDivider = RCC_HCLK_DIV1;
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RCC_ClkInitStruct.APB2CLKDivider = RCC_HCLK_DIV1;

if (HAL_RCC_ClockConfig(&RCC_ClkInitStruct, FLASH_LATENCY_0) != HAL_OK)
{
Error_Handler();

}
}

/**
* @brief ADC1 Initialization Function
* @param None
* @retval None
*/

static void MX_ADC1_Init(void)
{

ADC_ChannelConfTypeDef sConfig = {0};

/** Configure the global features of the ADC (Clock, Resolution, Data Alignment and number of
conversion)
*/
hadc1.Instance = ADC1;
hadc1.Init.ClockPrescaler = ADC_CLOCK_SYNC_PCLK_DIV2;
hadc1.Init.Resolution = ADC_RESOLUTION_12B;
hadc1.Init.ScanConvMode = DISABLE;
hadc1.Init.ContinuousConvMode = ENABLE;
hadc1.Init.DiscontinuousConvMode = DISABLE;
hadc1.Init.ExternalTrigConvEdge = ADC_EXTERNALTRIGCONVEDGE_NONE;
hadc1.Init.ExternalTrigConv = ADC_SOFTWARE_START;
hadc1.Init.DataAlign = ADC_DATAALIGN_RIGHT;
hadc1.Init.NbrOfConversion = 1;
hadc1.Init.DMAContinuousRequests = DISABLE;
hadc1.Init.EOCSelection = ADC_EOC_SINGLE_CONV;
if (HAL_ADC_Init(&hadc1) != HAL_OK)
{
Error_Handler();

}
/** Configure for the selected ADC regular channel its corresponding rank in the sequencer

and its sample time.
*/
sConfig.Channel = ADC_CHANNEL_1;
sConfig.Rank = 1;
sConfig.SamplingTime = ADC_SAMPLETIME_3CYCLES;
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if (HAL_ADC_ConfigChannel(&hadc1, &sConfig) != HAL_OK)
{
Error_Handler();

}

}

/**
* @brief ADC2 Initialization Function
* @param None
* @retval None
*/

static void MX_ADC2_Init(void)
{
ADC_ChannelConfTypeDef sConfig = {0};

hadc2.Instance = ADC2;
hadc2.Init.ClockPrescaler = ADC_CLOCK_SYNC_PCLK_DIV2;
hadc2.Init.Resolution = ADC_RESOLUTION_12B;
hadc2.Init.ScanConvMode = DISABLE;
hadc2.Init.ContinuousConvMode = DISABLE;
hadc2.Init.DiscontinuousConvMode = DISABLE;
hadc2.Init.ExternalTrigConvEdge = ADC_EXTERNALTRIGCONVEDGE_NONE;
hadc2.Init.ExternalTrigConv = ADC_SOFTWARE_START;
hadc2.Init.DataAlign = ADC_DATAALIGN_RIGHT;
hadc2.Init.NbrOfConversion = 1;
hadc2.Init.DMAContinuousRequests = DISABLE;
hadc2.Init.EOCSelection = ADC_EOC_SINGLE_CONV;
if (HAL_ADC_Init(&hadc2) != HAL_OK)
{
Error_Handler();

}
/** Configure for the selected ADC regular channel its corresponding rank in the sequencer

and its sample time.
*/
sConfig.Channel = ADC_CHANNEL_4;
sConfig.Rank = 1;
sConfig.SamplingTime = ADC_SAMPLETIME_3CYCLES;
if (HAL_ADC_ConfigChannel(&hadc2, &sConfig) != HAL_OK)
{
Error_Handler();

}

}
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/**
* @brief TIM2 Initialization Function
* @param None
* @retval None
*/

static void MX_TIM2_Init(void)
{

TIM_ClockConfigTypeDef sClockSourceConfig = {0};
TIM_MasterConfigTypeDef sMasterConfig = {0};

htim2.Instance = TIM2;
htim2.Init.Prescaler = 65535;
htim2.Init.CounterMode = TIM_COUNTERMODE_UP;
htim2.Init.Period = 4294967295;
htim2.Init.ClockDivision = TIM_CLOCKDIVISION_DIV1;
htim2.Init.AutoReloadPreload = TIM_AUTORELOAD_PRELOAD_DISABLE;
if (HAL_TIM_Base_Init(&htim2) != HAL_OK)
{
Error_Handler();

