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Abstract
The automatic recognition of Activities of Daily Living (ADL) with a multi-sensor mobile device that can acquire different types of sensors’ data, and rely on the use of machine learning methods to handle the recognition of ADL with reliable accuracy. This paper focuses on the literature review of the existing methods to make the identification of ADL in order to assess the efficiency of the different methods for the identification of ADL and their environments using off-the-shelf mobile devices. Data acquired from several sensors can be used for the identification of ADL, where the motion, magnetic and location sensors handle the recognition of activities with movement, and the acoustic sensors handle the recognition of activities related with the environment. Therefore, the main purpose of this study is to present a review of the machine learning methods already used on this field, relating them with the accuracy and number of ADL recognized.

Keywords: Activities of Daily Living; Mobile devices; pattern recognition; sensors; methods; review

1. Introduction
The recognition of Activities of Daily Living (ADL) is of great importance for a number of reasons, among which one can find the need to monitor the activities of an elder or a diseased person, as to allow the definition of adequate therapies not only as an improvement of that person’s health, but also as an improvement to her/his wellbeing or quality of life. Among these reasons it must be included the development of a personal digital life coach [2], that extending the identification of ADL should also be able to recognize the physical and emotional states of the people.
An ADL [1] may be identified with several types of sensors, including the motion, magnetic, vision, acoustic and location sensors usually found in off-the-shelf devices such as smartphones, allowing this identification to be performed in uncontrolled environments. While the recognition of ADL in controlled environments is related to the activities performed in smart environments equipped with several sensors, the recognition of ADL in uncontrolled environments is related to the use of several sensors attached to the subject’s body or carried by the subject during the activities of the daily life. In this last scenario, the sensors used can be the ones that are widely available in a variety of off-the-shelf mobile devices such as smartwatches and smartphones. 
The review of the methods for the development of an approach for the framework for the recognition of the Activities of Daily Living (ADL) [1] was started in the previous studies [3-5], and the proposed framework includes the research of methods on data acquisition, data processing, data fusion and artificial intelligence methods for the recognition of ADL. The study [3] presented the review of the methods related to data acquisition, data processing and data fusion methods. However, the study [6] extends the research about data processing, including the research of methods about data cleaning and data imputation methods.
Following the previous studies, this paper present a review of the artificial intelligence methods for the recognition of ADL, starting with the research of the methods used in smart environments, and, finally, the implemented in mobile devices for the recognition of ADL, where the most used sensors is the accelerometer for the recognition of simple activities, such as walking, running, walking on stairs, jumping, among others, with several artificial intelligence methods.
The remaining sections of this paper are organized as follows: Section 2 presents the methods for the recognition of ADL in smart environments. The methods for the recognition of ADL using mobile devices are presented in the Section 3. Section 4 presents the applicability of these methods and the results of the researched methods. Finally, the discussion and conclusions of this study are presented in the section 5.

