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Abstract: A fall detection system is vital for the safety of older people, as it contacts emergency
services when it detects a person has fallen. There have been various approaches to detect falls, such
as using a single tri-axial accelerometer to detect falls or fixing sensors on the walls of a room to
detect falls in a particular area. These approaches have two major drawbacks: either (i) they use
a single sensor, which is insufficient to detect falls, or (ii) they are attached to a wall that does not
detect a person falling outside its region. Hence, to provide a robust method for detecting falls, the
proposed approach uses three different sensors for fall detection, which are placed at five different
locations on the subject’s body to gather the data used for training purposes. The UMAFall dataset
is used to attain sensor readings to train the models for fall detection. Five models are trained
corresponding to the five sensors models, and a majority voting classifier is used to determine the
output. Accuracy of 93.5%, 93.5%, 97.2%, 94.6%, and 93.1% is achieved on each of the five sensors
models, and 92.54% is the overall accuracy achieved by the majority voting classifier. The XAI
technique called LIME is incorporated into the system in order to explain the model’s outputs and
improve the model’s interpretability.

Keywords: explainable Al; wearable technology; LSTM; UMA-Fall; majority voting classifier;
sequence model

MSC: 68T01; 68T20

1. Introduction

According to the World Health Organization (WHO), the proportion of the world’s
population with age > 60 will be doubled (an increase from 12% to 22%) by 2050 [1]. Falling
is an action where a person loses balance due to internal or external factors that cause them
to collapse. There are many causes for falls; some of them are weak muscles (especially
leg muscles), out-of-sync body balance, which can cause your feet to become unstable,
dizziness, blackouts, over-consumption of alcohol, etc. [2]. Age is also one of the reasons
for body falls in people. As the age of the population increases, the risk of falls in them
also increases [3]. Increasing age generally leads to poor vision and weaker muscles, which
becomes the most common cause of falls in older people. When a young person falls, the
chances of being injured are quite low, but on the contrary, the same is high for an older
adult [4]. It is due to their skeletal fragility, i.e., their bones lose their density and strength as
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people age. Falling accounts for almost 90% of hip fractures in older people [5,6]. Although
a collapse affects older people more, it is a problem amongst all age groups. There are a
few ways of preventing falls, some of which are mentioned below [7]:

e Stay physically active: Regular exercise strengthens the muscles and increases flexibility.

*  Get enough sleep: People are more likely to fall if they are sleep-deprived.

*  Limit alcohol consumption: Alcohol can adversely affect the body balance and reflexes
of a person.

*  Be extremely careful when walking on slippery surfaces: It is easier to fall on slippery
surfaces due to their low coefficient of friction.

*  Keep a bright living space: Bright rooms allow a person to see the surroundings more clearly.

o Get the aid of assistive devices: Use a cane or walker while walking, use handrails while
climbing staircases, etc.

Since falls can cause serious injuries, many wearable devices have been introduced
to protect people by sending alert messages to their close ones or emergency contacts.
Wearables are devices that can be worn on the body and provide various monitoring and
scanning features, including biofeedback or other sensory physiological functions such as
biometry-related ones [8,9]. These devices have built-in sensors that monitor the user’s
motion. For fall detection, wearables generally rely on sensors such as accelerometers,
gyroscopes and magnetometers [10-12]. Based on the data given by these sensors, the
device can decide whether the person has fallen or not. Apple Watch series five is one
such wearable device that supports automatic fall detection and has a unique feature of
automatically calling the emergency services within 60 s [13]. Another wearable device
is the tango belt, which is worn around the waist and can detect falls automatically. This
device can deploy an airbag, similar to the one in cars, which can protect the person from
injuring themselves when they fall [14].

