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Abstract 

This study investigates if a smartphones orientation in the pocket affects the result of a decision 

tree model trained with data from personal falls, and also how a low-pass filter affects these 

results. A comparison is made between the results gathered from this study, compared to previous 

studies and products within the field. The data was gathered using a smartphone application and 

was later split up to get datasets for all the different orientations of the smartphone. Before 

training the models, the data was processed through a low pass filter. Results showed that low 

pass filtered signals generally performed better and that two of the trained models, could outscore 

at least one other algorithm cited in this thesis in at least one category. However, existing products 

on the market that were investigated do not disclose their statistics and a comparison to these 

products could not be made. The best two orientations for the phone to be placed in the pocket 

was when the face of the phone was pointing out from the leg, and top of the phone was pointing 

up and also when the face of the phone was pointing out from the leg, and the top of the phone 

was pointing down. 
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1. Introduction 

1.1 Background 

Smartphones are something most people carry with them every day, therefore using the 

data gathered from the smartphone to detect falls and to alert another person if the carrier 

of the smartphone falls is beneficial to the carrier. This way the carrier can get help 

without doing anything. One of three elderly persons in the USA suffers injuries from 

falls annually, and injuries for those above the age of 85 whom fall are four times greater 

than adults aged 65 to 74. [1] Approximately 28-35% of people of age 65 and over fall 

every year, this increases to approximately 32-42% for people aged 70 and older. [2] Falls 

often lead to serious injuries and are the leading cause of death for elderlies. [3]  

The most common techniques used for automatic fall detection is thresholding 

techniques, however since 2010 machine learning has been seeing its influence increased. 

[4] 

Chelli et al. [3] used the data from two public databases to feed machine learning 

algorithms to recognize falls. The algorithms used were artificial neural network (ANN), 

K-nearest neighbours (KNN), quadratic support vector machine (QSVM) and ensemble 

bagged tree (EBT) which is a type of decision tree. However, it was not mentioned how 

the data in the database was acquired. 

Most of the research in the area covers devices or phones which are mounted on some 

way to a person’s body. Most people usually have their phone in a pocket or a handbag. 

A comparison between machine learning algorithms, and also between threshold-based 

algorithms has been done before and the results favored the machine learning algorithms, 

however the study was done only with a waist-mounted accelerometer. Gyroscope was 

mentioned as further work. [5] A personal fall detection wearable device using only an 

accelerometer has been used together with a decision tree algorithm. [6] In 2015 a study 

was made that used a waist mounted smartphone to detect personal falls. [7] A 

smartphone does not usually have a fixed orientation in the pocket or e.g. handbag and 

may show very different results from a device which is mounted in a fixed orientation on 

a person. 
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Fall detection systems have transportable mobility sensors such as accelerometers and 

gyroscopes and requires computing power and memory resources to implement a fall 

detection algorithm. The fall detection systems also need some kind of communication 

interface to send the alarm. Smartphones already has these features. [8] 

 

1.2 Aim and Purpose 

The purpose of this study is to analyze and compare the results of gathered datasets, 

consisting of gyroscope and accelerometer data from personal falls. The data shall run 

through a machine learning decision tree algorithm to produce the results which shall be 

compared to existing personal fall detection algorithms and previous work in the area. 

 

1.3 Research Questions 

How will the different orientations the phone can take in the pocket affect the results of 

the decision tree algorithm? 

How would the results used in this research compare to existing personal fall detection 

algorithms in the literature and to existing products? 

How does a low-pass filter applied to the data before running it through the decision tree 

algorithm compare to unfiltered results? 

 

1.4 Limitations 

Due to time limitations the gathered data will be exported to the Azure Machine Learning 

platform to be able to use the machine learning algorithms available in the “sci-kit learn” 

package which contains libraries for machine learning such as the decision tree algorithm.  

Time limitations also limit the number of personal fall datasets gathered to 300-500 

personal falls; this is because the data was gathered as a part of this work. The more data 

to train the machine learning model the better, this means that the number of datasets 

might be on the lower end and might affect the result. 
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The phones orientation in the pocket will be limited to face of the phone facing in toward 

the leg or face of the phone facing outwards from the leg, and top of the phone pointing 

up or top of the phone pointing down. This limitation is implemented since most 

smartphones are too big to be able to fit in the pocket any other way. 

Specificity (see section 3.1) cannot be calculated in the validation phase due to limitations 

in the library “sci-kit learn”. However, it can be calculated during the final test. 

 

1.5 Thesis Structure 

The thesis consists of: 

• An introduction where the background, aim and purpose, research question and 

limitations are introduced. 

• A literature study where previous related work and accomplishments are being 

investigated is presented. 

• A literature study where the basics of machine learning, decision trees and results 

from related works are investigated.  

• A method where it is shown what tools and data were used and how and why it 

was used. 

• Results of the experiment done in the Azure Machine Learning platform. 

