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Abstract: Slip-induced falls are among the most common causes of major occupational injuries and
economic loss in Canada. Identifying the risk factors associated with slip events is key to developing
preventive solutions to reduce falls. One factor is the slip-resistance quality of footwear, which is
fundamental to reducing the number of falls. Measuring footwear slip resistance with the recently
developed Maximum Achievable Angle (MAA) test requires a trained researcher to identify slip
events in a simulated winter environment. The human capacity for information processing is limited
and human error is natural, especially in a cold environment. Therefore, to remove conflicts associated
with human errors, in this paper a deep three-dimensional convolutional neural network is proposed
to detect the slips in real-time. The model has been trained by a new dataset that includes data
from 18 different participants with various clothing, footwear, walking directions, inclined angles,
and surface types. The model was evaluated on three types of slips: Maxi-slip, midi-slip, and mini-slip.
This classification is based on the slip perception and recovery of the participants. The model was
evaluated based on both 5-fold and Leave-One-Subject-Out (LOSO) cross validation. The best accuracy
of 97% was achieved when identifying the maxi-slips. The minimum accuracy of 77% was achieved
when classifying the no-slip and mini-slip trials. The overall slip detection accuracy was 86% with
sensitivity and specificity of 81% and 91%, respectively. The overall accuracy dropped by about
2% in LOSO cross validation. The proposed slip detection algorithm is not only beneficial for
footwear manufactures to improve their footwear slip resistance quality, but it also has other potential
applications, such as improving the slip resistance properties of flooring in healthcare facilities,
commercial kitchens, and oil drilling platforms.

Keywords: slip detection; injury prevention; deep neural network; convolution; spatiotemporal
feature extraction

1. Introduction

Falls are among the leading causes of injuries, especially in the older adult population. Falls result
in 646,000 deaths per year globally and pose significant financial burdens on healthcare systems [1–4].
Falls are induced by loss of balance that is often generated by external perturbations [5]. One of the
most prevalent perturbations is slipping, which occurs at the shoe and floor interface when the required
walking friction exceeds the existing friction provided by the interface [6–8]. Slip-related falls can lead
to serious medical complications such as hip fractures and traumatic brain injuries, which contribute
to limitations in independent living and lower quality of life [2,9,10]. Slip-resistant footwear can play
an important role in preventing slip-induced falls [5–8]. However, the current standards for measuring
the slip resistance of winter footwear are inadequate and have poor biofidelity [2,9,10]. This makes it
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difficult for footwear manufacturers to optimize their outsole designs and materials properly and to
inform clients of footwear performance. Our lab at the KITE Research Institute (Toronto Rehabilitation
Institute, University Health Network) introduced a novel human-centered approach called Maximum
Achievable Angle (MAA) for testing winter footwear. This test is based on the maximum slope angle
that the participant can walk on without slipping [2]. Currently, a trained human observer identifies
when slips occur during the test. Although the MAA test shows promising results [11], it is critical to
replace human observers with a more reliable and higher-resolution system to assess slips automatically
in real time. Based on our current testing experiment, testing five pairs of boots will take about an hour
in WinterLab and the observer needs to stay in the cold environment, continuously. Therefore, the rate
of errors likely increases over time. In addition, different observers have different learning curves
that affect testing results. Using an automated detection system will remove conflicts associated with
human errors for slip detection and all footwear will be evaluated with a single consistent algorithm.
Since cameras are already in use in the current MAA protocol, it is convenient to use the video data and
develop a vision-based solution for this problem. Therefore, the main goal of this paper is to propose
a novel deep learning approach to detect slips in real time. Although this new technique can be used
in different contexts e.g., monitoring slip accidents in healthcare centers, homes, commercial kitchens,
etc., our specific research problem in this paper is to improve the current footwear testing protocol
where the detection of slips is an integral part of the algorithm.