Wearable devices have many benefits; they are mobile, portable, low cost, readily
available, etc. [15,16]. For fall detection, wearable devices are preferable because, as the
name suggests, the devices have to be worn, which means that the device will continuously
monitor the person. This is a major advantage for wearables compared to other alternatives
such as ambient sensors, which have to be fixed in place [17,18]. Even though these ap-
proaches are good at detecting falls, their main disadvantage is that they have to be fixed in
place, which means that if a person goes out of frame, the devices will not be able to detect
if the person fell or not. A large amount of data are required to train the model for fall
detection. The traditional approaches feed data into the model and generate output without
showing the user how it makes decisions. Such models are generally known as black-box
models [19]. To explain the inner workings of a model, eXplainable Artificial Intelligence
(XAI) [20,21] was introduced. It aims to make models more interpretable and easier for
naive users to understand their predictions. In fall detection systems, the traditional model
takes the decisions based on the data collected from the sensors and does not attempt to
explain the prediction results. However, XAl, on the other hand, explains model prediction
to make it more interpretable. XAI allows a user to understand which features play a role
in prediction and which ones do not.

Motivated from the aforementioned discussion, we propose a Long Short-Term Mem-
ory (LSTM)-based sequence model (as the dataset used is time-series), which is trained on
five different sensors for fall detection and explains its predictions using Local Interpreta-
tion of Model-Agnostic Explanations (LIME) [22]. The explanation for each time-stamp can
be obtained using LIME, which can further prove useful to increase model explainability.

1.1. State-of-the-Art Works

This section discusses several state-of-the-art techniques utilized in fall detection
systems. The authors of [23] proposed a fall detection system where the accelerometer
sensor has been placed on the shoes. Average acceleration is determined for the sensor,
and if it goes past the threshold value, it is regarded as a fall. The approach proposed
by the authors of [24] utilizes sound waves. When the device senses a sound, it locates
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the source and then amplifies the signals. The device then classifies the sound as a fall
or not. Ref. [25] has proposed a system that features a depth camera to discriminate
between the body and surroundings. A randomized decision tree was employed for
important joint extractions. A support vector machine is employed in the end for the
categorization of falls. Ref. [26] proposed a device featuring a tri-axial accelerometer,
microcontroller, and a communication device. The micro-controller collects the data from
the accelerometer and recognizes a fall if the threshold is reached. Ref. [27] proposes a
wearable sensor for ultra-low-power networks that connect with a smart home system.
The equipment is capable of detecting falls which can assist in the monitoring of older
people to improve safety. Ref. [28] proposes a wearable sensor-based continuous fall
monitoring system that is capable of detecting a fall and determining the falling pattern
and the activity related with the fall incidence. A novel radar-based fall detection system
is proposed by [29]. An ultrawideband radar has been used to monitor human everyday
activities and determine the occurrence of falls. Ref. [17] presented a platform to monitor
old persons living alone and, in case of fall detection, convey essential information to
family or medical professionals and/or conduct specific actions. Ref. [30] have proposed
a 2D LiDAR-based system that is used to gather information from a room. Moreover,
KNN and random forest are applied to discriminate between ADL and fall. Ref. [31]
utilizes YOLOVS for enhancing the detection speed of vision-based fall detection and also
enhancing the accuracy of identifying overlapping objects. Ref. [32] presents a system
for fall detection which is based on integrating convolutional neural networks, RetinaNet
and Mobilenet in addition to handcrafted features. The proposed framework relies on
handmade characteristics to express the form and motion attributes of the detected human.
Ref. [33] proposes a system where the YOLO object detection technique is integrated with
temporal classification models and the Kalman filter tracking algorithm, which are utilized
to identify falls separately on video streams. Table 1 presents the comparative examination
of the aforementioned methodologies.

Table 1. A relative comparison of various state-of-the-art fall detection approaches.