2. Background of the recognition of Activities of Daily Living using sensors
The recognition of ADL were studied with the use of several types of sensors placed in the body of the individuals or available in smart environments. The authors of [7] used Artificial Neural Networks (ANN) and decision tree method for the recognition of simple activities, such as walking, running, standing, sitting and lying based on the data acquired from a single wrist-worn sensor, reporting an accuracy of 94.13%.
In [8], a single wrist-worn sensor is also used for the recognition of several activities, including walking, sitting, working on computer, standing, eating, drinking, watching TV, reading, running, cycling, stretching, vacuuming, folding laundry, lying, brushing teeth, walking on stairs and riding an elevator, using decision tables, Instance-based learning (IBL), C4.5 decision tree and Naïve Bayes with a reported accuracy of 84%.
Related to the recognition of ADL in smart environments, the Radio-frequency identification (RFID) sensors in different placements are used. The authors of [9] used the RFID sensors for the recognition of making a tea, making a toast, drinking water, making coffee, warming a meal, washing dishes, using a dishwasher, and having a snack activities with Hidden Markov Model (HMM), reporting reliable results.
The Adaptive Learning Hidden Markov Model (ALHMM) was used with the data acquired from RFID sensors for the recognition of several activities, including making a tea, using the bathroom, phone calling, making a meal, taking out the trash, making soft-boiled eggs, setting the table, preparing orange juice, eating, making coffee and clearing the table, reporting a reliable accuracy [10].
The authors of [11] used the RFID sensors’ data applied to HMM and Naïve Bayes methods for the recognition of sleeping, eating, preparing a breakfast, preparing a dinner, getting a drink, getting a snack, using a dishwasher, using a washing machine, taking a shower, using toilet, brushing teeth, leaving house and receiving guest with reliable accuracy.
In [12], the C4.5 decision tree, Naïve Bayes and Support Vector Machine (SVM) methods are implemented with the data acquired from the RFID sensors, recognizing several activities with an accuracy around 42%, these are using a microwave, adjusting the thermostat, boiling a pot of tea, boiling water, brushing hair, brushing teeth, cleaning a toilet, cleaning the kitchen, doing laundry, drinking water, using a dishwasher, making a snack, reading, shaving face, using microwave, phone calling, vacuuming, using toilet, washing hands and watching TV.
The accelerometer is another sensor used for the recognition of ADL in smart environments. The authors of [13] used several methods, including HMM, Dynamic Bayesian Network (DBN), SVM, Conditional random field (CRF), ANN, Logical formula, Naïve Bayes and decision tree methods, for the making coffee, brushing teeth and boiling water, reporting reliable accuracy with accelerometer data.
In [14], a method using the accelerometer data for the recognition of standing, walking, running, jumping, falling and sitting activities using Gaussian Mixture Model (GMM), HMM, and SVM methods was presented, reporting an accuracy between 96.43% and 98.21%.
The lying, sitting, standing, walking, cycling and running activities may be recognized with the accelerometer data, reporting a reliable accuracy with the implementation of SVM, feed-forward neural network and decision tree methods [15]. The eating and drinking activities may be recognized with the Extended Kalman Filter (EKF) applied to the accelerometer data, reporting reliable results [16].
Only with the accelerometer data, the authors of [17] implemented the ANN and autoregressive (AR) model for the recognition of lying, sitting, standing, walking, walking on stairs and running activities, reporting an average accuracy of 97.9%.
The cameras are also used in smart environments for the recognition of ADL. The authors of [18] used the data retrieved from camera with the HMM method for the recognition of movements in home office, kitchen, living room and outdoors, and activities, such as walking on stairs, making coffee and working on computer, reporting reliable accuracy.
Other authors used the cameras for the recognition of several ADL, such as combing hair, making up, brushing teeth, washing hands, washing dishes, making a tea, making coffee, drinking, making a snack, vacuuming, watching TV, using a computer and using a smartphone, reporting reliable accuracy with the SVM method [19].
The remaining studies related to the recognition of ADL presented in this section uses a combination of sensors. The authors of [20] used the data acquired from the accelerometer, camera and RFID sensors with the Naïve Bayes method for the recognition of preparing dinner, working on computer, sleeping and watching TV activities, reporting an accuracy of 73.6%.
In [21], the authors used motion (e.g., accelerometer) and RFID sensors in different placements (i.e., door, light, temperature and item) for the recognition of several activities, such as having breakfast, waking up, preparing breakfast, toileting and preparing tea, with HMM, reporting a lowest accuracy of 86.08%.
The accelerometer and RFID sensors are also used for the recognition of several activities, such as making cereals, making a sandwich, making coffee, reading a book, watching TV, cleaning windows, using telephone, brushing teeth and sleeping, reporting reliable accuracy with the HMM method [22].
The authors of [23] used the accelerometer and RFID sensors for the recognition of dusting, ironing, vacuuming, brooming, mopping, cleaning windows, making the bed, watering plans, washing dishes and setting table activities, reporting reliable accuracy with HMM, Naïve Bayes and Joint Boosting methods.
In [24], the authors implemented the recognition of feeding, brushing teeth, dressing, walking, walking on stairs, sleeping, lying, washing dishes, ironing, sweeping and watching TV activities with the acquisition of data from the temperature, altimeter and accelerometer sensors, reporting an accuracy of 90% with SVM and ANN methods. 
The authors of [25] implemented some variants of HMM, i.e., Two-level hierarchical HMM (HHMM), Bottom-level HMM and Top-level HMM, for the recognition of hoovering, sweeping, washing clothes, serving, making coffee, making a snack, brushing hair, phone calling, watching TV, knitting, listening music, brushing teeth and washing dishes activities with the data acquired from accelerometer and cameras, reporting a reliable accuracy.
In [26], the implementation of the C4.5 decision tree method reported an accuracy around 92.5% for the recognition of running, walking, walking on stairs, standing and sitting activities with data acquired from accelerometer, light, temperature and microphone sensors.
The combination of the accelerometer and the Global Positioning System (GPS) receiver reports a reliable accuracy in the recognition of lying, sitting, standing, walking, using a mouse, typing on a keyboard, flipping a page and eating activities with ANN and Bayesian networks methods [27, 28].
In [29], the GMM method was used with data acquired from microphones and cameras in order to recognize eating, drinking, ironing, cleaning, phone calling and watching TV, reporting an accuracy of 57.64%.
According to [30], the eating activity may be recognized with camera, pressure, ultrasound and accelerometer sensors, reporting reliable accuracy with DBN and HMM methods. In [31], the DBN method is also used for the recognition of eating, bathing and toileting activities, reporting reliable accuracy with contact switches, pressure sensors and accelerometers.
In [32], the authors used ZigBee wireless sensors with Naïve Bayes method for the recognition of preparing a meal, watching TV and preparing tea, reporting a reliable accuracy.
The authors of [33] used the SVM method with data acquired from power meters, ambient sensors, ultrasonic positioning sensor, door sensors and faucet sensors, reporting an accuracy of 82% in the recognition of several activities, such as watching TV, taking a meal, cooking, reading a book and washing dishes.
Based on the recognition of ADL with sensors available in smart environments and off-the-shelf mobile devices, the authors of [34] used the accelerometer and RFID sensors for the recognition of sitting, pushing a shopping cart, standing, phone calling, walking, taking picture, lying, put on skin conditioner, running, wiping, hand shaking, jumping, reading, hair brushing and cutting activities, reporting an accuracy of 84.36% with the decision tree method.
The smart environments may have several types of sensors, where the authors of [35] used the accelerometer and the pressure sensor for the recognition of sitting, standing and walking activities, reporting an accuracy higher than 95% with the ANN method.
Other authors [36] used the sensors available in smart environments, i.e., cameras and RFID sensors, and sensors available in off-the-shelf mobile devices for the recognition of leaving, toileting, sleeping, eating and drinking activities, reporting a reliable accuracy with ANN, HMM and SVM methods.
Tables 1 and 2 summarize the ADL recognized in the literature and the methods used for the recognition of the ADL, concluding that the most recognized ADL are making a meal, eating, watching TV, brushing teeth, standing, sitting, lying, making coffee, running, drinking, making a tea, washing dishes, phone calling, walking on stairs and cleaning, and the methods with best accuracy are the ANN and HMM.