}
sClockSourceConfig.ClockSource = TIM_CLOCKSOURCE_INTERNAL;
if (HAL_TIM_ConfigClockSource(&htim2, &sClockSourceConfig) != HAL_OK)
{
Error_Handler();

}
sMasterConfig.MasterOutputTrigger = TIM_TRGO_RESET;
sMasterConfig.MasterSlaveMode = TIM_MASTERSLAVEMODE_DISABLE;
if (HAL_TIMEx_MasterConfigSynchronization(&htim2, &sMasterConfig) != HAL_OK)
{
Error_Handler();

}
}

/**
* @brief UART5 Initialization Function
* @param None
* @retval None
*/

static void MX_UART5_Init(void)
{

huart5.Instance = UART5;
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huart5.Init.BaudRate = 9600;
huart5.Init.WordLength = UART_WORDLENGTH_8B;
huart5.Init.StopBits = UART_STOPBITS_1;
huart5.Init.Parity = UART_PARITY_NONE;
huart5.Init.Mode = UART_MODE_TX_RX;
huart5.Init.HwFlowCtl = UART_HWCONTROL_NONE;
huart5.Init.OverSampling = UART_OVERSAMPLING_16;
if (HAL_UART_Init(&huart5) != HAL_OK)
{
Error_Handler();

}

}

/**
* @brief GPIO Initialization Function
* @param None
* @retval None
*/

static void MX_GPIO_Init(void)
{

/* GPIO Ports Clock Enable */
__HAL_RCC_GPIOA_CLK_ENABLE();
__HAL_RCC_GPIOC_CLK_ENABLE();
__HAL_RCC_GPIOD_CLK_ENABLE();

}

/**
* @brief  This function is executed in case of error occurrence.
* @retval None
*/

void Error_Handler(void)
{
__disable_irq();
while (1)
{
}

}



49

11. Works Cited

● Venkata Sindhoor Preetham, Venkata Patnam Sindhoor Preetham, et al. “Deep Learning
Based Recognition of Meltdown in Autistic Kids.” IEEE Xplore, IEEE, 2017,
https://ieeexplore.ieee.org/abstract/document/8031180. [1]

● Khullar, Vikas. “Meltdown/Tantrum Detection System for Individuals with Autism
Spectrum Disorder.” Taylor & Francis, Applied Artificial Intelligence, 2021,
https://www.tandfonline.com/doi/full/10.1080/08839514.2021.1991115. [2]

● “Autism and Developmental Disabilities Monitoring (ADDM) Network.” Centers for
Disease Control and Prevention, Centers for Disease Control and Prevention, 31 Mar.
2022,
https://www.cdc.gov/ncbddd/autism/addm.html#:~:text=CDC%20estimates%20that%20a
bout%201,the%20United%20States%20during%202018. [3]

● Liu, Yun, and Siqing Du. “Psychological Stress Level Detection Based on Electrodermal
Activity.” Behavioural Brain Research, Elsevier, 21 Dec. 2017,
https://www.sciencedirect.com/science/article/pii/S0166432817314006?casa_token=7mv
Gerf2jAYAAAAA%3AWvDuPArlC3YwwF8nGr4cSfjfCapqG2TbnTTWMSFcYXf3l8F
KK8fneyOdh7dgZaIWlLfXvk4k. [4]

● “Meltdowns - A Guide for All Audiences.” National Autistic Society - Leading UK
Charity for Autistic People, National Autistic Society, 2022,
https://www.autism.org.uk/advice-and-guidance/topics/behaviour/meltdowns/all-audience
s#H2_2. [5]



50

● “Logistic Regression.” Unsupervised Feature Learning and Deep Learning Tutorial,
Stanford, http://deeplearning.stanford.edu/tutorial/supervised/LogisticRegression/.       [6]

● Fouda, Engy. “Model Evaluation.” Powerpoint 4, 2022 [7]

● Fouda, Engy. “Decision Tree Model.” Powerpoint 6, 2022 [8]

● Pedregosa et al., “Scikit-learn: Machine Learning in Python”, JMLR 12, pp. 2825-2830,
2011. [9]