Author

Year Objective

Performance Measures Research Findings

For fall detection in videos,
YOLO object detection with

Works only on video data

ROC AUC = 84.54% which implies that a person

Mouglas etal. [33] 2022 temporal classification using  using YOLOK + 3DCNN falling in an unmonitored
the Kalman filter is used. zone will not be detected.
RetinaNet is used to recognize
persons in videos and The system is restricted to
Abdo et al. [32] 2021 MobileNet is used to Accuracy = 98% dealing with video
categorize the motion of fall data alone.
or not-fall.
YOLOVS5 is utilized for Fall detection is done by
enhancing vision-based fall Detection video exclusively. Hence,
Lietal. [31] 2021 detection and the detection Accuracy = 97.45% at areas without cameras
accuracy of 30 frames per second cannot notice a
overlapping subjects. person falling.
Two-dimensional (2D) LiDAR
inflzglrzi(tiicﬁﬁrffjil earf:)gm Accuracy: KNN = 100% Dedicated to 2D
Miawarni et al. [30] 2020 ) y: B ° environments only, not

KNN and random forest are
used to differentiate between
ADL and fall in a room.

RF =94% appropriate for 3D settings.
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Table 1. Cont.

Author

Year Objective

Performance Measures Research Findings

Barabas et al. [17]

A system programmed in C#
for movement monitoring and
2019 fall detection of people using
data from microsoft kinect
v2 sensor.

High false alarm rate
which requires review of
RGB image by human.

True Positive Rate = 82%
False Alarm Rate = 18%

Sadreazami et al. [29]

Ultrawideband radar is used
2019 to monitor daily activity and
identify occurrence of falls.

Since there is a large
number of convolutional
layers, fine tuning the layer
will result in overfitting.

Accuracy = 95.64%
Precision = 96.12%
Sensitivity = 96.73%

Hussain et al. [28]

Angular rotation of gyroscope
sensor is considered along
with acceleration to minimize
the false positives. The
problem is converted to a
binary classification which is
tested with random forest
and KNN.

2019

Accuracy: KNN
classifier = 99.8% RF
classifier = 96.82%

If a person trips and falls
down, it is hard for the
system to detect the fall.

Torres et al. [27]

Tri-axial accelerometer and
gyroscope sensors are attached
to the chest of the patient. The

2018 X, Y and Z axe values are
noted and are compared with
accelerometer and gyroscope

to make a decision.

The system fails to detect a
fall if a person is using
stairs or short corridors.

Sensitivity = 96%
Specificity = 100%

Kurniawan et al. [26]

Tri-axial accelerometer has
2016 been used to send data to a
microcontroller to detect fall.

The success rate is not very
good as the approach uses
only one
accelerometer sensor.

Forward Fall = 75%
Backward Fall = 95%

Bian et al. [25]

A depth camera is used to
distinguish body from
environment and a
2014 randomized decision tree is
used for key joint extraction.
Finally, SMV is used to classify
whether a fall occurs or not.

Sensitivity = 95.3%

Specificity = 100%

Accuracy = 97.6%
Error = 2.4%

If one of the joints is
hidden behind an object,
the system does not detect
it as a fall.

Stone et al. [34]

Real-time 3D fall detection
2014 system with the help of
kinect sensors.

Requires a large amount of

Accuracy = 98.6% .
computing resources.

Fall detection system using
acoustics. Signals are recorded

Specificity = 97% If large items are dropped,

Lietal [24] 2012 using array of microphones, Sensitivity = 100% the systen; (;;)ﬂSlders 1tas
sampled at 20 KHz. ’
The placement of the
Accelerometer attached to the Sigiialsvgﬁilzi cr:lloes:ntso tg:i
Sim et al. [23] 2011 shoes to detect fall for Sensitivity = 81.5% & ’

older people.

the acceleration would be
less than the rest of the
body.