Table 1 - ADL recognized with the methods available in the literature.
	ADL:
	Number of Studies:

	making a meal
	11

	eating
	11

	walking
	11

	watching TV
	10

	standing
	10

	sitting
	10

	brushing teeth
	9

	lying
	8

	making coffee
	7

	running
	7

	drinking
	7

	phone calling
	7

	making a tea
	6

	washing dishes
	6

	walking on stairs
	5

	cleaning
	5

	reading
	5

	sleeping
	5

	working on computer
	4

	vacuuming
	4

	using toilet
	4

	using a dishwasher
	3

	ironing
	3

	cycling
	2

	making a toast
	2

	having a snack
	2

	using the bathroom
	2

	using a microwave
	2

	brushing hair
	2

	washing hands
	2

	sweeping
	2

	using a mouse
	2

	typing on a keyboard
	2

	flipping a page
	2

	leaving house
	2

	jumping
	2

	stretching
	1

	folding laundry
	1

	riding an elevator
	1

	taking out the trash
	1

	making soft-boiled eggs
	1

	setting the table
	1

	preparing orange juice
	1

	clearing the table
	1

	getting a drink
	1

	getting a snack
	1

	using a washing machine
	1

	taking a shower
	1

	receiving guest
	1

	adjusting the thermostat
	1

	doing laundry
	1

	falling
	1

	combing hair
	1

	making up
	1

	waking up
	1

	dusting
	1

	brooming
	1

	mopping
	1

	making the bed
	1

	watering plants
	1

	setting table
	1

	feeding
	1

	dressing
	1

	hoovering
	1

	washing clothes
	1

	serving
	1

	knitting
	1

	listening music
	1

	pushing a shopping cart
	1

	taking picture
	1

	put on skin conditioner
	1

	wiping
	1

	hand shaking
	1

	hair brushing
	1

	cutting
	1

	Toileting
	1



Table 2 - Methods implemented in the studies available in the literature.
	Method:
	Number of Studies:
	Average of the Accuracy Reported:

	Artificial Neural Networks (ANN)
	9
	94.13%

	Hidden Markov Model (HMM)
	12
	91.43%

	decision tables
	1
	84.00%

	Instance-based learning (IBL)
	1
	84.00%

	Gaussian Mixture Model (GMM)
	2
	77.93%

	decision tree (i.e., J48 and C4.5)
	6
	74.75%

	Support Vector Machine (SVM)
	8
	74.07%

	Naïve Bayes
	7
	66.53%

	Dynamic Bayesian Network (DBN)
	3
	-

	Conditional random field (CRF)
	1
	-

	Logical formula
	1
	-

	Extended Kalman Filter (EKF)
	1
	-

	Joint Boosting
	1
	-

	Bayesian networks
	2
	-



3. Methods for the recognition of Activities of Daily Living using Mobile devices
Mobile devices are equipped with several sensors [3] that are able to acquire data related to the ADL and handle the recognition of ADL using lightweight methods, because these devices have low memory and processing power. Most common sensors embedded on these devices are the accelerometer, the gyroscope, the magnetometer, the microphone, the GPS receiver and others [37].
According to the previous studies in the literature, the accelerometer is the most used sensor for the recognition of ADL, because it allows the acquisition of the data related to the movement. The authors of [38] implemented the Phone Acceleration Threshold (PAT), the Phone Pattern Recognition (PPR) and the Watch Threshold and Pattern Recognition (WTPR) for the recognition of different patterns of falling activities as well as the walking, sitting, walking on stairs, trying shoes and jogging activities with the use of accelerometer data, reporting a recognition accuracy of 63% for the recognition of falling activities, and 78% for the recognition of other activities.
Falling activities and ADL are also recognized in [39], including the recognition of several types of falls and walking on stairs, sitting, standing, lying, getting up, jumping, walking and running activities with the accelerometer sensor, reporting an accuracy of 91.3% with decision tree, 95.96% with SVM method, 86.54% with Naïve Bayes, 96.21% with Random Forest, 94.44% with Adaboost, 95.95% with k-NN and 96.56% with Deep Neural Networks (DNN).
The authors of [40] also used the accelerometer data for the recognition of several types of falls and other ADL, including walking, jogging, sitting, standing and lying activities, and, based on the placement of the smartphone, the results obtained using ANN are around 84.29%.
In [41], the accelerometer sensor was also used for the recognition of standing, walking and running activities, reporting a reliable accuracy with the use of the SVM method.
The sports activities, e.g., running, volleyball, handball, basketball and futsal, can be also identified with the accelerometer sensor, reporting an accuracy of 42.3% with the Multilayer Perceptron (MLP), 53.8% with the k-Nearest Neighbours (k-NN), 38.4% with the Naïve Bayes, 38.4% with the J48 decision tree and 50% with the SVM method [42].
In [43], the recognition of sitting, walking, standing, sleeping and falling activities were also performed with a rule-based classifier applied to the accelerometer data, reporting an accuracy of 87.7%.
The authors of [44] implemented the C4.5 decision tree, MLP, Logistic Regression, Bayesian Networks and SVM methods for the recognition of standing, sitting, walking on stairs, and walking using the accelerometer sensors, and they reported an accuracy around 88.2%.
In [45], the study recognizes walking, sitting, standing, walking on stairs, jogging, cycling and jumping with the implementation of several methods with the accelerometer data acquired, these are the J48 decision tree with an accuracy of 91.01%, the k-Start with an accuracy of 93.35%, the Naïve Bayes with an accuracy of 80.55%, the Bayesian Network with an accuracy of 88.20%, the Random Forest with an accuracy of 93.13%, and the k-NN with an accuracy of 93.84%.
The authors of [46] implemented the C4.5 decision tree method for the recognition of talking, coughing, deglutition, silence and yawning, reporting an accuracy of 94.8% using accelerometer data.
In the study [47], the rowing, cycling, running, walking, jumping, standing, sitting and walking on stairs activities were recognized with the accelerometer data, reporting an accuracy of 80.96% with the C4.5 decision tree, 61.27% with IBk Nearest Neighbour, 67.14% with Naïve Bayes, and 55.64% with SVM method.
The authors of [48] used the ANN methods applied to the accelerometer data in order to recognize walking on stairs, drinking, getting up, sitting, standing and walking activities with a reported accuracy of 91%.
In [49], the k-NN and Dynamic Time Warping Algorithm were implemented with accelerometer data for the recognition of pushing up, sitting, squatting and jumping activities, reporting an average accuracy around 84%.
The accelerometer sensor was also used for the recognition of walking and sitting activities in the study [50], reporting reliable accuracies with the implemented methods, these are 87.29% with Bayesian networks, 87.86% with MLP method, 88.26% with C4.5 decision tree, and 89.48% with k-NN method.
The walking, standing, sitting and walking on stairs activities were also recognized with several methods applied to the accelerometer data, which reported reliable accuracies, these are 97.08% with decision tree, 93.53% with Bayesian networks, 93.03% with Naïve Bayes, 99.27% with k-NN and 92.54% with a rule based learner [51].
In [52], the SVM method reports an accuracy around 95.8% for the recognition of sitting, standing and walking activities using the accelerometer data.
The use of the J48 decision tree with the accelerometer data for the recognition of walking, walking on stairs, sitting, standing and lying activities reports an accuracy of 86% [53].
The authors of [54] recognized eating, shopping, entertainment and recreational activities, applying the Naïve Bayes method to the data acquired from the accelerometer sensor, reporting a reliable accuracy.
The authors of [55] used the ANN method for the recognition of the walking pattern with accelerometer data, reporting an accuracy between 75% and 98%.
In [56], the Naïve Bayes classifier was used for the recognition of walking, running, cycling and sitting activities based on the accelerometer data, reporting an accuracy around 97%.
In [57], the recognition of walking on stairs, jogging, sitting, standing and walking activities was performed with the application of the Principal Component Analysis (PCA) and Gaussian Discriminant Analysis (GDA) to the accelerometer data, reporting an accuracy around 92%.
The standing, walking, cycling, driving and running activities were recognized by the authors of [58] with the accelerometer data, applying the k-NN, Quadratic Discriminant Analysis (QDA) and SVM methods and reporting an average accuracy of 90%.
The accelerometer sensor was also used in [59] for the recognition of jogging, walking and walking on stairs, reporting a reliable accuracy with the Naïve Bayes classifier.
The k-NN method was used for the recognition of sitting and standing, reporting an accuracy of 100% with the accelerometer data [60].
Based on the accelerometer data, the authors of [61] implemented the SVM method for the recognition of standing, walking, laying and walking on stairs activities, reporting a reliable accuracy.
In [62], the authors used the accelerometer data for the implementation of the J48 decision tree, the logistic regression and the Naïve Bayes methods, recognizing the sitting, standing, walking and jogging activities with an accuracy around 96%.
A system named Centinela, described in [63], is a system that implements the Naïve Bayes method for the recognition of walking, running, sitting and walking on stairs activities, reporting an accuracy up to 95.7%.
In another study [64], the C4.5 decision tree method was implemented for the recognition of running, walking and sitting activities, reporting an accuracy of 92.6% with the accelerometer data.
For the recognition of simple activities, i.e., walking, running, standing and walking on stairs, and complex activities, i.e., cooking and cleaning, another implementation of the ANN method was presented in [65], reporting an accuracy of 93% in the recognition of simple activities, and 50% in the recognition of complex activities.
The authors of [66] also used the accelerometer sensor for the recognition of sitting, standing, walking and lying activities, implementing the HMM method that reports a minimum accuracy of 60%.
For the recognition of lying, sitting, standing and walking activities, the authors of [67] implemented the Viterbi algorithm, HMM and Bayesian filter, reporting an accuracy of 85% with the use of the accelerometer data.
In [68], the SVM and HMM methods were implemented for the recognition of shopping, doing housework, bathing, dressing, toileting, feeding, walking, sitting, vacuuming, standing, eating and washing dishes activities with the accelerometer data, reporting an accuracy higher than 90%.