• Discussion of the results and further work, and a conclusion to the thesis. 
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2. Related Work 

Accuracy, precision, specificity and recall is used multiple times in the segments below, 

a description of these terms can be found in section 3.1. 

Chelli et al. [3] used public data in their experiment with multiple machine learning 

algorithms the ensemble bagged tree scored the highest overall accuracy of  97.7%. The 

other machine learning algorithms used were artificial neural network, K-nearest 

neighbour and quadric support vector machine. The overall accuracy of these algorithms 

was 85.8%, 91.8% and 96.1% respectively. 

In a study by Omar et al. [5] a waist mounted accelerometer gathered data that was used 

in multiple machine learning algorithms. A decision tree scored a recall (also known as 

sensitivity) of 94% and a Specificity of 96%. The other machine learning algorithms used 

were logistic regression, naïve Bayes, K-nearest neighbour and support vector machines 

and the threshold-based algorithms. The best machine learning was support vector 

machine with a recall of 96% and a Specificity of 96%. A set of threshold-based 

algorithms was also used. The best threshold-based algorithm was Kangas3Phase with a 

recall of 94% and a specificity of 94%. 

A study that collected data from wearable device´s accelerometer mounted on elderly 

people, showed a decision tree algorithm with an accuracy of 91.67% and with a precision 

of 93.75% [6] 

BellPal Watch is a smartwatch designed for seniors who wants to live an active life. The 

watch uses advanced sensors to register falls and artificial intelligence to analyze the 

wearers movements. [9] 

The Snubblometer is a sensor that is placed on the leg of the wearer and measures 

stability, movement patterns, balance, falls and close falls. It is developed for users over 

65 years of age. [10] [11]  

FallSafety has created a smartphone/smartwatch application which has automatic fall 

detection in two modes: small fall detection and big fall detection. Small fall detection 

detects standing and sitting falls followed by inactivity, big fall detection detects falls 

from the height of the fourth rung of a ladder or falls which had a big impact. [12] 
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2.1 Chosen algorithm 

As seen in the previous section, there are many machine learning algorithms that has been 

used in this area before and many of the algorithms seem viable. 

The decision tree known as classification tree was chosen as the algorithm to be used in 

this work due to decision trees previously good results. It was also chosen due to the small 

amount of data preparation needed but also because the model can be validated and handle 

categorical data which this experiment will use. [13]  E.g. either it is a fall, or it is not. 

 

2.2 Chosen sampling rate 

In order to find a suitable sampling frequency a study into previous used sampling rate in 

the area has been made. 

Igual et al. [14] concluded in their study that a sampling frequency of 100Hz is not 

preferable to 50hz. In another study done by Tsinganos et al. [15] they took the power 

consumption into consideration and opted for 50hz sampling frequency instead of 100hz. 

In a study Bet et al. [16] found out that out of 27 papers in the area about fall detection 

and other closely related topics such as fall risk screening, the most commonly used 

sampling rates were 50Hz with 8 out of 27 articles claiming to use it, and 100hz with 7 

out of 27 articles claiming to use it. 

These studies have led us to believe that a 50Hz sampling rate is enough to gather the 

required data to get a reliable result. 
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3. Theoretical background 

3.1 Accuracy, Precision, Specificity and Recall 

When “fall” or “non-fall” are mentioned in this section it refers to this study, in other 

works it might be another categorization. 

True positive (TP) is a fall, categorized as a fall.  

True negative (TN) is a non-fall, categorized as a non-fall. 

False positive (FP) is a non-fall, categorized as a fall. 

False negative (FN) is a fall, categorized as a non-fall. 

Accuracy is the ratio of correctly categorized falls and non falls to all the falls and non 

falls. 

 

Precision is the ratio of correctly categorized falls to all the categorized falls

 

Specificity is the ratio of correctly categorized non falls to all the actual non falls

 

Recall is the ratio of correctly categorized falls to all the actual falls

 

[17] 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 

Formula 1. Accuracy calculation 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Formula 2. Precision calculation 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

Formula 3. Specificity calculation 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Formula 4. Recall calculation 
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3.2 Machine Learning 

The data science technique machine learning uses existing data to predict future 

behaviors, outcomes and trends. [18] Common machine learning algorithms also predict 

categories, finds abnormal data points and finds similarities. [19] Using machine learning, 

computers learn without being directly programmed to do a certain task. Forecasts and 

predictions made from machine learning can help recommend products based on previous 

purchases or compare transactions to a database and detect fraud and thus, making 

applications and devices smarter. [18] The most common machine learning algorithms 

techniques are as following: 

• Supervised learning takes a set of labelled examples and makes predictions, this 

is a useful technique when you know what the outcome should be. An example of 

this can be predicting a city´s population in coming years, the outcome would then 

use the existing labels; population, city and year that exists in the dataset. 

• Unsupervised learning does not have labelled data points in advance. The 

algorithm sets a label on the data points by organizing the data or describing its 

structure. 