1.2. Motivation and Research Novelty

There have been many notable works for fall detection systems [23-26,34], but these
systems either take one mobile sensor to detect falls or use fixed sensors that monitor a
particular area. Thus, in this paper, we propose a deep learning-based approach which
takes into consideration three different sensors attached to five different body parts of the
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test subject to detect falls in human beings. Now, as these models are complex and difficult
to interpret, we also integrate XAI modules with the models to improve their explainability
and interpretability. The novelty of the proposed work compared to the works presented in
the literature is described as follows. For example, ref. [23] places the sensor quite close
to the ground, which leads to less acceleration than the rest of the body. Our approach,
however, uses five sensors placed at different locations on the body to provide accurate
data. Furthermore, our approach uses the XAI technique to explain how the system makes
a decision. The flaw in the system proposed by [24] is that it considers a large item being
dropped as a fall. Our paper considers sensors such as accelerometers, gyroscopes and
magnetometers, which are not affected by sound waves. Ref. [34] uses Kinect sensors for
3D fall detection. A major drawback of this system is that it is not portable. This means
that a person falling outside the range of Kinect sensors will not be detected. Our paper, on
the other hand, places the sensors on the human body itself. This means that the sensors
continuously monitor detection, irrespective of the location.

Then, ref. [25] fails to detect a fall if one of the joints of the human body is hidden
behind an object. Our paper uses sensors that work on motion data and do not require the
detection of joints. The success rate of [26] is not very good, as it uses only one accelerometer
sensor. On the other hand, our paper uses three sensors for the detection of falls, which
provides much better accuracy for detecting falls. If a person trips and falls, the system
proposed by [28] finds it very difficult to detect falls as it only uses a single gyroscope
sensor. The use of three sensors in our paper allows for more accurate fall detection than
using a single gyroscope sensor. Ref. [29] uses ultrawideband radar for fall detection, but
no explanations are provided regarding how the model is predicting falls. Our paper, on
the other hand, takes the aid of the XAI technique to increase the interpretability of the
model and provides insights into how the model detects that a fall has occurred. Ref. [17]
also takes the aid of the Kinect sensor, which limits the system to a particular region. Our
paper takes the aid of sensors located on the body, which allows them to detect falls at any
place. Refs. [31-33] performed fall detection on video data which require cameras to be
placed everywhere in order to detect falls at any place. Furthermore, the authors have not
described how the model detects a fall. Our approach, on the other hand, does not require
any cameras for fall detection, as the sensors are sufficient enough for detecting falls at
any given place. Moreover, LIME, and the XAI technique, are used to increase the model’s
interpretability and explain how the model detects a fall. Based on the aforementioned
discussion, the following are the major research contributions of this paper:

¢  The UMA-Fall dataset is trained on deep learning-based sequence models to achieve
the task of fall detection. We train different models for all the sensors from the
experiment, test them and obtain the predictions. We apply a Majority Voting Classi-
fier (MVC) system, which takes the predictions from each sensor model to obtain a
final class.

*  We propose an XAl system that is integrated with the trained models that produce
explanations for the output of the models. Interpretations specific to the context of
falls are generated using LIME as the XAI algorithm.

The flow of the rest of the paper is as follows. Section 2 discusses the system model
for fall detection in wearable devices and the proposed sequence-based model approach.
Section 3 provides insights on the performance evaluation of the trained model and XAI
integration, and finally, Section 4 concludes the paper.

2. The Proposed Sequence-Based Model

This section discusses the system model and the proposed approach for fall detection
using the sensor data. Figure 1 depicts the system model for the fall detection system with
XAl integration. First, CSV files for each sensor are retrieved from the UMAFall dataset.
These files are then utilized to train each sensor model separately. Each sensor model has
a different architecture here to accommodate different train dataset sizes. The collective
decision of each model is calculated using an MVC. LIME is then applied to obtain local
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explanations for the outputs of the prediction model. The model’s decision-making process
can hence become more transparent, which further increases its interpretability. Figure 2
depicts the proposed system for fall detection. Complete insights about dataset descrip-
tion and preprocessing, model building, predictions, and XAI integration are discussed
as follows.

R

UMAFall Sensors Sensors
Dataset Data Models

Model Fall
Training Detection

Figure 1. System model for fall detection using wearable technology.

Data Preprocessing
= v

UMA Fall Raw Processed
Dataset Data Data

v
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BB B BB

Ankle Chest Right Pocket Waist Wrist
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. _* ______ () Data Data Data Data Data

.@BIUetooth A
'n' Transmission Receveé ‘J
_l

Ankle Mode! Chest Model R'ghf;;ket Waist Model Wrist Model
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Figure 2. Proposed system for fall detection using wearable technology.