Using only the accelerometer sensor, the authors of [69] used the k-NN one-class classifier, Support Vector Data Description (SVDD) one-class classifier and Gauss one-class classifier in order to recognize standing, walking, running and walking on stairs activities with reliable accuracy.
In [70], the accelerometer data was used with Linear Description Analysis (LDA) and PCA methods for the recognition of walking, running, walking on stairs, standing, jumping and sitting activities with a reported accuracy of 96.1%.
The authors of [71] implemented the distributed sparsity classifier (DSC) for the recognition of standing, sitting, lying, kneeling, bending, jumping and walking on stairs activities, reporting a reliable accuracy with the accelerometer data.
The previous studies analysed only used the accelerometer sensor, but other combinations of sensors have been studied in the last years. The authors of [72] used the accelerometer and gyroscope sensors for the recognition of walking, walking on stairs, sitting, standing and lying activities, reporting an accuracy of 79% with the Naïve Bayes classifier, 60% with the k-Means Clustering, 94% with J48 decision tree, 96.3% with Random Forest Classifier, 96.9% with Random Committee Classifier, and 97.89% with Lazy IBk Classifier.
In [73], the Signal Magnitude Vector (SMV) algorithm was used for the recognition of standing, sitting, walking and running activities with accelerometer and gyroscope data, reporting results with a reliable accuracy.
The lying and sitting activities were also recognized with the accelerometer and gyroscope sensors, reporting and accuracy of 80% with Naïve Bayes, 87.5% with k-NN, 75.43% with Least Squares Method (LSM), 85.87% with ANN and 86.75% with SVM methods [74].
The authors of [75] recognized the sitting, standing, walking, running, lying, walking on stairs, cleaning, cooking, taking medication, sweeping, washing hands and watering plants activities with the accelerometer and gyroscope sensors, reporting an accuracy between 50% and 85% with the HMM method.
The ANN method was also used to recognize the walking pattern with the accelerometer and gyroscope sensors, reporting an accuracy of 95.6% [76].
In [77], the accelerometer and gyroscope sensors are also used for the recognition of walking on stairs, walking, running and jumping activities, reporting an accuracy of 90.65% with Random Forest, 85.14% with SVM, 85.83% with ANN and 79.42% with k-NN methods.
The walking on stairs, walking, jogging and jumping activities are also recognized in [78] with the accelerometer and gyroscope data, implementing several methods, such as the k-NN, which reports a minimum accuracy of 73.94%, the Random Forest, which reports a minimum accuracy of 83.59%, and the SVM, which reports a minimum accuracy of 69.21%.
The accelerometer and the gyroscope sensors are also used with SVM method for the recognition of walking, running, and walking on stairs activities, reporting an accuracy of 92.5% [79].
The study [80] reported a reliable accuracy using the SVM method for the recognition of walking, walking on stairs, sitting, standing and laying with the accelerometer and gyroscope data.
An implementation of the SVM method for the recognition of walking, standing, writing, smoking and jogging activities with accelerometer and gyroscope data was analysed in [81], reporting an accuracy of between 80 and 91%.
Another combination of sensors used for the recognition of ADL consists on the use of the accelerometer and the GPS receiver. The authors of [82] implemented the k-NN method for the recognition of sitting, standing, walking, lying and falling activities with the accelerometer and the GPS receiver, reporting an accuracy of 96%.
In [83], the authors used the accelerometer and the GPS receiver for the recognition of walking, jogging, walking on stairs, sitting and standing activities with the J48 decision tree, logistic regression and MLP methods, reporting an overall accuracy of 90%.
The walking, cycling, running and standing activities are recognized with reliable accuracy by the authors of [84], which implemented the decision tree, k-NN, Naïve Bayes and SVM methods with the data acquired from the accelerometer and GPS receiver.
The authors of [85] recognized the lying, sitting, standing, walking, walking on stairs and taking an elevator, implementing a system with ANN, SVM, GMM, HMM, k-NN, Random Forest and k-Means clustering methods with a reported accuracy of 90.4% using the accelerometer and GPS receiver.
In [86], the ANN and decision tree methods were implemented for the recognition of lying, sitting, standing, walking, running, cycling, rowing and playing football based on the accelerometer and the GPS data, reporting an accuracy of 89%.
Another combination of sensors used for the recognition of ADL consists on the use of the accelerometer and the microphone. The authors of [87] implemented the GMM method for the recognition of cycling, cleaning table, shopping, toileting, cooking, watching TV, eating, working on a computer, reading, using a smartphone, driving and sleeping, reporting an accuracy of 76.9% with the accelerometer and microphone data.
The ANN method reported reliable accuracy with the use of the accelerometer and the microphone data for the recognition of walking, working on a computer, driving, cycling, running, jumping and watching TV [88].
The HMM method also reported a reliable accuracy with the use of the accelerometer and the microphone data for the recognition of walking, running, cooking, reading, driving, eating, washing dishes, brushing teeth and watching TV activities [89].
The accelerometer and the camera is another combination of sensors used for the recognition of ADL, where the authors of [90] implemented the LogitBoost and the SVM methods for the recognition of walking, walking on stairs, drinking, standing, sitting, reading, watching TV, writing and washing hands, reporting an accuracy of 77.4% with LogitBoost and 68.91% with SVM method.
Using also the accelerometer and the camera, the authors of [91] implemented the SVM method for the recognition of walking, running, walking on stairs, taking an elevator, sitting and standing activities, reporting an accuracy of 92.78%.
Another combination of sensors that reports a reliable accuracy is composed by the data acquired from the accelerometer and the digital compass, where the authors of [92] recognized the walking on stairs, taking an elevator, running, walking and sitting with a reliable accuracy reported on the Naïve Bayes, k-NN and Random Forest methods.
The accelerometer and the magnetometer sensors available in off-the-shelf mobile devices may be also used for the recognition of walking and running activities, where the authors of [93] implemented the HMM method, which reports a reliable accuracy.
The eating activity was recognized by the accelerometer, light, temperature and barometer sensors by the authors of [94] that implemented the Bayesian network method, reporting an accuracy of 94.57%.
The accelerometer, light, temperature and microphone sensors were used by the authors of [95], which implemented the HMM method for the recognition of standing, running and walking activities with a reported accuracy higher than 80%.
In [96], the authors used the accelerometer, gyroscope, gravity and rotational vector sensors for the recognition of walking, standing, sitting and bowing activities, reporting an accuracy of 83% with the J48 decision tree, 90% with the k-NN and 79% with the Naïve Bayes.
The gyroscope, accelerometer and magnetometer sensors available in off-the-shelf mobile devices may be used for the recognition of travelling by public transport, running, running, cycling and walking activities, where the authors of [97] reported a minimum accuracy of 84.97% with the SVM method.
The gyroscope, accelerometer and magnetometer sensors were also used in [98] for the recognition of cycling, travelling by car, smoking, eating and taking an elevator activities, reporting reliable accuracy with the use of the k-NN, the J48 decision tree, the rule based classifier and the SVM methods.
The authors of [99] used the accelerometer, GPS, gravity and communication sensors for the recognition of standing, walking, running, jumping and walking on stairs activities, reporting an accuracy of 93% with the 1-Nearest Neighbour classification algorithm.
The standing, walking and jogging activities may be recognized with accelerometer, gyroscope and GPS receiver, where the authors of [100] reported an accuracy of 86.53% with ANN method.
The authors of [101] also implemented the ANN and J48 decision tree methods for the recognition of jogging, walking on stairs and walking, reporting a reliable accuracy with the use of accelerometer, GPS receiver, camera, microphone, light, temperature and altitude sensors.
In [102], the implementation of the ANN method reported an accuracy of 85% in the recognition of standing, walking, running, boarding, vacuuming and brushing teeth with the accelerometer, the microphone and the GPS receiver.
Tables 3 and 4 present the summary of the studies analysed related to the recognition of the ADL.