• Reinforcement learning algorithms learn from outcomes and then decides on 

what action to take. After every action feedback helps the algorithm determine if 

the choice was correct, neutral or incorrect. This technique is good technique to 

use in automated systems which must make many small decisions without human 

guidance. [19] 

 

3.3 Decision trees 

A decision tree is a non-parametric supervised machine learning method which is used 

for classification and regression.  

Some of the advantages of a decision tree are but not limited to: 

• Trees can be visualised, making it easy to understand and interpret. 

• Small amount of data preparation is needed. 

• Can handle numerical and categorical data. 

• Can handle multi-output problems. 

• Can validate the model using statistical tests. 
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• White box model. Given an observable situation in a model, the condition can 

easily be explained with Boolean logic. 

Some of the disadvantages of a decision tree are but not limited to: 

• Decision tree learners might overfit the data; create over-complex trees. 

• Small variations in the data can sometimes result in a completely different tree 

being generated, thus making the tree unstable. 

• Biased trees might be created if some classes dominate, however this can be 

avoided by balancing the dataset. [13] 

 

3.3.1 Classification tree 

Classification trees is built from a process called binary recursive partitioning which is 

an iterative process that splits the data into partitions and then further splits up the 

partitions into new partitions. The decision variable outcome is categorical or discrete. 

[20] 

 

 

 

3.3.2 Regression tree 

A regression tree typically has real numbers as a decision variable, for example the length 

of a stay in a hospital or price of a house. [20] 

 

Figure 1. Example of a simple classification tree with a categorical decision variable 
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3.3.3 Gini Impurity 

Gini impurity is a method to measure the optimal split from a root node and splits in 

following nodes in a decision tree algorithm. Gini impurity show the probability of 

misclassifying an observation in a node. [21] 

The Gini impurity GI can in this thesis be calculated according to formula 5 where F is 

the number of falls in the node, N is the number of non-falls in the node. [22] 

 

3.3.4 Ensemble methods 

Ensemble methods is used to combine several decision trees to produce a better predictive 

performance than what a single decision tree would do. [23] 

Bagging creates a decision tree for every sample in a dataset. When all the decision trees 

have been formed, an algorithm aggregates over these decision trees and form the most 

effective predictor. [24] 

Boosting is an ensemble technique where every tree corrects for the errors of the previous 

tree, e.g. the second tree corrects for the errors of the first tree. The entire ensemble of 

trees is the basis of the predictions. [25] 

 

Figure 2. Example of a simple regression tree with a continuous target variable of house prices 

𝐺𝐼 = 1 − (
𝐹

𝐹 + 𝑁
)

2

−  (
𝑁

𝐹 + 𝑁
)

2

 

Formula 5. Gini impurity calculation 
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3.4 Validation 

Training a model and testing it on the same data would lead to a model that can have a 

perfect score but failing to predict anything on data that has yet to be seen, this is called 

overfitting. To avoid overfitting, it is common practice to split the data into a training data 

set and a test dataset. There is still a risk of overfitting on the test set when evaluating 

different settings for the model, which might have its root in that the settings can be 

tweaked until the model performs optimally. This problem is solved by splitting up the 

dataset with another part, so called “validation set”. The model is trained on the training 

set, evaluated on the validation set, and when it looks like the experiment is successful, 

the final evaluation is done on the test set. By doing this, the number of samples that can 

be used for training the model is reduced drastically. [26] 

Using cross-validation makes this problem less significant. A test set is still used for final 

evaluation; however, the validation dataset is no longer needed. Cross validation uses an 

approach called “k-fold” in which the datasets are split up into k smaller sets. The model 

is then trained using 𝑘 − 1 of the folds as training data for each split. The remaining fold 

is used as a validation set on which the model is validated. [26] 
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4. Method 

4.1 Mobile Application 

The mobile application used to gather the data was created using Android Studios. The 

application was installed on an Asus Zenfone 6. The accelerometer and gyroscope of the 

smartphone are used together with an application to gather the dataset consisting of falls 

and non-falls. The application consists of four radio buttons to which must correspond to 

the orientation of the phone in the pocket while recording the simulated fall or non-fall. 

The four orientations used are the most common orientations of the phone in a pocket, 

which are: face in or face out and top down or top up. There are also two buttons, “Fall” 

and “Non-fall” that are used to start the recording of 5 seconds of sensor values from the 

x, y and z axis of both the accelerometer and gyroscope at 50Hz. Once one of these 

buttons are pressed, the data is appended to a single row in a semi-colon delimited file. 

The file consisting of the sensor datasets are later uploaded to a cloud service where Azure 

Machine Learning has direct access, later these datasets are validated and tested against 

the decision tree model. 