2. Literature Review

Very few studies were found on slip detection methods, especially on icy surfaces. One reason
might be the scarcity of reliable datasets, which is a main obstacle for the development of machine
learning models. Okita developed an algorithm for slip detection in robots using Inertial Measurement
Units (IMUs). The algorithm was tested on dry and contaminated surfaces [12]. A false negative rate
of 20% to 40% and a false detection rate of 5% to 15% were reported in a level walking experiment.
Lim et al. presented a slip and trip detection method using a smart phone in the participant’s pocket
with data collected in a simulated construction jobsite [13]. Although the device showed 88% accuracy
for slip detection, their data were limited to only three workers and 49 simulated slips on a contaminated
surface. Trkov et al. [14] proposed an algorithm using five IMUs attached to the lower limb of a single
subject. They used a dynamic model for detecting slips in human walking. No numerical accuracy
was reported in this paper. Trkov et al. [15] also recently proposed another threshold-based method for
slip detection and slipping distance estimation using force sensors and five IMUs. Eight participants
were recruited to walk on a wooden platform covered by a soap film to generate slippery conditions.
They compared the signals from IMUs with motion capture; however, no detection rate was reported
in this paper. Hirvonen et al. [16] proposed a technique to detect sudden movements caused by
slips and trips. This method was based on measurements of horizontal acceleration of the trunk.
Twenty participants were recruited to walk on an 8 m long contaminated platform to generate 38 slips.
They detected 22 out of 38 slips without reporting the false alarm rate. The limitation of this study is
that they only detected the slips with a slip distance greater than 5 cm. An insole sensor system was
presented by Lincoln et al. [17] to detect the slips using a threshold-based algorithm. For a specific user,
the proposed system should be iteratively calibrated to provide a greater than 90% slip detection rate.
Recently, Cen [18] proposed a slip detection algorithm with 91% accuracy using nine motion capture
reflective markers. Nine healthy adults walked on different slope angles on icy surfaces. Albeit useful,
this method can only be used in a lab environment equipped with a 14-camera passive motion tracking
system. In addition, the motion capture data are often noisy and incomplete because of calibration
error, poor sensor resolution, incorrectly affixed markers, or occlusion due to body parts or clothing.
Therefore, much time and effort are required to clean the motion data prior to use.

All these previous studies have some limitations such as the low number of participants,
the small size of the dataset and a large number of sensors (e.g., five IMUs), which affect the usability,
cost of the system, and possibly high false alarm rates. Most of the studies are based on wearable
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technology [19–21], which might affect the normal gait pattern of the participants in our application.
Although there exists no previous vision-based approach to detect slip events, vision-based approaches
have been used in human action recognition. For example, Liu et al. [22] proposed a Hierarchical
Clustering Multi-Task Learning (HC-MTL) method that alternates between learning and relatedness
discovery, iteratively. Their proposed method realized joint action recognition and task grouping.
They evaluated their model using realistic datasets such as HMDB51 [23] and UCF101 and showed that
the HC-MTL method outperformed other methods for both action grouping and recognition. In addition,
Min et al. [24] proposed a Multi-Objective Matrix Normalization (MOMN) method for fine-grained
visual recognition. Their proposed system can simultaneously normalize a bilinear representation
in square-root, low-rank, and sparsity. They evaluated the system using five benchmark datasets,
including the MPII human pose dataset [25], for which the system achieved a Mean Average Precision
(mAP) of 34.3%. These studies are just a few examples in human action recognition. However, to date,
there exist no vision-based methods for slip detection, specifically. Therefore, in this paper, for the first
time, a novel vision-based deep learning method is proposed to detect the slips in real time. The system
was trained by data from 18 participants walking uphill and downhill on two types of ice surfaces
(dry and wet) with different slope angles. Although the model was mainly developed to improve the
MAA method in ranking the winter footwear, it could also be readily applied in other areas where slip
incidence is important, such as hospitals, commercial kitchens, and oil drilling platforms.

To summarize, the novelty of this paper is to first provide a new dataset of slip and no-slip events
considering different types of footwear, walking directions, slope angles, and different types of ice with
real, human participants. In our dataset, the participants were asked to walk normally without any
interference on their normal walking pattern. The second contribution is the proposed deep learning
model, which to our knowledge has never been used for this specific application.

3. Materials and Methods

3.1. Testing Methodology

In 2015, researchers at KITE Research Institute, Toronto Rehabilitation Institute (TRI) established
a new testing method that measures the maximum achievable incline during walking on icy surfaces.
This angle was used to measure the Coefficient of Friction (COF) values for each footwear [2,9].
This human-oriented protocol is run in WinterLab, which has an ice floor, a snow maker, and air and
ground temperature controllers. This self-contained winter environment can be tilted to progressively
greater inclines from 0◦ to 15◦ as participants walk up and down slopes to test footwear. In WinterLab,
we can simulate two types of ice surfaces: Wet/melting ice and dry/bare ice. In the wet ice condition,
the air temperature is held to between 7 ◦C and 10 ◦C while the ice surface temperature is held between
−0.1 ◦C and 0.8 ◦C. This condition simulates the situation where there is a very thin layer of water on
the ice. For the dry ice condition, the air temperature is between 2.5 ◦C and 3.5 ◦C with the surface
temperature between −4 ◦C and −3.5 ◦C, which simulates a colder winter day. The temperature of
the ice is controlled using glycol pumped through tubes below the ice surface. Figure 1a,b shows the
outside and inside the WinterLab, respectively. Participants are secured with a harness attached to
a fall-arrest system connected to a robotic overhead gantry that follows the position of the subjects to
maintain itself directly above them. This system minimizes the risk of injury from falling in the event
of a slip-and-fall incident. In the current footwear testing protocol, the slope angle of the walkway
is progressively increased by 2◦ until the first failure. An angle is considered as the fail angle if
the participant could not initiate gait or if both feet slipp simultaneously while traversing the slope.
Thus, an angle is considered as the MAA if the participant can walk successfully on two out of three
trials at this angle, and the participant fails on two out of three trials at the (angle + 1)◦ [26]. In this
protocol, a trial is defined as a single walk up or down in WinterLab. Separate outcomes are recorded
for the uphill, downhill, dry, and wet ice conditions. The slips are detected by a trained human observer
who sits inside the lab.
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Figure 1. WinterLab at the KITE Research Institute (a) outside view and (b) inside view (glycol pumped
through tubes below the ice surface).

