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Introduction	  
 
The ‘samsungData’ data set is collected and built for studying human activity 
recognition using smartphones by group of scientists from Non Linear Complex 
Systems Laboratory, university in Italy. The experiments have been implemented on a 
group of 30 subjects within an age in 19-48 years old. These people carried Samsung 
Galaxy S II on the waist and performed six daily activities including walking, 
walking up, walking down, sitting, standing, laying.   
 
Using the smartphone combined with inertial sensors accelerometer and gyroscope, 
we measured 3-axial linear acceleration and angular velocity in time domain signals 
at a constant rate of 50Hz. The acceleration signal was then separated, using some 
filter, into body and gravity acceleration signals. Using a Jerk function, we compute 
the Jerk signals of only linear body acceleration signal and angular velocity. We 
derive the magnitude of these Jerk signals by Euclidean norm. Fast Fourier Transform 
(FFT) is then used to compute new values from some of the signals (body 
acceleration, body acceleration jerk, angular velocity, and magnitudes of these 
signals). 
 
This report focuses on building prediction models and applying these models to 
predict what activity a smartphone user is performing based on those above signals 
and their magnitudes on a specific time sliding window calculated from the Samsung 
phone.  

Methods	  

Data	  Collection	  
The data called “samsungData” was downloaded from (https://spark-
public.s3.amazonaws.com/dataanalysis/samsungData.rda) on 02/25/2013. 
This data consists of 7352 entities, each of which is a sliding time window of an 
activity of each subject and 561 measurements of two sensors accelerometer and 
gyroscope respectively. These columns include 8 main objects:  

• tBodyAcc: Linear Body Acceleration 
• tGravityAcc: Gravity Acceleration 
• tBodyAccJerk: Body Acceleration with Jerk Signal 
• tBodyGyro: Body Gyroscope 
• tBodyGyroJerk: Body Gyroscope with Jerk Signal 
• fBodyAcc: Fast Fourier Transform (FFT) Linear Body Acceleration 
• fBodyAccJerk: FFT Linear Body Acceleration with Jerk Signal 
• fBodyGyro: FFT Body Gyroscope 

These objects includes their estimated variables: mean value (mean), standard 
deviation (std), median absolute deviation (mad), largest value in array (max), 
smallest value in array (min), signal magnitude area (sma), energy measure (energy), 
interquartile range (iqr), signal entropy (entropy), auto-regression coefficients with 
Burg order equal to 4 (arCoeff), correlation coefficient between two signals 
(correlation) in 3-axis X, Y, Z and their magnitudes.  
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The data also provides estimated values of fBodyAcc, fBodyAccJerk, fBodyGyro 
such as index of the frequency component with largest magnitude (maxInds), 
weighted average of the frequency components to obtain a mean frequency 
(meanFreq), skewness of the frequency domain signal (skewness), kurtosis of the 
frequency domain signal (kurtosis), bandsenergy of a frequency interval within the 
64 bins of the FFT of each window (bandsEnergy).  
 
There are some more features added in using the angle() function. This function 
measures the angle between two vectors, and all of the angles are measured between 1 
vector with the gravity mean. Some of these vectors are X, Y, Z dimensional vectors 
and linear body acceleration, linear body acceleration jerk, body gyro and body gyro 
jerk. 

Exploratory	  Analysis	  
We explore the data by examining tables, building the model and plotting the 
results. At first, we try to clean up the raw data to make it easier for our data 
observation. The cleaning process is to replace variable names to easily apply the 
functions on them and make these names unique. Then we verify the quality of data 
and separate it into 2 sets for training and testing to predict the data. Finally, we 
determine the associating factors that help us build a model to predict the Activity of a 
Subject based on the measurements from Samsung Galaxy S II. 

Statistical	  Modeling	  
We apply the tree functions to build a forecasting model. Here the Tree function is the 
most common  technique from package tree and rpart in R for constructing 
Classification and Regression Trees (CART) models. Moreover, these standard 
techniques are not totally stable so I use another technique here Random Forests (RF) 
in package randomForest in R to improve the prediction accuracy of tree models.  
 

Reproducibility	  
All data analyses are performed in the manuscript that can be reproduced using by R 
on the data set. 
 

Results	  
 

Data	  cleaning	  
The variable names are cleaned by removing some punctuation characters in names 
such as parentheses, comma and dot, to make it easily in programming. This will not 
cause any misunderstanding because we already know all of main objects’ names 
with their estimated values. Some variables may cause trouble in identifying them. 
For example, the variable name ‘fBodyGyro-bandsEnergy()-1,8’ will change to 
‘fBodyGyrobandsEnergy18’. We know that the object fBodyGyro is estimated by 
bands energy of a frequency interval within the 64 bins of the FFT of each window. 
Then there are 16 values within this band (1, 8, 9, 16, 17, 24, 25, 32, 33, 48, 49, 56, 
57, 64), so to identify a unique band name, you can trace from the above 16 values, 
which can guarantee that the new name is unbiased and unique.  
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We find some duplicated variable names in data and improve them by adding suffix 
“.1” to duplicated ones. The term “bodybody” in variables has been replaced by 
“body”. 
 
 

Data	  identifying	  
Here is the table of 21 subject ids with number in time of their 6 activities 
 

 

Table 1:  Total activities per ID subject 

Each row in data is a case of one activity of one user id with its 561 features collected 
from the smartphone. These features are normalized and bounded within the interval 
[-1,1]. 
To build a function that we can predict which activities a subject performed, we create 
the training set which is 70% of data set and the test set is 30% of data set. The 
training set must include the subject ids 1,3,5 6 so we separate our data set as 
following: training set consists of all the data having the subject ids lesser or equal 25 
and the test set is the remaining in data set including ids 26, 27, 28, 29 and 30. 
 