Mathematics 2022, 10, 1990

7 of 15

2.1. Dataset Description

Various techniques can be employed to achieve fall detection using ML models. The
computer vision-based approach involves a video or image feed of an event to predict the
activity type, while the sensor-based approach involves training a model on the dataset
collected by wearable devices, which can constantly store movement data. The UMA fall
detection [35] dataset is used in this paper, which is a sensor-based wearable device dataset
and falls under the category of time-series dataset [36]. It consists of 746 samples for a
variety of test subjects. Five different kinds of wireless sensors are set up for each test subject,
one of which is a smartphone and the other four being sensor tags. The smartphone is
always placed in the right pocket, and the other four sensors are attached to the test subject’s
ankle, chest, waist, and wrist. Each sensor transmits tri-axial (V = [x, y, z]) accelerometer,
gyroscope, and magnetometer data using the Bluetooth [35], which is stored along with a
timestamp at each transmission interval. Two types of activities are considered, namely
Activity Daily Life (ADL) and fall. ADL includes 12 different sub-activities and fall includes
three sub-scenarios, namely forward fall, backward fall, and lateral fall. Label mappings
for the experiment can be seen in Table 2. The dataset is obtained under controlled settings,
and readings are obtained from the sensor by performing deliberate natural-seeming falls
on several surfaces. A total of 17 subjects were involved in collecting this dataset, out of
which 10 were males and seven were females. The age range of the subjects involved in
the experiment is 18-55 years. The average weight of the subjects was found to be around
70 kg, and the mean height was found to be around 171 centimetres. The dataset is stored in
the form of CSV rows and columns. There are a total of seven columns, namely timestamp,
sample number, x-axis, y-axis, z-axis, sensor type, and sensor ID. While the column names
are fixed, the number of rows/total timestamp for each activity for different subjects may
vary. The UMA Fall dataset is freely available on the internet at [35]. It should be noted
that the UMA fall dataset has some limitations. The experiment for obtaining sensor
readings for falls/ADL is carried out in a simulated environment. The use of a simulated
environment raises the question of whether the simulated activities are indicative of their
real-world equivalents. Because the sensors are evaluated in a controlled environment, they
generally have better sensitivity and specificity, but the detection rate drops in real-world
scenarios [37]. As a result, assessing the performance of a system whose sensors have
gathered data from a simulated environment would be challenging.

Table 2. Label mapping of UMA-Fall dataset.

Activity Class Label
Applauding, Hands Up, Making a Call, Opening Door, Sitting,
Getting Up, Walking, Bending, Hopping, Jogging, Lying Down on ADL
Bed, Go Downstairs, Go Upstairs
Backward Fall, Forward Fall, Lateral Fall Fall

2.2. Data Preprocessing

This section discusses data pre-processing and initial data preparation. There are
746 different samples of the sensor data, each derived from a test subject with sensors
attached to body parts. Each CSV file contains the data collected by the different sensors.
We first separate the values according to the sensor IDs; i.e., the data collected from the
ankle sensor, chest, right pocket, waist and wrist is separately stored. The tri-axial data
containing the vector V = [x,y, z] are the sensor data. We calculate the Signal Magnitude
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Vector (SMV) [35] for these vectors and store them. Hence, three features for each timestamp

now become a single value.
SMU;j = /xl-2j + ylz]- + lej (1)

i € trainset 2)
j € timestamps (©)]

Since for each sensor, the number of timestamps may vary and for training purposes,
only a fixed number of timestamps should be given, we downsample the data to obtain
constant 350 timestamps for all the rows in the dataset. In addition, we intend to train the
data on the LSTM-based sequence model; hence, it is recommended that the maximum
length of timestamps should be kept below 500. It is observed that LSTMs with timestamp
length greater than 500 generally suffer from a vanishing gradient problem. Choosing a
specific number, 350, ensures maximum retention of the data after downsampling, and
LSTM does not suffer from the vanishing gradient problem. For each timestamp, the feature
space is further split into two attributes: SMV values and sensor type, which are continuous
and categorical, respectively. We further obtain sensor-wise datasets and create a single
file for each of them. Each of these files further undergoes a normal train test split. The
arguments stratify = target labels column are added to the train—test split function of the
built-in and trusted python library sklearn. Hence, uniform distributions of fall and ADL
categories in the dataset are ensured. The ratio of split taken here for each of these files
is 30% test for every 70% train data. Hence, we obtain five different training data files
which will be trained on five different models. These models will then be evaluated on the
corresponding five different test data files.