4.2 Dataset 

The datasets were gathered using a volunteer whom to not injure themselves fell onto a 

mattress. However, the datasets must be balanced to not create a biased result when 

running through the decision tree [13], this means that about 50% of the data rows in each 

dataset are falls, and the remaining 50% are non falls.  The smartphone was placed in the 

pocket and then the volunteer fell onto the mattress multiple times, and the falls were 

recorded to gather the x, y and z values of the accelerometer and gyroscope. Once one 

orientation determined by the radio buttons, e.g. face in, top down, had been chosen, the 

volunteer recorded a fall onto a mattress one time, and then did something else that did 

not include a fall such as but not limited to; walking, jogging, standing still, going from 

a sitting position to a standing position, etc.  

The datasets consist multiple rows where each row is either a fall or non-fall. For each 

row there are multiple columns. The first column indicates the fall type, if it is a fall or 

not, the second and third columns show us the orientation of the phone during the 

recorded set. Then there are 250 columns of data for each axis of the sensors, meaning 
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there are 750 columns of sensor data for each sensor, adding up to a total of 1500 columns 

of sensor data. Information about how these data rows are distributed can be found in 

table 1.  Figure 9 in the results show a decision tree with values assigned to “X[n]” where 

n is the column in the data row. Below is an explanation of which column belong to which 

axis and sensor. 

X[0... 249] is the X axis of the accelerometer.  

X[250... 499] is the Y axis of the accelerometer.  

X[500... 749] is the Z axis of the accelerometer. 

X[750… 999] is the X axis of the gyroscope.  

X[1000... 1249] is the Y axis of the gyroscope.  

X[1250... 1499] is the Z axis of the gyroscope. 

 

 

 

4.3 Azure Machine Learning 

The platform offers multiple subtypes of decision trees, the one used in this model will 

be the decision tree. 

417 data rows with 

unique sensor values 

208 non-falls 

54 Face in, top down 

51 Face in, top up 

54 Face out, top down 

49 Face out, top up 

209 falls 

52 Face in, top down 

52 Face in, top up 

54 Face out, top down 

51 Face out, top up 

Table 1. Dataset information 

 



 

17 

 

All the tests, experiments and predictions were made on the Azure Machine Learning 

platform. Azure Machine Learning platform allows you to split your dataset into two 

smaller datasets and use one part of the datasets to train the model and use the remaining 

dataset to predict the result. The code used to train, validate and test the model is written 

in python which is one of the offered programming languages together with the scikit-

learn library that offers the machine learning functions needed for this thesis. 

The dataset in the uploaded file were split up using the orientational columns and copied 

into smaller datasets depending on the orientation of the phone. These datasets were then 

copied, and a low-pass filter was applied to the copies, the orientational columns are then 

dropped because they have served their purpose to split the original dataset and they are 

not needed when training the model. The “fall type” column must be dropped from the 

datasets and moved into its own dataset consisting of only the fall type, this can be called 

the “solution dataset”. This means that there is a total of 10 datasets with their 

corresponding solution dataset that show whether a data row is a fall or not. The datasets 

(not solution dataset) are as following and will later be referred to as experiments: 

• All data unfiltered 

• All data filtered 

• Face in, top down filtered 

• Face in, top down unfiltered 

• Face in, top up filtered 

• Face in, top up unfiltered 

• Face out, top down filtered 

• Face out, top down unfiltered 

• Face out, top up filtered 

• Face out, top up unfiltered 

The implemented software low-pass filter was used to avoid potential noise and to be able 

to compare how the machine learning model using the filtered data compares to the 

unfiltered data. The formula for the low-pass filter can be seen in Formula 6 where x(n) 

is the sensor value in the array, y(n) is the new filtered sensor value and s is a constant 

value used for smoothing. [27] [28] 
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The following procedure will then be done for all the data sets listed above.  

The dataset is split into partitions, 85% becomes the training and validation dataset and 

15% becomes the test dataset, this is done by using a function imported from the sci-kit 

learn library. This function needs the dataset, and the corresponding “solution dataset” to 

split into the train and validation dataset and the test dataset.  

The training and validation dataset is then used to train the decision tree model and once 

the model is trained, the cross validation using k-fold occurs using the same dataset. The 

test dataset is then evaluated using the same model, this is where the result comes from. 

The results will then be analyzed, discussed, and compared to both the different datasets 

used in this thesis, but also to other work in the area. 

Azure Machine Learning platform will also be used for plotting graphs and plotting the 

decision tree. 

 

 

 

 

 

 

 

 

 

 

 

𝑦(𝑛) = 𝑦(𝑛 − 1) +
(𝑥(𝑛) − 𝑦(𝑛 − 1))

𝑠
               𝑛 = 1,2,3, … 

Formula 6. Low-pass filter 
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5. Result 

5.1 Low-pass Filter Smoothing Value 

The source data did not have a lot of noise but there were some parts of the sensor values 

as show in figure 3 that was noisy. This meant that a low smoothing value of s = 4 in 

formula 6 could be used in the low-pass filter to keep the data as true to the source data 

as possible but still removing the small amount of noise that exists, see figure 4. 

In figure 5 and 6 there is an example of the sensor values graph of a fall with high 

smoothing and a lower value, this sample was taken while the person was standing still 

for the first 50th datapoint, then started walking and fell right before the 200th datapoint. 