ID laying sitting standing walk walkdown walkup  Total 
1 50 47 53 95 49 53 347 
3 62 52 61 58 49 59 341 
5 52 44 56 56 47 47 302 
6 57 55 57 57 48 51 325 
7 52 48 53 57 47 51 308 
8 54 46 54 48 38 41 281 
11 57 53 47 59 46 54 316 
14 51 54 60 59 45 54 323 
15 72 59 53 54 42 48 328 
16 70 69 78 51 47 51 366 
17 71 64 78 61 46 48 368 
19 83 73 73 52 39 40 360 
21 90 85 89 52 45 47 408 
22 72 62 63 46 36 42 321 
23 72 68 68 59 54 51 372 
25 73 65 74 74 58 65 409 
26 76 78 74 59 50 55 392 
27 74 70 80 57 44 51 376 
28 80 72 79 54 46 51 382 
29 69 60 65 53 48 49 344 
30 70 62 59 65 62 65 383 

Sum 1407 1286 1374 1226 986 1073 7352 
% 19.1 17.5 18.7 16.6 13.4 14.7 100 
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Function	  results	  
The tree model was applied on the training set to identify the relevant values. We get 
7 features that contribute in building the classification tree including 
fBodyAccJerkbandsEnergy116, tGravityAccminX, tGravityAccmaxY, 
fBodyAccMagenergy, tGravityAccarCoeffZ2, fBodyGyromaxIndsX, 
tBodyAccMagarCoeff1. The tree model is constructed with 8 nodes (figure.pdf – 
Right panel) and its misclassification error rate is 10.12%.  
 
The signal acceleration has dramatically influenced the predicting model. The 
variable: linear body acceleration Jerk signal applied on FFT then estimated in 
bandsEnergy with interval [1,16] can predict activities of walk, walk up and walk 
down. The other left side of fBodyAccJerkbandsEnergy116, laying is forecasted by 
min gravity acceleration in time and in X-axis lower than 0.096142. The value of 
maximum gravity acceleration in time by dimension Y is lower than -0.108454 
predicts a subject is standing and sitting otherwise. 
 
To examine the error rate of our tree model, we apply cross validation into the model 
on the training set. The below figure has showed us the change in two different kinds 
of error rates versus the size of our tree model. We can see that two graphs have the 
same trends in plots, the increase in size of tree model leads to the decrease in number 
of error rates which are misclassification and deviance errors.  
 

 
Figure 1: Cross validation errors 

The deviance scale is more stable than misclassification scale. The misclassification 
error has reduced more dramatically than deviance error in size between 5 and 6 of 
our model. However, in both graphs, the error rate is lower when the size of the tree 
increases to the largest, 8 nodes. Therefore, our model might predict well on a new 
sample. 
 
Then we can use our model to predict on the test set. The table1 gives us the 
prediction of activities comparing to the actual activity that we have. 
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 Predicted activities 
Laying Sitting Standing Walk Walkdown Walkup 

A
ct

ua
l a

ct
iv

iti
es

 Laying 369 0 0 0 0 0 
Sitting 0 305 37 0 0 0 
Standing 0 64 293 0 0 0 
Walk 0 0 0 250 7 31 
Walkdown 0 0 0 7 217 26 
Walkup 0 0 0 3 33 235 

Table 2: Confusion matrix for classification tree 

 Predicted class 
Laying Sitting Standing Walk Walkdown Walkup 

A
ct

ua
l a

ct
iv

iti
es

 Laying 369 0 0 0 0 0 
Sitting 0 299 43 0 0 0 
Standing 0 58 299 0 0 0 
Walk 0 0 0 284 1 3 
Walkdown 0 0 0 9 238 3 
Walkup 0 0 0 2 16 253 

Table 3: Confusion matrix for random forest 

 
Here, we try to make higher accuracy in prediction of our model by using multiple 
trees in function Random Forest. The table 2 and 3 show prediction on test set 
comparing to the actual data. The table 4 shows predictions’ accuracy of each activity 
as well as the overall accuracy in 2 prediction functions.  
 

Activities % Accuracy rate 
Classification tree Random forest 

Laying 100 100 
Sitting 89.2 87.4 
Standing 80.1 83.8 
Walk 86.8 98.6 
Walkdown 86.8 95.2 
Walkup 86.7 93.4 
Overall 89.9 96.26 

Table 4: Accuracy rate 

Comparing the 2 prediction models, we can see that the accuracy rate of the random 
forest is higher in general, and generate better results on most of the activities.  
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Conclusion	  
Overall, the random forest give us better prediction based on our fitted model with 
features from Samsung data set. The accuracies of activities in random forest function 
are all over 83% and this prediction gets 96% overall accuracy. Through the model, 
we can see the activities depends much on signal acceleration. The laying and 
walking activities have the highest prediction accuracies.  
 
The training data set must be large enough and bigger than testing data set to get 
highly fitted model. Furthermore, the bigger data will give us higher accuracy in 
prediction in general. I think with the bigger data, we can find more features that 
influence the forecast model of activities a subject do and our accuracy rate is 
improved.  
 
The human activities recognition has a widespread application in the real world, and it 
would be more worthy if we can have more features or different kinds of signals. 
Researches from Bao & Intille have claimed data from two accelerometers are not 
enough to provide good classification results, so they suggested a use of multiple 
accelerometers in different positions on people’s body. These reports would lead to 
better researches in the future by more experiments with different accelerometers to 
measure different activities of human.  
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