Table 3 - Studies analysed.
	Paper
	Year of Publication
	Number of ADL
	ADL
	Sensors
	Methods

	Ivascu et al. [39]
	2017
	9
	Falling; walking on stairs; sitting; standing; lying; getting up; jumping; walking; running
	Accelerometer
	J48 decision tree; SVM; Naïve Bayes; Random Forest; Adaboost; k-NN; DNN

	Khalifa et al. [47]
	2017
	8
	Rowing; cycling; running; walking; jumping; standing; sitting; walking on stairs
	Accelerometer
	C4.5 decision tree; IBk Nearest Neighbour; Naïve Bayes; SVM

	Chen et al. [78]
	2017
	4
	Walking on stairs; walking; jogging; jumping
	Accelerometer; Gyroscope
	k-NN; Random Forest; SVM

	Chetty et al. [72]
	2016
	5
	Walking; walking on stairs; sitting; standing; lying
	Accelerometer; Gyroscope
	Naïve Bayes; k-Means Clustering; J48 decision tree; Random Forest Classifier; Random Committee Classifier; Lazy IBk Classifier

	Costa et al. [42]
	2016
	5
	Running; volleyball; handball; basketball; futsal
	Accelerometer
	ANN; k-NN; Naïve Bayes; J48 decision tree; SVM

	Eskaf et al. [96]
	2016
	4
	Walking; standing; sitting; bowing
	Accelerometer; gyroscope; gravity sensor; rotational vector sensor
	J48 decision tree; k-NN; Naïve Bayes

	Nurwanto et al. [49]
	2016
	4
	Pushing up; sitting; squatting; jumping
	Accelerometer
	k-NN; Dynamic Time Warping Algorithm

	Shen et al. [77]
	2016
	4
	Walking on stairs; walking; running; jumping
	Accelerometer; Gyroscope
	Random Forest; SVM;  ANN; k-NN

	Prabowo et al. [50]
	2016
	2
	Walking; sitting
	Accelerometer
	Bayesian network; ANN; C4.5 decision tree; k-NN

	Vallabh et al. [74]
	2016
	2
	Lying; sitting
	Accelerometer; Gyroscope
	Naïve Bayes; k-NN; LSM; ANN; SVM

	Lorenzi et al. [76]
	2016
	1
	Walking
	Accelerometer; Gyroscope
	ANN

	Kilinc et al. [48]
	2015
	6
	Walking on stairs; drinking; getting up; sitting; standing; walking
	Accelerometer
	ANN

	Fortino et al. [82]
	2015
	5
	Sitting; standing; walking; lying; falling
	Accelerometer; GPS receiver
	k-NN

	Okour et al. [43]
	2015
	5
	Sitting; walking; standing; sleeping; falling
	Accelerometer
	rule-based classifier

	Ravì et al. [97]
	2015
	5
	Travelling by public transport; running; running; cycling; walking
	Accelerometer; gyroscope; magnetometer
	SVM

	Tsai et al. [40]
	2015
	5
	Walking; jogging; sitting; standing; lying
	Accelerometer
	ANN

	Vilarinho et al. [38]
	2015
	5
	Walking; sitting; walking on stairs; trying shoes; jogging
	Accelerometer
	PAT; PPR; WTPR

	Rasheed et al. [73]
	2015
	4
	Standing; sitting; walking; running
	Accelerometer; Gyroscope
	SMV algorithm

	Hsu et al. [79]
	2015
	3
	Walking; running; walking on stairs
	Accelerometer; Gyroscope
	SVM

	Kim et al. [94]
	2015
	1
	Eating
	Accelerometer; light sensor; temperature sensor; barometer
	Bayesian network

	Nishida et al. [87]
	2014
	12
	Cycling; cleaning table; shopping; toileting; cooking; watching TV; eating; working on a computer; reading; using a smartphone; driving; sleeping
	Accelerometer; Microphone
	GMM

	Zhan et al. [90]
	2014
	9
	Walking; walking on stairs; drinking; standing; sitting; reading; watching TV; writing; washing hands
	Accelerometer; Camera
	LogitBoost; SVM

	Büber et al. [45]
	2014
	7
	Walking; sitting; standing; walking on stairs; jogging, cycling; jumping
	Accelerometer
	J48 decision tree; k-Start; Naïve Bayes; Bayesian Network; Random Forest; k-NN

	Alam et al. [46]
	2014
	5
	Talking; coughing; deglutition; silence; yawning
	Accelerometer
	C4.5 decision tree

	He et al. [95]
	2014
	3
	Standing; running; walking
	Accelerometer; light sensor; temperature sensor; microphone
	HMM

	Roy et al. [75]
	2013
	12
	Sitting; standing; walking; running; lying; walking on stairs; cleaning; cooking; taking medication; sweeping; washing hand; watering plants
	Accelerometer; Gyroscope
	HMM

	Hong et al. [85]
	2013
	6
	Lying; sitting; standing; walking; walking on stairs; taking an elevator
	Accelerometer; GPS receiver
	ANN; SVM; GMM; HMM; k-NN; Random Forest; k-Means clustering

	Nam et al. [91]
	2013
	6
	Walking; running; walking on stairs; taking an elevator; sitting; standing
	Accelerometer; Camera
	SVM

	Zhang et al. [70]
	2013
	6
	Walking; running; walking on stairs; standing; jumping; sitting
	Accelerometer
	LDA; PCA

	Anguita et al. [80]
	2013
	5
	Walking; walking on stairs; sitting; standing; laying
	Accelerometer; Gyroscope
	SVM

	Cruz-Silva et al. [92]
	2013
	5
	Walking on stairs; taking an elevator; running; walking; sitting
	Accelerometer; Digital compass
	Naïve Bayes; k-NN; Random Forest