Here it is shown that the higher smoothing value almost removes all the features of the 

peaks and valleys of the sensor values which is not wanted in this thesis where only the 

noise is supposed to be removed. 

  

Figure 3. Noisy signal while sitting still                   Figure 4. Low pass filtered signal while sitting still 
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Figure 7 is the non-filtered signal of figure 5 and 6, in figure 5 the peaks are lowered but 

otherwise the signal is very much alike to figure 7. Most of the noise which is most visible 

in the first 50 datapoints where the person is standing still are smoothed out so that it is 

not as prominent.  

  

Figure 5. Low pass filtered signal of a fall using smoothing value s = 4 

  

Figure 6. Low pass filtered signal of a fall using smoothing value s = 10 
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The low pass filter also introduces a slight delay in the peaks of the signal; however, it is 

considered not to be a problem since the peaks are only shifted a couple of datapoints 

behind the original signal. 

 

5.2 Machine Learning Results 

The validation results can be found in chart 1 below. The model used to get the validation 

results was also used to get the test results using data not previously seen by the model. 

These results are visualized in chart 2 below. The experiments exist in pairs with 

unfiltered experiment and filtered experiment counterpart. E.g. “Face in top down 

  

Figure 8. Low pass filtered signal of a non-fall while running up the stairs using smoothing value s = 4 

  

Figure 7. Non-filtered signal of a fall 
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unfiltered” uses all data rows where the phone was in the face in top down orientation, 

but is unfiltered, and “Face in top down filtered” uses all data rows where the phone was 

in the face in top down orientation but is filtered with a low pass filter. The exact values 

can be seen in the appendix under the title “Raw data result” in table 2 to 22. The visual 

plot of a single decision tree model can be seen in figure 9. The “value” in the nodes of 

the decision tree in figure 9, shows how many non-falls there are compared to falls in 

each node. The text “gini” in the decision tree nodes stands for “Gini Impurity” and is 

explained in section 3.2.3 Gini Impurity. X[n] which is visible in the nodes in figure 9 is 

explained in section 4.2. The remaining decision tree plots can be seen in the appendix 

under the title “Decision Tree plots” in figure 10 to 18. 

 

 

 

Chart 1. Validation Mean KFold Score Result Summary 
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Chart 2. Test Result Summary 
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Figure 9. Decision tree with filtered input data, face out, top up 
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6. Discussion 

6.1 Experiment analysis 

As seen in chart 1 and 2 in the appendix results from both the validation datasets and test 

datasets show that overall the mean score have been improved by using filters. Overall, 

as seen in table 2 to 20, using filters in the validation dataset lowers the 95% Confidence 

Interval.  

Chart 2 shows us that in the experiment “face in, top down filtered” the accuracy and 

specificity was lower than its unfiltered counterpart, meaning that in 4 out of 5 low-pass 

filtered experiments the accuracy and specificity was higher than the experiments 

counterpart. This indicates that filters overall increases the accuracy and specificity. The 

precision of the test results in experiments “face in, top down” and “face in, top up” shows 

that 3 out of 5 low pass filtered experiments had a better precision than its unfiltered 

counterparts. Lastly when it comes to recall, two experiments had a better score, two had 

the same score and one scored worse than its unfiltered counterpart. 

The experiment “face in, top down filtered” stands out because it scored worse in every 

category except recall, where it had the same score as its unfiltered counterpart. However, 

the overall score for the experiments combined has been increased. 

The experiment “face out, top up filtered” managed to score a higher specificity than the 

result from the support vector machine and a decision tree in the work of Omar et al. 

which were at 96% specificity respectively [5]. This experiment also managed to score a 

higher precision than in the work of Yacchirema et al [6].  

The experiment “face out, top down filtered” and the experiment “face out, top up 

filtered” had a better accuracy than Chelli et al [3] and their artificial neural network 

which had an accuracy of 85.8% compared to experiment the experiment “face out, top 

down filtered” and the experiment “face out, top up filtered” which were at 88.24% and 

87.5% respectively.  

All the other experiments had a worse performance than the other works cited in this 

thesis. 
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Overall, the experiments where the phone was placed in a certain orientation in the 

pocket, have a similar or slightly better score than in experiment “all data unfiltered” and 

“all data filtered” where the orientations of the smartphone in the dataset were mixed. 

 

6.2 Existing products 

A comparison to existing products such as the BellPal Watch [9], Snubblometer [11], the 

FallSafety application [12], and many other products does not give out any actual 

statistics on how their products performs other than something obscure similar to 

“excellent fall detection” or “top of the line fall detection algorithm”. Therefore, a 

comparison of the results in this thesis compared to existing products could not be made. 