3.2. Data Collection

A GoPro Hero 3 camera with 30 fps was used to record a sample of 360 trials with a balanced
distribution of the two classes (pass/fail). The data were collected from 18 participants (10 Males and
8 Females) wearing 20 different styles of winter footwear shown in Figure 2. The demographic
information of the participants is listed in Table 1. Exclusion criteria included people with
musculoskeletal and cardiopulmonary disorders, orthopedic disease, and any other condition that
would affect mobility.Sensors 2020, 20, x FOR PEER REVIEW 5 of 16 
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Table 1. Participants’ demographic information.

Subjects ID Gender Age Height (cm) Weight (kg)

sub1 M 35 175 75
sub2 M 21 165 54
sub3 M 20 183 75
sub4 M 21 172 70
sub5 M 35 175 75
sub6 M 20 188 82
sub7 M 25 188 93
sub8 M 21 177 71
sub9 M 23 188 106

sub10 F 22 162 54
sub11 F 21 167 55
sub12 F 21 165 54
sub13 F 22 162 54
sub14 F 21 155 62
sub15 M 30 192 56
sub16 F 23 179 84
sub17 F 26 170 62
sub18 F 32 167 66

Ethics approval for the study was obtained from the KITE-TRI-UHN Research Ethics Board,
and participants gave written informed consent prior to study participation. Most of the recorded videos
lasted from 100 (~3 s) to 300 (10 s) frames in total. Despite inevitable fish-eye effects by GoPro cameras,
a relatively narrow Point of View (POV) had been applied to the camera to offset such perspective
distortion. In this paper, our model will classify the types of slip into: Maxi-slips (hazardous), midi-slips,
and mini-slips while the other class represents normal walking. This classification is based on the slip
perception and recovery of the participants. During mini-slips, the participants did not feel the slip
events but the trained human observer could recognize them after checking the videos frame by frame.
During midi-slips, the slips events were recovered without major gait disturbances and in maxi-slip events,
the slip recovery involved large corrective responses and the participants were close to a fall [27,28].

3.3. Neural Network Architecture

For our video binary classification problem, we have used a pre-trained model proposed by
Carreira et al. in [29]. This model, called “Inflated 3D ConvNets” (I3D), has been used in the action
recognition dataset, with 71.1% accuracy in classifying 400 types of human actions with RGB data only
(RGB-I3D) [30]. After pre-training on ImageNet and Kinetics, RGB-I3D models provided accuracy of
95.6% and 74.8% on UCF-101 [30] and HMDB-51 [23] datasets, correspondingly. The applied I3D model
was based on the Inception-v1 with batch normalization [31] with inflating filters, and pooling kernels
into 3D (see Figure 3). The final model consists of a very deep, naturally spatiotemporal classifier [29].
Particularly in Figure 3, features are extracted from video inputs with max pooling operations and
convolutional kernels with different sizes, resulting in a simple yet effective parameter selection.

Since this model showed promising results in classifying different types of human actions using
video files, in this paper, we have used the RGB-I3D network, which takes advantage of pre-training
on both ImageNet and Kinetics. The performance of the pre-trained models by Kinetics was higher
than previous 3D ConvNets (C3D), although C3D was trained on a larger number of video files [29],
and even when combined with Improved Dense Trajectory (IDT) [29]. This may be due to a better
quality of Kinetics and the I3D architecture.