2.3. Prediction Model

As discussed earlier, there are five different sensor-wise datasets based on the place-
ment of the sensor on the body. We train a different model on each of these datasets. Hence,
there will be a total of five different trained sequence models. The LSTM-based sequence
models have proved efficient for time series forecasting and classification. The model
configuration used for each sensor is presented in Table 3. To predict whether an activity is
a fall or not, we apply MVC to the individual prediction probabilities obtained from each
sensor model. For example, if the ankle, chest, and right pocket models classify the activity
as a fall based on the input data, the remaining sensor models (waist and wrist) classify the
activity as ADL. An MVC, in this case, would conclude that the activity is a fall, as it is the
higher voted label than the ADL class.

Table 3. Training models and configuration for the given sensors.

M OSdeerllsli)];/m e Layers Epochs Training Configuration
Ankle Istm(150) dropout(0.2) Istm(150) dropout(0.4) dense(1) 200
Chest Istm(150) dropout(0.7) Istm(150) dropout(0.4) dense(1) 100 Optimizer: Adam
Waist Istm(150) dense(1) 200 Loss: Binary Cross-Entropy
Right Pocket BatchNormilization(momentum = 0.99) dropout(0.7)  Istm(150) dense(1) 360 Metrics: Accuracy
Wrist Istm(150) dropout(0.8) dense(1) 125

2.4. XAI Features for Complexity Reduction

XAl can be an essential tool for explaining model prediction and feature importance. It
is a tool that can help in model interpretation. In this paper, we use LIME as the XAl method
to generate local explanations to interpret the model predictions. LIME is a model-agnostic
explanation technique, which is independent of the model type. Given sample data and the
trained model, LIME can generate individual feature explanations by producing importance
values. The greater the lime value, the more the feature affects positive predictions of the
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class labels. The overall goal of LIME is to produce an interpretable representation that
is locally faithful to the classifier [22]. We apply LIME (as shown in Algorithm 1) to the
trained sensor-wise models and attempt to explain obtained values by comparing them
with the original signal values from the input test example. The benefit of LIME as XAl is to
reduce the model complexity and increase the interpretability by unrevealing explanations
at different timestamps.

Algorithm 1 Applying LIME on the trained sensor models.

Input: train_set, test_sample, sensor_model, sensor_type, num_features
Output: lime
1: time_stamps < 350
2: exp = LimeExplainer(train_set)
> Applying LIME on the trained model
3: lime = exp.explain(test_sample,model ,num_features)
4: feature_smv = lime['smv’,’sensor_type’]
> Extracting lime values for a particular input sensor_type
5: indices = (feature_smv][:,1] == sensor_type)
6: dataframe = DataFrame(feature_smv[indices]) return dataframe

The forthcoming section discusses the performance of the proposed sequence models
and the results of the applied LIME technique as discussed above.

3. Performance Evaluation

The prediction results of the proposed deep learning-based model and LIME predic-
tions have been discussed in this section. Evaluation metrics or performance measures
provide comprehensive insights on the merits of a particular trained machine learning
model. LIME, a model agnostic XAI technique, is further used to explain the training and
feature importance of the proposed models.

3.1. Evaluation Metrics

Evaluation metrics give us a comprehensive idea about model performance and
statistics. The classification problem, which is a supervised machine learning paradigm,
has been discussed in this paper. Whether a collapse is detected or not largely depends upon
the model training and its prediction efficiency. Evaluation metrics hence provide us with
a medium to check the correctly and incorrectly identified predictions. The performance
measurement for binary classification can be seen below.