 

6.3 Methodical discussion 

The program as is, only records five seconds at a determined point. For this to work in a 

real life situation it would have to continuously record data, and most likely run it through 

the trained model at increments. The actual fall most often occurred during the last two 

seconds of recorded falls. This means that if this machine learning model was 

implemented as is in a program running at increments and the fall occurs during the first 

seconds it is probably less likely to register as a fall. This can probably be fixed by making 

sure that the falls are more evenly spread out during the five second recording phase and 

then train the decision tree model with that data. One way to more easily get this data is 

to, for example, start five recordings at one second increments for every fall to be 

recorded. This way we would get five data rows for every fall with the fall being recorded 

at five different positions in the data. 

 

6.4 Result discussion 

The model used in the experiment “face out, top up filtered”, was the best performing 

model overall when looking at the average of all the scores in that experiment. However 

it can not be considered the best model, since recall is the value that determines how many 

correct predictions that were made out of all the data rows where the volunteer actually 
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fell, the model with the highest recall score should be considered the best model. The best 

model would then be the model trained from the experiment “face out, top down filtered”, 

this model also has the highest accuracy, which is also very important, but not as 

important as recall in this study. While accuracy is important since it shows the 

percentage of correct categorizations out of falls and non falls, I do believe that in this 

thesis, recall is most important because it show the percentage of correctly categorized 

falls. 

The best orientations in the pocket were found to be face out, top down as seen in the 

experiment “face out, top down filtered”, where the test results had the highest accuracy 

and recall. The second-best orientation would be face out, top up as seen in the experiment 

“face out, top up filtered”, this experiment had the highest overall score when considering 

accuracy, precision, recall and specificity, but lower accuracy and recall than when the 

smartphone were in the face out, top down orientation. However, since the experiment 

where the smartphone is in a specific orientation are pretty much the same experiment 

but with the phone placed in different orientations, it can be argued that the results should 

be very similar, which they are not. This is likely caused by the small dataset and that 

every data row in the datasets are a different fall. The result might have been more similar 

if the exact same fall was recorded for every orientation, by using for example, four 

phones (or something similar) to record the data for every orientation, during one fall.  

Overall using a low pass filter do seem to improve the models score as seen in four out 

of the five experiment pairs. It is possible that the experiment “face in, top down filtered” 

that had a worse score than its unfiltered counterpart just had a training dataset that did 

not train the model very well, or that the test data set had data rows that were vastly 

different from the data rows in the training set. This seems even more likely when taking 

into consideration that there is a low amount of data rows in the data set. 

Even though the phone was in a specific orientation in the pocket, the phone is not fixed 

in that orientation and can still wobble around a bit in the pocket, especially when falling, 

this might very well have affected the result, most likely in a negative way since the data 

points will have more variation than that of a fixed sensor. 

The small data sets used on the experiments with specific orientation most likely have 

affected how well the model has been fitted. During the validation phase it could be seen 

that the score varied much more than during the validation phase of the experiment that 
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used all data with different smartphone orientations compared to the orientational 

experiments. 

The non-fall in figure 8 show us that the max value (19.7) of the Y axis on the 

accelerometer comes close to the max value (21.46) of the fall in figure 5. This indicates 

that a threshold-based fall detection algorithm based on peak and lowest valley values 

could possibly struggle to have a set value that counts everything higher/lower than that 

as a fall. It would have to use at least one values for every axis. A threshold-based 

algorithm would also have trouble with different orientations since the peaks might 

suddenly become a valley instead. 

 

6.5 Social and ethical aspects 

The result show that machine learning has big potential when it comes to fall detection. 

Nursing homes and individuals with medical issues making them more prone to falls 

could use the help of an application that can detect a fall and alert someone nearby and/or 

relative through a SMS for example. It could possibly even save lives of people that fall 

badly. 

Data collection to further improve the algorithm can and should be done anonymously 

and would therefore not result in any privacy issues. And if a user does not want to send 

data to help improve the algorithm there should always be an option to opt out. The user 

should be informed, through the application, about how the data is collected and stored. 

Servers which are storing the data will of course have a negative effect on the 

environment. This can however be mitigated by using services that use clean energy from 

renewable sources. 

6.6 Future work 

The amount of data rows gathered most definitely are on the lower end, especially for the 

tests where the phone has a certain orientation. A study made with more data rows would 

most likely show better fitted models which might eliminate the deviation where 

experiment 3 has a better unfiltered result than its filtered counterpart. 
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This study also only uses one volunteer to record all the data. A single person probably 

has some kind of “falling pattern”, most likely in the way that they use their body when 

trying to mitigate the fall. Using more volunteers to record data might affect the result. 

The filter used in this project was just enough to smoothen out a bit of the noise generated 

from the phone’s sensors. It might be very interesting to see the results when doing the 

same experiments again but with a higher smoothing value, since when looking at figure 

5, it is very easy to spot where the fall occurs, maybe the machine learning algorithm also 

can recognize this. 

Since the result show that the filtered dataset overall perform better that the unfiltered 

data sets, it seems like low pass filtering does matter and it would be very interesting to 

see the results of a decision tree model that has integrated the low-pass filter into the 

algorithm and can predict or categorize the best parameters for the filter. 