With OpenCV, we uniformly extracted 64 frames out of each sample with 224 × 224 resolution.
The preprocessed data were then used to retrain the I3D Neural Network based on the pre-trained
weights from ImageNet and Kinetics. In particular, low-level motions at human posture in our dataset
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are the key characterization of the slip events. This property should be taken into account for feature
learning and inference throughout the deep convolutional architecture of I3D.
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3.4. Experiment Setting and Model Configuration

The performance of the proposed model is evaluated based on five different experiments as follows:

1. 60 trials of maxi-slips and 60 no-slip trials,
2. 60 trials of midi-slips and 60 no-slip trials,
3. 60 maxi-slips, 60 midi-slips and 120 no-slip trials,
4. 60 mini-slips and 60 no-slip trials,
5. 180 slips of all three types and 180 no-slip trials.

A sample of mini-slip is presented in Figure 4. The slip starts from the 2nd frame on the right
foot and lasts for five frames on the dry ice surface. This example is from sub2′s trial when wearing
F8. Note that the no-slip trials are the same for scenarios 1, 2, and 4. To summarize, we arranged
scenarios with individual subsets of slip data, a scenario with full data, and one with fair detection,
in experiment 3. We ran the RGB-I3D pre-trained model for binary classification for each scenario.
Considering the small-scale training data, we used 5-fold cross validation to evaluate the performance
of each model for all scenarios. As our goal is essentially to classify slip and no-slip activities, a binary
cross entropy is introduced as the loss function as follows:

f (x) = −
1
N

N∑
i=1

yi log(ŷi) + (1− yi) log(1− ŷi) (1)

where N is the training sample size, yi is the ground truth label for the class slip and no-slip, as 0 and 1,
respectively, and ŷi denotes the corresponding predicted value. We seek to minimize this loss function
during the training regime. The smaller the difference between the true label and the probability,
the lower the loss function is. In this paper, Adaptive Moment Estimation (Adam) [32] was used as the
optimizer, which uses estimations of the first and second moments of gradient to adapt the learning
rate for each weight of the neural network. Different publications [33,34] showed the feasibility of
Adam to tackle problems on transfer learning. However, in experiment 4, the standard Stochastic
Gradient Decent (SGD) [35] yielded a better and more consistent result than Adam.

In experiment 4, we aim to detect the mini-slips that are very close to no-slip trials. When confronted
with this challenge, the infrequent large gradients that induce a large update to the weights will
be phased out quickly with the exponential moving average algorithm in Adam, leading to poor
convergence [36,37]. The learning rate has been set to 0.001 for all experiments.

To prevent overfitting, we used a dropout layer and an early stopping mechanism, which terminates
the training process automatically once the loss function stops improving after a pre-determined
number of epochs (patience). We empirically set the patience value to be 5 epochs in experiments 1–3.
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Due to the significant resemblance for the two classes in experiment 4, the patience value was set to 10
in this scenario, and accordingly set to 8 in experiment 5, which comprises the entire dataset.
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frame and lasts for five frames on the right foot.

4. Results

4.1. Data Analysis

We developed a very first slip detection dataset of 360 video clips with a balanced distribution
of slips (180 trials) and no-slips (180 passed trials). In our testing procedure, 18 participants wore
20 different footwear between sessions. Footwear anti-slip characteristics (Coefficient of Friction
(COF)) are mainly ascribed to the outsole technology, design, and material. Figure 5 illustrates the
total number of mini, midi, and maxi slips considering different ice conditions, angles, and walking
direction. All slips occurred at angles greater than 5◦ and the maxi-slips started from slope angle 8◦.
The maxi-slips mostly occurred in walking downhill (Figure 5e). Regardless of walking direction,
mini-slips and midi-slips are more frequent on dry ice, whereas the frequency of maxi-slips does not
differ significantly between wet and dry ice. Figure 6a,b shows the “No-slip Trials” distribution over
different angles for walking downhill and uphill, respectively.

We had an almost equal number of passes for dry and wet ice conditions with 86 and 94 trials,
respectively. Figure 6c also shows that in our dataset, the slip events occurred more on dry ice (112 out
of 180 slips) than on wet ice (68 slips out of 180). All footwear and participant contributions to our
dataset are shown in Figure 7a,b, correspondingly. The grey shaded regions in these figures indicate the
total number of trials for each footwear and participant. For example, F1 had the most contributions to
the dataset with 46 trials (21 slips and 25 passes) while F20 and F19 had the least contributions in our
dataset with only one no-slip trial.
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4.2. Model Evaluation

We evaluate the architecture’s performance in the five concise experiments defined in Section 3.4.
The classification metrics such as accuracy, recall, specificity, and F1 score are obtained as follows:

Recall/Sensitivity =
Tp

Tp + Fn
Speci f icity =

Tn

Tn + Fp
(2)

Accuracy =
Tp + Tn

Tp + Tn + Fp + Fn
F1 Score =

2Tp

2Tp + Fp + Fn
(3)

where Tp, Tn, Fp, and Fn denote true positives, true negatives, false positives, and false negatives
respectively. We have also computed the AUC with the trapezoidal rule as follows [38]:

AUC =
∑

i

1
2
(TPRi + TPRi−1)(FPRi − FPRi−1) (4)

where TPR refers to the true positive rates, and FPR refers to the false positive rates.