	Kuspa et al. [57]
	2013
	5
	walking on stairs; jogging; sitting; standing; walking
	Accelerometer
	PCA; GDA

	Shoaib [98]
	2013
	5
	Cycling; travelling by car; smoking; eating; taking an elevator
	Accelerometer; gyroscope; magnetometer
	k-NN; J48 decision tree; rule based classifier; SVM

	Silva [53]
	2013
	5
	Walking; walking on stairs; sitting; standing; lying
	Accelerometer
	J48 decision tree

	Awan et al. [62]
	2013
	4
	Sitting; standing; walking; jogging
	Accelerometer
	J48 decision tree; logistic regression; Naïve Bayes

	Chiang et al. [84]
	2013
	4
	Walking; cycling; running; standing
	Accelerometer; GPS receiver
	J48 decision tree; k-NN; Naïve Bayes; SVM

	Kmiecik [59]
	2013
	3
	Jogging; walking; walking on stairs
	Accelerometer
	Naïve Bayes

	Shen et al. [52]
	2013
	3
	Sitting; standing; walking
	Accelerometer
	SVM

	Dernbach et al. [65]
	2012
	6
	Walking; running; standing; walking on stairs; cooking; cleaning
	Accelerometer
	ANN

	Kazushige et al. [102]
	2012
	6
	Standing; walking; running; boarding; vacuuming; brushing teeth
	Accelerometer; microphone; GPS receiver
	ANN

	Siirtola et al. [58]
	2012
	5
	Standing; walking; cycling; driving; running
	Accelerometer
	k-NN; QDA; SVM

	Kelly et al. [44]
	2012
	4
	Standing; sitting; walking on stairs; walking
	Accelerometer
	C4.5 decision tree; ANN; Logistic Regression; Bayesian Network; SVM

	Anguita et al. [61]
	2012
	3
	Standing; walking; laying; walking on stairs
	Accelerometer
	SVM

	Lara et al. [63]
	2012
	3
	Walking; running; sitting; walking on stairs
	Accelerometer
	Naïve Bayes

	Lara et al. [64]
	2012
	3
	Running; walking; sitting
	Accelerometer
	C4.5 decision tree

	Mashita et al. [41]
	2012
	3
	Standing; walking; running
	Accelerometer
	SVM

	Kaghyan et al. [60]
	2012
	2
	Sitting; standing
	Accelerometer
	k-NN

	Maekawa et al. [93]
	2012
	2
	Walking; running
	Accelerometer; Magnetometer
	HMM

	Bujari et al. [55]
	2012
	1
	Walking
	Accelerometer
	ANN

	Bieber et al. [88]
	2011
	7
	Walking; working on a computer; driving; cycling; running; jumping; watching TV
	Accelerometer; Microphone
	ANN

	Kwapisz et al. [83]
	2011
	5
	Walking; jogging; walking on stairs; sitting; standing
	Accelerometer; GPS receiver
	J48 decision tree; logistic regression; ANN

	Varkey et al. [81]
	2011
	5
	Walking; standing; writing; smoking; jogging
	Accelerometer; Gyroscope
	SVM

	Zhu et al. [67]
	2011
	4
	Lying; sitting; standing; walking
	Accelerometer
	Viterbi algorithm; HMM; Bayesian filter

	Ganti et al. [89]
	2010
	9
	Walking; running; cooking; reading; driving; eating; washing dishes; brushing teeth; watching TV
	Accelerometer; Microphone
	HMM

	Das et al. [99]
	2010
	5
	Standing; walking; running; jumping; walking on stairs
	Accelerometer; GPS receiver; gravity sensor; communication sensor
	1-Nearest Neighbour

	Jie et al. [69]
	2010
	4
	Standing; walking; running; walking on stairs
	Accelerometer
	k-NN one-class classifier; SVDD one-class classifier; Gauss one-class classifier

	Lau et al. [51]
	2010
	4
	Walking; standing; sitting; walking on stairs
	Accelerometer
	J48 decision tree; Bayesian network; Naïve Bayes; k-NN; rule based classifier

	Zhu et al. [66]
	2010
	4
	Sitting; standing; walking; lying
	Accelerometer
	HMM

	Phithakkitnukoon et al. [54]
	2010
	3
	Eating; shopping; entertainment and recreational activities
	Accelerometer
	Naïve Bayes

	Allen et al. [71]
	2009
	7
	Standing; sitting; lying; kneeling; bending; jumping; walking on stairs
	Accelerometer
	DSC

	Fitz-Walter et al. [100]
	2009
	3
	Standing; walking; jogging
	Accelerometer; gyroscope; GPS receiver
	ANN

	Huynh [68]
	2008
	12
	Shopping; doing housework; bathing; dressing; toileting; feeding; walking; sitting; vacuuming; standing; eating; washing dishes
	Accelerometer
	SVM; HMM

	Ermes et al. [86]
	2008
	8
	Lying; sitting; standing; walking; running; cycling; rowing; playing football
	Accelerometer; GPS receiver
	ANN; J48 decision tree

	Saponas et al. [56]
	2008
	4
	Walking; running; cycling; sitting
	Accelerometer
	Naïve Bayes

	Gafurov et al. [101]
	2007
	3
	Jogging; walking on stairs; walking
	Accelerometer; GPS receiver; camera; microphone; light sensor; temperature sensor; altitude sensor
	ANN; J48 decision tree



Table 4 - Summary of the methods and accuracies reported.
	Method:
	Average of the Accuracy Reported:

	Random Committee Classifier
	96.90%

	DNN
	96.56%

	LDA
	96.10%

	Adaboost
	94.44%

	PCA
	94.05%

	k-Start
	93.35%

	1-Nearest Neighbour
	93%

	GDA
	92%

	Random Forest
	91.71%

	Logistic Regression
	91.40%

	ANN
	91.12%

	Bayesian Network
	90.36%

	rule-based classifier
	90.12%

	QDA
	90%

	k-NN
	87.40%

	decision trees (i.e., J48 and C4.5)
	86.56%

	Viterbi algorithm
	85%

	Bayesian filter
	85%

	Dynamic Time Warping Algorithm
	84%

	GMM
	83.65%

	SVM
	82.27%

	HMM
	81.73%

	Naïve Bayes
	81.12%

	IBk Nearest Neighbour
	79.58%

	LogitBoost
	77.40%

	LSM
	75.43%

	k-Means Clustering
	75.20%

	PAT
	70.50%

	PPR
	70.50%

	WTPR
	70.50%

	SVDD
	-

	Gauss classifier
	-

	DSC
	-

	SMV algorithm
	-



4. Application and results
The recognition of ADL [1] is included on the research of the development of Ambient Assisted Living (AAL) systems [103, 104] that can be performed with the framework proposed in [3-6], where the concepts related to data acquisition, data processing and data fusion were analyzed in [3], consisting this research in the last stage of the development of the framework for the automatic recognition of ADL, which can be included the development of a Personal Digital Life Coach [2].
The automatic recognition of ADL may be used for several purposes, including the prediction of the functional capacity in healthy adults and elderly people, the training of the lifestyle with the relation between the environment and the physical activities, the identification of some diseases (e.g., low cognitive impairment, neurobehavioral dysfunction and/or other neurological disorder), the compensation of some disabilities (e.g., helping the memory), the detection of harmful situations (e.g., fall), the measurement of the levels of activity, the identification of needed emergency medicine with the identification of the patterns of ADL, and the identification of emergency situations [105-107].
Following the studies related to the recognition of ADL using sensors available in off-the-shelf mobile devices, we analyzed 65 studies, where the major part of the studies have been performed between 2012 and 2017 with a total of 49 studies (75%), where 3 studies in 2017 (5%), 8 studies in 2016 (12%), 9 studies in 2015 (14%), 5 studies in 2014 (8%), 13 studies in 2013 (20%) and 11 studies in 2012 (17%).
Regarding the number of ADL recognized in each study analyzed, all studies recognized between 1 and 12 ADL, where 3 studies recognized 12 ADL (5%), 3 studies recognized 9 ADL (5%), 2 studies recognized 8 ADL (3%), 3 studies recognized 7 ADL (5%), 6 studies recognized 6 ADL (9%), 17 studies recognized 5 ADL (26%), 13 studies recognized 4 ADL (20%), 11 studies recognized 3 ADL (17%), 4 studies recognized 2 ADL (5%) and 3 studies recognized 1 ADL (5%), concluding that the major part of the studies analyzed recognize between 3 and 5 ADL (63%).
Related to the ADL recognized in the studies analyzed, several ADL were recognized, where the patterns related to the walking activity was recognized in 55 studies (85%), the standing activity was recognized in 41 studies (63%), the sitting activity was recognized in 37 studies (57%), the walking on stairs activity was recognized in 29 studies (45%), the running activity was recognized in 27 studies (42%), the lying activity was recognized in 12 studies (18%), the jogging activity was recognized in 11 studies (17%), the jumping and cycling activities were recognized in 10 studies (15%), the eating activity was recognized in 6 studies (9%), the driving, cooking, taking an elevator and watching TV activities were recognized in 4 studies (6%), the shopping, reading and falling activities were recognized in 3 studies (5%), the working on a computer, sleeping, drinking, rowing, toileting, washing hands, washing dishes, brushing teeth, vacuuming, writing, laying, smoking, travelling and cleaning activities were recognized in 2 studies (3%), and the remaining ADL were recognized only in 1 study (2%).
Related to the sensors used in the studies analyzed, the accelerometer was used in all studies analyzed (100%), but another sensors available in off-the-shelf mobile devices were used, including the gyroscope used in 14 studies (22%), the GPS receiver used in 9 studies (14%), the microphone used in 6 studies (9%), the magnetometer, light sensor, temperature sensor and camera used in 3 studies (5%), the gravity sensor used in 2 studies (3%), and the digital compass, rotational vector sensor, altitude sensor, barometer and communication sensor used in 1 study (2%).
Related to the methods with the best average accuracies reported presented in the table 4, these studies are used in 31 studies (48%) of studies analyzed, were 17 studies used the ANN method (26%), 8 studies used the Random Forest method (12%), 5 studies used the Bayesian Network method (8%), 3 studies used the rule-based classifier and Logistic Regression methods (5%), 2 studies used the PCA method (3%), and 1 study used the Random Committee Classifier, DNN, LDA, k-Start, 1-Nearest Neighbour, GDA, QDA and Adaboost methods (1%), proving the reliability of these methods for the recognition of ADL.

5. Discussion and conclusions
The recognition of ADL using mobile devices is a subject that has been researched in the last years with the recognition of simple and complex activities, including walking, running, jumping, standing, walking on stairs and others. This review is included in the conception of a new approach for the development of a framework for the recognition of ADL and their environments. The sensors available in off-the-shelf mobile devices are capable to acquire data related to the physical and physiological parameters of people, as well as data related to the environment, where the most used sensors are the motion, magnetic, acoustic and location sensors, handling the recognition of ADL only with a single mobile device and with commodity and non-invasive methods.
The most recognized ADL in the literature are the walking, standing, sitting, walking on stairs, running, lying, jogging, jumping and cycling activities, which are recognized in more than 10 studies analysed in this research. Therefore, the most implemented method in the literature is the ANN method, with is implemented in 17 studies and reported an average accuracy of 91.12%, but the three methods that report an average accuracy higher than 95% are the Random Committee Classifier, the DNN and the PCA.
The field related to the recognition of ADL has several purposes, including the training and monitoring of the lifestyles and people health, handling the improvement of the life’s quality with the technological devices used during the daily life.
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