It would be even more beneficial to the user if the algorithm could predict a fall before it 

happens and alert the user, an example of this could be an user that is dizzy might walk 

differently than normal, maybe the machine learning algorithm can pick up on this and 

predict a fall. 

This project only used a low-pass filter, using different filters, such as a higher order filter 

on the dataset to compare the scores after the models are trained and tested might lead to 

better results. 

When looking at figure 5, the gyroscope lines does not at all show an curve as prominent 

as the accelerometer lines, an experiment made without the gyroscope data to compare 

the result could very possibly give interesting result, maybe the gyroscope data 

“confuses” the model and it is not as accurate as it can be. However, a counter point to 

this is that when looking at the decision tree in figure 9, one of the nodes actually use 

gyroscope data even though it in the graphs looks like it barely moves. Maybe the 

gyroscope can be used as an indicator to how bad a fall is, tumbling down a stair might 

cause a bigger amplitude in the graphs. 
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7. Conclusion 

Personal falls is a problem among the elderly population in today’s society and causes 

many injuries, the probability of this happening increases the older a person gets. 

Smartphones are something most people use and carry with them on a daily basis and an 

application which can detect personal falls and alert someone can therefore be beneficial 

to the carrier. 

A volunteer was used to collect data from a mobile application, the data was then saved 

to the cloud where Azure Machine Learning platform could access it. The platform was 

used to code the machine learning program. 

The results of this experiment show that trained models are good enough to detect most 

falls and could warrant use in a real situation such as used on elderly people in their home. 

The best trained model managed to correctly predict 88.89% of all the actual falls (recall) 

correctly.  

When the phone is in the face out, top down and in the face out, top up orientation in the 

pocket, the results managed to outscore at least one other cited work in this thesis in at 

least on category. Existing fall detection products that were investigated during this thesis 

do not disclose their statistics and could therefore not be compared. 

The results do however look promising, and using filters seems to improve the score when 

looking the results from the filtered data sets as these overall get a better score than their 

unfiltered counterpart. In the best performing model, there were a total of 108 data rows, 

15% (16 data rows) out of these were used for testing. This is a low amount of data rows 

to conduct the testing on. Collecting more data in a similar fashion will likely lead to an 

even higher and more reliable score during the testing phase since the model will have 

more data to learn from. 

The orientation of the phone is not fixed in the pocket and the phone wobbles around 

during a fall which probably affects the results in a negative way since the sensor data 

will have a greater variation than a fixed sensor would have. The orientation which scored 

the highest accuracy and recall were the experiment “face out, top down filtered”, this 

implies that face out, top down is the best orientation for a phone to take in the pocket 

while using a decision tree and low pass filter 
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Using a decision tree on data gathered from a smartphone do seem to score around the 

lower end of the scores listed in previous work cited in this thesis. However, the scores 

of the result are likely to get higher with more gathered data. 
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Appendix 

Raw data results 

 

Experiment 1: All data rows unfiltered 

 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 77,46% 78,87% 74,65% 81,69% 80% 78,54% ±4,77% 

Precision 77,54% 78,87% 75,25% 81,72% 80,59% 78,79% ±4,55% 

Recall 77,5% 78,78% 73,92% 81,67% 80,59% 78,49 ±5,4% 

Table 2. Experiment 1 validation results 

 
Test Result 

Accuracy 74,6% 

Precision 61,76% 

Recall 87,5% 

Specificity 66,67% 

Table 3. Experiment 1 test results 
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Experiment 2: All data rows with a low-pass filter 

 

Experiment 3: Unfiltered rows with face in top down 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 81,69% 80,28% 83,1% 80,28% 77,14% 80,5% ±3,95% 

Precision 80,81% 80,78% 84,02% 80,28% 76,9% 80,56% ±4,52% 

Recall 82,37% 80,93% 83,21% 80,28% 77,17% 80,79% ±4,17% 

Table 4. Experiment 2 validation results 

 
Test Result 

Accuracy 82,54% 

Precision 87,88% 

Recall 80,56% 

Specificity 85,19% 

Table 5. Experiment 2 test results 

 

Test Result 

Accuracy 81,25% 

Precision 85,71% 

Recall 75% 

Specificity 87,5% 

Table 7. Experiment 3 test results 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 88,89% 83,33% 94,44% 77,78% 83,33% 85,56% ±11,33% 

Precision 87,5% 81,25% 93,75% 77,78% 83,33% 84,72% ±11,01% 

Recall 91,67% 88,46% 95,45% 79,22% 83,75% 84,72% ±11,45% 

Table 6. Experiment 3 validation results 
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Experiment 4: Low pass filtered rows with face in top down 

 

Experiment 5: Unfiltered rows with face in top up 

 

Test Result 

Accuracy 62,5% 

Precision 77,78% 

Recall 63,64% 

Specificity 60% 

Table 11. Experiment 5 test results 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 88,89% 77,78% 82,35% 88,24% 88,24% 85,10% ±8,73% 