4.2.1. Record-Wise Cross Validation Analysis (5-Fold)

Table 2 summarizes the results for all experiments where most reach over 86% accuracy rates.
However, a lower accuracy rate of 77% for experiment 4 was obtained, given the difficulty of detecting
mini-slips—the trained human observer could sometimes find them uncertain to identify as well.
Notably, our model could detect the maxi-slips with high accuracy of 97%. Overall, the model
discrimination ability is clearly associated with slip severity as expected. It is worth noting that the
specificity rates suppress the recall rates in all experiments, implying the learning of the passed (no-slip)
class is slightly better than the slip class. This could be intuitively explained by the monotonic and
distinguishable pattern of human walking, in contrast with complicated postures during slip events.
Figure 8 shows the Receiver Operating Characteristic (ROC) curves for all experiments. This figure and
Table 2 demonstrate very high areas under curve (AUC) values for all experiments. The average true
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positive (Tp), true negative (Tn), false positive (Fp), and false negative (Fn) from 5-fold cross-validation
are brought in confusion matrices in Figure 9. The False Negative Rates (FNRs), which are critical in
our application, are 5%, 20%, 12.5%, 26.7%, and 19.4% for experiments 1 to 5, respectively. Experiment
4 had the highest FNR, where the model distinguishes between mini-slips and no-slips; this result is
consistent with our prior hypothesis that it may be challenging to accurately identify mini-slips even
using human observation.

Table 2. Five-fold cross validation results for all five experiments.

Experiments Accuracy Sensitivity Specificity F1 Score AUC

Experiment 1 0.97 ± 0.03 0.95 ± 0.07 1.00 ± 0.00 0.97 ± 0.04 0.99 ± 0.00
Experiment 2 0.88 ± 0.05 0.80 ± 0.11 0.95 ± 0.04 0.86 ± 0.06 0.93 ± 0.02
Experiment 3 0.93 ± 0.03 0.88 ± 0.05 0.98 ± 0.02 0.92 ± 0.03 0.95 ± 0.03
Experiment 4 0.77 ± 0.04 0.73 ± 0.10 0.80 ± 0.11 0.76 ± 0.05 0.85 ± 0.04
Experiment 5 0.86 ± 0.04 0.81 ± 0.08 0.91 ± 0.03 0.85 ± 0.04 0.90 ± 0.03Sensors 2020, 20, x FOR PEER REVIEW 10 of 16 
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4.2.2. Subject-Wise Cross Validation Analysis (Leave One Subject Out)

In our human-centered footwear testing protocol, each footwear is tested by different human
participants. Therefore, it is important to evaluate the models using a subject-independent cross
validation technique, i.e., Leave-One-Subject-Out (LOSO). In this method, the data of one subject
is selected for testing purposes while the other subjects’ data are used for training the model.
This procedure is repeated until all the subjects have been used as the test dataset. We want to
simulate a scenario when new subjects join our footwear testing program, and to determine if the
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model is capable of differentiating slip/no-slips from different gait patterns. In our dataset, we had
18 participants, therefore the LOSO validation provides us with 18 different classification parameters.
We have used LOSO for experiment 5 and the results are shown in Figure 10 and Table 3. The average
accuracy was 84% ± 13% which is 2.3% lower than 5-fold cross validation. This drop in the performance
might be due to the fact that in 5-fold cross validation, records from the same subject are present in
both training and test folds. In addition, the unbalanced data from our 18 subjects, shown in Figure 7b,
may lead to overestimation in 5-fold cross validation.Sensors 2020, 20, x FOR PEER REVIEW 11 of 16 

 

 
Figure 10. Confusion matrices of Leave-One-Subject-Out (LOSO) results: (a–r) from sub1 to sub18, 
respectively. 

Table 3. LOSO results on experiment 5. 