3.1.1. Accuracy Score

Accuracy scores can be calculated on the train and the test dataset. It can be mathe-
matically seen as below.

Accuracy Score =

4)
TPZ' =+ FPZ' =+ FNZ

Tt~

1

d = number of classes. Here, d = 2 for our case, as we are performing binary classification,
where TP = True Positive, FP = False Positive, FN = False Negative.

Figure 3 presents the accuracy plot for the sensor-wise trained models. It is important
to note that the sensor’s accuracy should not be compared with one another, as these
models are trained on different data collected by that particular sensor. A confusion matrix
for the predicted value after applying MVC is depicted in Figure 4. The overall accuracy



Mathematics 2022, 10, 1990

10 of 15

obtained after applying MVC is 92.54%. The following is the mathematical representation
for calculating MVC:

§ = mode{C;(x), Cy(x),- -, Cs(x)} ®)
where § signifies the final predicted class label and C;(x), Ca(x), - - -, Cs5(x) is the predicted

class label by each of the five sensors. The mode of all predicted class labels is taken, and
this value becomes the MVC’s final predicted class label.

Il Test [ | Traln

Ankle Chest Right Pocket Waist Wrist
Sensor ID

100.0
90.0
80.0
70.0
60.0
50.0

Accuracy

40.0
30.0
20.0
10.0

0.0

Figure 3. Accuracy results of the different trained sequence models on the fall detection dataset. A
separate model is trained for each of the sensors, as mentioned above on the x-axis.
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Figure 4. Confusion matrix for predicted values after applying MVC.
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3.1.2. F1-Score
F1-score is another common metric that can provide specific insights on the model

performance. The greater the F1-score, the better the model performance. The Fl-score can
be mathematically defined as the harmonic mean of precision and recall values [38,39].

2 x Precision x Recall

1 =
F ( Precision + Recall

) (6)

Figure 5 presents F1-scores for the trained sequence models on the test dataset. Pre-
viously, we discussed results of evaluation metrics; specifically, accuracy and Fl-scores
are presented above. The forthcoming section shall present the LIME results and generate
example-specific local explanations for the models.

A“_
o
e
2 Right Pocket
c
)]
w
0.0 0.1 0.2 0.3 0.4 05 0.6 0.7 08 0.9 1.0
F1-Scores

Figure 5. Fl-score for each sensor wise trained models calculated on the test dataset.

3.2. Lime Results

As discussed above, LIME provides local explanations for model explainability and
interpretation. The UMA-Fall detection data were trained using LSTM models and further
used to obtain LIME results. Python’s “lime” library [40] was used to generate explanations
in this paper. As there are 350 timestamps for each training example for all sensor tags,
the number of features for each training example also becomes 350. The LIME model can
be used to generate importance scores for these timestamps. This importance score can
be interpreted as the effect of a particular feature for contribution to the final class results.
Below, LIME values for a few sensors are calculated and plotted using a bar-plot. Both the
class labels, ADL and fall, have been presented in the figures below. This paper also tries to
correlate between the SMV values at a certain timestamp with the sequential changes in
the LIME values of a particular training example. In addition, it is important to note that
the LIME graphs presented below are generated for sensor-type accelerometers. However,
it is not imperative, as LIME values can also be calculated for the other sensor types.

Figure 6 presents a comparison between the SMV plot and the generated LIME values
for fall as the activity class. A positive LIME value for a particular timestamp denotes that
the feature positively predicts the correct class label. As we can see, the initial LIME values
in Figure 6b are positive, comparing them with initial timestamps in Figure 6a, it can be
inferred that the sudden changes in SMV values depicted by spikes as shown in Figure 6a
positively affect the predictions for the model; i.e., it supports the fall as the prediction class.
Now, as the fall ends, the SMV signal changes, and the LIME values are negatively affected.
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These subsequent negative LIME values in Figure 6b further support predictions of the
model toward the ADL activity class. This is because as a person falls, he/she lies down on
the surface, and the body comes to a stop. Since the body comes to a rest position, not many
variations in SMV values are found. Such correlations can be generated by examining the
LIME outputs and SMYV signals, thereby also increasing the explainability of the outputs of
the trained model.