Precision 88,89% 79,17% 82,64% 88,89% 88,89% 85,69% ±8,13% 

Recall 88,89% 76,25% 82,64% 90% 90% 85,56% ±10,8% 

Table 10. Experiment 5 validation results 

Test Result 

Accuracy 68,75% 

Precision 42,86% 

Recall 75% 

Specificity 66,67% 

Table 9. Experiment 4 test results 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 83,33% 83,33% 88,89% 88,89% 83,33% 85,56% ±5,44% 

Precision 83,75% 88,46% 91,67% 88,31% 83,75% 87,19 ±6,10% 

Recall 83,33% 81,25% 87,5% 88,31% 88,33% 84,75% ±5,4% 

Table 8. Experiment 4 validation results 
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Experiment 6: Low pass filtered rows with face in top up 

 

Experiment 7: Unfiltered rows with face out top down 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 88,89% 83,33% 88,24% 94,12% 88,24% 87,39% ±8,49% 

Precision 85,71% 83,77% 88,19% 94,44% 85% 87,42% ±7,59% 

Recall 92,31% 8,25% 88,19% 94,44% 85% 88,49% ±8,86% 

Table 12. Experiment 6 validation results 

Test Result 

Accuracy 81,25% 

Precision 71,43% 

Recall 83,33% 

Specificity 80% 

Table 13. Experiment 6 test results 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 94,74% 88,89% 83,33% 77,78% 83,33% 85,61% ±11,52% 

Precision 94,44% 86,15% 85% 76,25% 82,5% 84,87% ±11,77% 

Recall 95,45% 86,15% 86,36% 79,17% 83,77% 86,18% ±10,62% 

Table 14. Experiment 7 validation results 

Test Result 

Accuracy 64,71% 

Precision 66,67% 

Recall 66,67% 

Specificity 62,5% 

Table 15. Experiment 7 test results 
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Experiment 8: Low pass filtered rows with face out top down 

 

Experiment 9: Unfiltered rows with face out top up 

Test Result 

Accuracy 68,75% 

Precision 66,67% 

Recall 75% 

Specificity 62,5% 

Table 19. Experiment 9 test results 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 89,47% 83,33% 83,33% 83,33% 83,33% 84,56% ±4,91% 

Precision 93,33% 85% 82,5% 81,17% 87,5% 85,9% ±8,61% 

Recall 83,33% 86,36% 83,77% 83,33% 83,33% 84,03% ±2,36% 

Table 16. Experiment 8 validation results 

Test Result 

Accuracy 88,24% 

Precision 88,89% 

Recall 88,89% 

Specificity 87,5% 

Table 17. Experiment 8 test results 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 82,35% 82,35% 76,47% 88,24% 87,5% 83,38% ±8,5% 

Precision 82,86% 81,94% 80% 87,12% 88,89% 84,16% ±6,64% 

Recall 81,94% 82,86% 81,81% 87,12% 88,89% 84,54% ±5,83% 

Table 18. Experiment 9 validation results 
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Experiment 10: Low pass filtered rows with face out top up 

 

Test Results Summary 

 

 

Validation KFold1 KFold2 KFold3 KFold4 KFold5 Mean 
95% Confidence 

Interval 

Accuracy 82,35% 88,24% 88,24% 88,24% 87,5% 86,91% ±4,59% 

Precision 86,36% 88,19% 90,9% 90% 90,9% 89,28% ±3,52% 

Recall 83,33% 88,19% 87,5% 88,89% 85,71% 86,73% ±4% 

Table 20. Experiment 10 validation results 

Experiment  1 2 3 4 5 6 7 8 9 10 

Accuracy 

(%) 
74,6 82,54 81,25 68,75 62,5 81,25 64,71 88,24 68,75 87,5 

Precision 

(%) 
61,76 87,88 85,71 42,86 77,78 71,43 66,67 88,89 66,67 100 

Recall (%) 87,5 80,56 75 75 63,64 83,33 66,67 88,89 75 75 

Specificity 

(%) 
66,67 85,19 87,5 66,67 60 80 62,5 87,5 62,5 100 

Table 22. Test result summary 

 

Test Result 

Accuracy 87,5% 

Precision 100% 

Recall 75% 

Specificity 100% 

Table 21. Experiment 10 test results 
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Decision Tree plots 

 

 

Figure 10. Unfiltered decision tree, all data rows 



 

41 

 

 

 

Figure 11. Filtered decision tree, all data rows 
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Figure 12. Unfiltered decision tree, face in, top down data rows 
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Figure 13. Filtered decision tree, face in, top down data rows 



 

44 

 

 

 

Figure 14. Unfiltered decision tree, face in, top up data rows 
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Figure 15. Filtered decision tree, face in, top up data rows 
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Figure 16. Unfiltered decision tree, face out, top down data rows 
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Figure 17. Filtered decision tree, face out, top down data rows 
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Figure 18. Unfiltered decision tree, face out, top up data rows 