Experiments Accuracy Recall Specificity F1 Score 
Sub1 0.88 0.81 0.92 0.84 
Sub2 0.73 0.60 1.00 0.75 
Sub3 0.88 0.80 1.00 0.89 
Sub4 0.81 0.76 0.91 0.84 
Sub5 0.81 0.83 0.78 0.86 
Sub6 0.78 0.50 0.94 0.63 
Sub7 0.89 1.00 0.83 0.86 
Sub8 0.75 0.54 1.00 0.70 
Sub9 1.00 NA 1.00 NA 

Sub10 0.47 0.11 1.00 0.20 
Sub11 0.64 0.38 1.00 0.55 
Sub12 0.86 0.80 1.00 0.89 
Sub13 0.90 0.80 1.00 0.89 
Sub14 0.89 0.86 1.00 0.92 
Sub15 1.00 1.00 1.00 1.00 
Sub16 1.00 1.00 1.00 1.00 
Sub17 0.88 0.67 1.00 0.80 
Sub18 0.86 NA 0.86 NA 

Average 0.84 ± 0.13 0.72 ± 0.23 0.96 ± 0.07 0.79 ± 0.19 

Since, in LOSO cross validation, the test data in each iteration may be unbalanced with class 
labels, it is necessary to evaluate the specificity, sensitivity, and F1 score in this type of validation. As 
depicted in Figure 11, every subject used different numbers of footwear to produce slips and no-slips 
data. For example, sub1 used 6 pairs of boots (F2, F4, F5, F6, F17, and F18) to provide 25 and 16 trials 
with and without slips, respectively (see Figure 7b). It is worth noting that sub9 and sub18 only 
contributed to the “no-slip” class, thus 𝑇௣ = 𝐹௡ = 0 for these two participants (Figure 10). For sub9, 
the model that was trained by the other 17 subjects could successfully distinguish all no-slip data 
without any false positives (specificity 100%). However, for sub18, one of the no-slip trials is 
misclassified as “slip”, resulting in specificity of 85% shown in Figure 10r. The misclassification 
shows the false negative and false positive cost of the proposed model. The high specificity for both 
subjects indicates a rare occurrence of false positives and successful classification for no-slip trials. 

Figure 10. Confusion matrices of Leave-One-Subject-Out (LOSO) results: (a–r) from sub1 to sub18, respectively.

Table 3. LOSO results on experiment 5.

Experiments Accuracy Recall Specificity F1 Score

Sub1 0.88 0.81 0.92 0.84
Sub2 0.73 0.60 1.00 0.75
Sub3 0.88 0.80 1.00 0.89
Sub4 0.81 0.76 0.91 0.84
Sub5 0.81 0.83 0.78 0.86
Sub6 0.78 0.50 0.94 0.63
Sub7 0.89 1.00 0.83 0.86
Sub8 0.75 0.54 1.00 0.70
Sub9 1.00 NA 1.00 NA

Sub10 0.47 0.11 1.00 0.20
Sub11 0.64 0.38 1.00 0.55
Sub12 0.86 0.80 1.00 0.89
Sub13 0.90 0.80 1.00 0.89
Sub14 0.89 0.86 1.00 0.92
Sub15 1.00 1.00 1.00 1.00
Sub16 1.00 1.00 1.00 1.00
Sub17 0.88 0.67 1.00 0.80
Sub18 0.86 NA 0.86 NA

Average 0.84 ± 0.13 0.72 ± 0.23 0.96 ± 0.07 0.79 ± 0.19

Since, in LOSO cross validation, the test data in each iteration may be unbalanced with class labels,
it is necessary to evaluate the specificity, sensitivity, and F1 score in this type of validation. As depicted
in Figure 11, every subject used different numbers of footwear to produce slips and no-slips data.
For example, sub1 used 6 pairs of boots (F2, F4, F5, F6, F17, and F18) to provide 25 and 16 trials with
and without slips, respectively (see Figure 7b). It is worth noting that sub9 and sub18 only contributed
to the “no-slip” class, thus Tp = Fn = 0 for these two participants (Figure 10). For sub9, the model that
was trained by the other 17 subjects could successfully distinguish all no-slip data without any false
positives (specificity 100%). However, for sub18, one of the no-slip trials is misclassified as “slip”,
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resulting in specificity of 85% shown in Figure 10r. The misclassification shows the false negative
and false positive cost of the proposed model. The high specificity for both subjects indicates a rare
occurrence of false positives and successful classification for no-slip trials. The worst-case accuracy,
which seems to be an outlier in our data, was achieved for sub10. All “no-slip” trials for this subject
are detected correctly (specificity 100%); however, eight out of nine slips are misclassified, which leads
to an F1 score of 20%.
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Some feature maps obtained from certain layers of our trained RGB-I3D model are shown in
Figure 12. Even though the data still outline the slip activity in the bottom layer of the model, it becomes
completely unrecognizable by a human once it gets deeper. The “blurry” features may still provide
a useful feedback for the model to make its prediction. For simplicity, in Figure 13 we portrayed a Class
Activation Map (CAM) before the final SoftMax layer to visualize the attention of our neural network.
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One concern is that the model might focus on the feature when participants recover from the
maxi-slips by using a rope. However, such rope grabbing action can also happen at the end of no-slip
trials where the participants grabs the rope after the last step at the end of the walkway. It was observed
that the model can properly localize the event and region of interest both spatially and temporally.