-0.03 1
|
\
|
“‘y" ‘ ~ — 0.02
I

SVM Values
Lime Values

I A — A
[~ "\

Timestamps Timestamps

@) (b)

Figure 6. Original activity class: fall, Predicted activity class: fall, Prediction probablity: 0.94. The
pair of figures shows SMV values from the ankle sensor and LIME values generated on the trained
model. The timestamp axis, i.e., the x-axis, should be considered common for both the above sub-
plots. (a) Line plot of SMV values by accelerometer for sensor ankle for the given timestamps. (b) Bar
plot for LIME values for sensor ankle for the given timestamps.

Figure 7 presents a similar comparison between LIME values and SMV, but here, ADL
as the activity class is taken into consideration. Unlike LIME values for the fall class (where
positive LIME values represent feature contribution for positive/fall class prediction and
negative LIME values represent negative/ADL class predictions), here, negative LIME
values suggest high feature contributions for predicting the ADL class and vice versa. As
we can see in the Figure 7b, the initial LIME values are positive, depicting the contributions
for predicting the fall class instead of ADL. However, as time proceeds and as SMV values
change, negative LIME values for timestamps start to become more significant, denoting a
positive contribution to predicting the correct class, i.e., the ADL class for this particular
sample. For the last few timestamps, it can be visualized that there are more negative
LIME predictions than positives, which shows that the timestamps at the end of the activity,
particularly shown above, have high feature importance and influence more in predicting
the ADL class. This implies that the trained model eventually at the finish of the activity
ends up predicting the class of the sample correctly.

Such LIME graphs can be analyzed to know if the prediction model is trained properly
or if the model architecture is designed appropriately. A poorly performing model may
result in an incorrect class prediction. Using LIME values can help here to analyze the event
for each timestamp, thereby obtaining specific insights about model performance. We can
obtain insights as to why the model took a specific decision at a particular timestamp and
whether the overall model performance is satisfactory. Such analysis can prove helpful
in taking necessary steps in updating the model architectural pipeline to increase the
model performance.
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Figure 7. Original activity class: ADL, Predicted activity class: ADL, Prediction probability: 0.99. The
pair of figures shows SMV values from the right pocket sensor and LIME values generated on the
trained model. The timestamp axis, i.e., the x-axis, should be considered common for both the above
sub-plots. (a) The line plot of SMV values by accelerometer for sensor Right Pocket for the given
timestamps. (b) Bar plot for LIME values for sensor Right Pocket for the given timestamps.

4. Conclusions

This paper trained five different LSTM-based sequence models for each sensor tag
on UMA-Fall sensor data and evaluated them. We further proposed an MVC-based
approach for fall detection using the data transmitted by all five sensors on the test subject.
Accuracy and Fl-scores were plotted, as seen in the Results section. To generate local
explanations for the proposed sequence models, we use an XAl-based model-agnostic
technique called LIME and obtain its values for different timestamps. Interpretations of
the model’s outputs predicted LIME values and correlations with real-life scenarios are
described using two specific samples belonging to different classes. Different LIME graphs
for ADL and fall activities are obtained, showing unique fashion decision-making patterns
in the prediction models. For classes predicting the class ADL, the majority of negative
LIME values are obtained, whereas for the class fall, positive LIME values are obtained
in the majority. Although the explanations proposed in this paper give specific insights
about the model’s prediction, it does not completely solve the black-boxes issue of modern
machine learning algorithms.

In the future, we would further optimize the system to reduce the time complexity of
the prediction models by allowing variable length timestamps for each of the data input
streams and performing predictions accordingly. Variable length timestamp also allows
the LIME-based explainability module to dynamically present the explanations for the
resulting predictions and reduces the inference time of the explanations.
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