5. Future Work

5.1. Coverage Limitation

Vision-based detection is often limited by the coverage of the cameras. Although a single static
GoPro camera was used in our current dataset, to improve the model we can install cameras at other
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positions with different frame rates, POV, video resolutions, and even lights. Experiments with fusion
of these variables should lead to a robust model that sends warnings in time from different placements
and conditions in a room.

5.2. Data Processing and Population

Given the small sample size used, data augmentation [39] is also a technique to potentially
enhance model generalizability. By imposing additional transformations onto original data, such as
cropping, flipping, rotation, etc., more data can be generated to effectively reduce possible overfitting.
However, it requires meticulous processing for our dataset, as slip characteristics are informative for
learning and we do not want to lose such information. For example, the short contact with the ground
surface in mini-slips seems to be the only criterion from a human observer’s standpoint. In addition,
since the current participants of this study are young healthy adults, more data will be collected from
people with wide range of age to evaluate the model. The current footwear testing is a longitudinal
program at KITE Research Institute and this model will be improved over time with data from a larger
population and different footwear.

5.3. Real Time Detection

Real time slip detection would be very helpful for the efficient operation of WinterLab. Although the
current algorithm can only detect the slips in every 64 frames, it is possible to store a cache of previous
features and make the classification decision [40] even faster. In the future, we will implement our
model in AWS DeepLens, the world’s first deep learning enabled video camera [41] to detect the slips
in real time.

6. Conclusions

In this paper, we present a deep three-dimensional convolutional neural network architecture
capable of detecting slips during human walking in winter conditions using a vision-based approach.
We formed an original dataset, consisting of 360 video clips of 18 participants wearing 20 styles of
footwear. Retrained by this dataset, our system demonstrated an overall slip classification accuracy
of 86%, sensitivity of 81%, and specificity of 91% when using 5-fold cross-validation. In addition,
the system demonstrated that the detection accuracy is correlated with the slip severity. The maxi-slips
were detected with the highest accuracy of 97%, whereas the mini-slips were detected with the lowest
accuracy of 77% among all cases. The average accuracy achieved for LOSO validation was 84%.
These results demonstrated the system’s capacity to detect slips of various sizes in realistic and varying
environmental conditions. The proposed system can be readily applied to detect slips in real-world
winter conditions and other slip-prone scenarios. For example, the system can be implemented in
healthcare environments to detect the slips of patients and staff. The prompt and automatic detection
provided by the system will allow fast interventions which could reduce the injury rates. The system’s
ability to maintain high performance with various footwear styles and flooring conditions contributes
to the practicality of its application in preventing injuries, especially for elderly.

Author Contributions: K.W. designed the study, implemented the methodology, and drafted the manuscript. S.H.
contributed to the data acquisition and helped shape the research and manuscript. G.F. contributed to the revision
of this paper and provided insightful comments and suggestions. A.R.F. directed the study and contributed to the
overall study design, the codes validation, as well as the analysis of the results. All authors have read and agreed
to the published version of the manuscript.

Funding: This work was supported by the Rehabilitation Engineering Research Center (RERC) grant with number
90RE5022-01-00. Fernie receives support as the Creaghan Family Chair in Prevention and Healthcare Technologies.

Acknowledgments: The authors would like to thank the staff and participants from WinterLab, for all kinds of
assistance in our project, and thank the HPC4Health cloud computing for accelerating our study.

Conflicts of Interest: The authors declare no conflict of interest.



Sensors 2020, 20, 6883 13 of 14

Ethical Statements: Ethics approval for the study was obtained from the KITE-TRI-UHN Research Ethics Board
(REB), and participants gave written informed consent prior to study participation.

References

1. World Health Organization. WHO Global Report on Falls Prevention in Older Age; World Health Organization:
Geneva, Switzerland, 2008; ISBN 978-92-4-156353-6.

2. Hsu, J.; Shaw, R.; Novak, A.; Li, Y.; Ormerod, M.; Newton, R.; Dutta, T.; Fernie, G. Slip resistance of winter
footwear on snow and ice measured using maximum achievable incline. Ergonomics 2016, 59, 717–728.
[CrossRef] [PubMed]

3. McCrum, C.; Gerards, M.H.G.; Karamanidis, K.; Zijlstra, W.; Meijer, K. A systematic review of gait perturbation
paradigms for improving reactive stepping responses and falls risk among healthy older adults. Eur. Rev.
Aging Phys. Act. 2017, 14, 3. [CrossRef]

4. Terroso, M.; Rosa, N.; Torres Marques, A.; Simoes, R. Physical consequences of falls in the elderly: A literature
review from 1995 to 2010. Eur. Rev. Aging Phys. Act. 2014, 11, 51–59. [CrossRef]

5. Abeysekera, J.; Gao, C. The identification of factors in the systematic evaluation of slip prevention on icy
surfaces. Int. J. Ind. Ergon. 2001, 28, 303–313. [CrossRef]

6. Verma, S.K.; Courtney, T.K.; Corns, H.L.; Huang, Y.-H.; Lombardi, D.A.; Chang, W.-R.; Brennan, M.J.;
Perry, M.J. Factors associated with use of slip-resistant shoes in US limited-service restaurant workers.
Inj. Prev. 2012, 18, 176–181. [CrossRef]

7. Staal, C.; White, B.; Brasser, B.; LeForge, L.; Dlouhy, A.; Gabier, J. Reducing employee slips, trips, and falls
during employee-assisted patient activities. Rehabil. Nurs. 2004, 29, 211–214.

8. Radomsky, M.C.; Ramani, R.V.; Flick, J.P. Slips, Trips & Falls in Construction & Mining: Causes & Controls.
Prof. Saf. 2001, 46, 30–37.

9. Hsu, J.; Li, Y.; Dutta, T.; Fernie, G. Assessing the performance of winter footwear using a new maximum
achievable incline method. Appl. Ergon. 2015, 50, 218–225. [CrossRef]

10. Iraqi, A.; Cham, R.; Redfern, M.S.; Beschorner, K.E. Coefficient of friction testing parameters influence the
prediction of human slips. Appl. Ergon. 2018, 70, 118–126. [CrossRef]

11. Bagheri, Z.S.; Beltran, J.; Holyoke, P.; Sole, G.; Hutchinson, K.; Dutta, T. Reducing the risk of falls by 78%
with a new generation of slip resistant winter footwear. In Advances in Social and Occupational Ergonomics,
Proceedings of the AHFE 2019 International Conference on Social and Occupational Ergonomics, Washington, DC,
USA, 24–28 July 2019; Springer: Berlin/Heidelberg, Germany, 2020; Volume 970, pp. 279–285.

12. Noriaki, O. Development of a Novel Foot Slip Sensor Algorithm. Ph.D. Thesis, The Pennsylvania State
University, University Park, PA, USA, 2015.

13. Lim, T.-K.; Park, S.-M.; Lee, H.-C.; Lee, D.-E. Artificial Neural Network–Based Slip-Trip Classifier Using
Smart Sensor for Construction Workplace. J. Constr. Eng. Manag. 2016, 142, 04015065. [CrossRef]

14. Trkov, M.; Chen, K.; Yi, J.; Liu, T. Slip detection and prediction in human walking using only wearable
inertial measurement units (IMUs). In Proceedings of the 2015 IEEE International Conference on Advanced
Intelligent Mechatronics (AIM), Busan, Korea, 7–11 July 2015; pp. 854–859.

15. Trkov, M.; Chen, K.; Yi, J.; Liu, T. Inertial Sensor-Based Slip Detection in Human Walking. IEEE Trans.
Automat. Sci. Eng. 2019, 16, 1399–1411. [CrossRef]

16. Hirvonen, M.; Leskinen, T.; Grönqvist, R.; Saario, J. Detection of near accidents by measurement of horizontal
acceleration of the trunk. Int. J. Ind. Ergon. 1994, 14, 307–314. [CrossRef]

17. Lincoln, L.S.; Bamberg, S.J.M. Insole sensor system for real-time detection of biped slip. In Proceedings of
the 2010 Annual International Conference of the IEEE Engineering in Medicine and Biology, Buenos Aires,
Argentina, 31 August–4 September 2010; pp. 1449–1452.

18. Cen, D.J.Y. Development of a Slip Analysis Algorithm: Automating the Maximal Achievable Angle Footwear
Slip Resistance Test. Master’s Thesis, Institute of Biomaterials and Biomedical Engineering University of
Toronto, Toronto, ON, Canada, 2018.

19. Janidarmian, M.; Roshan Fekr, A.; Radecka, K.; Zilic, Z. Multi-Objective Hierarchical Classification Using
Wearable Sensors in a Health Application. IEEE Sens. J. 2017, 17, 1421–1433. [CrossRef]

http://dx.doi.org/10.1080/00140139.2015.1084051
http://www.ncbi.nlm.nih.gov/pubmed/26555738
http://dx.doi.org/10.1186/s11556-017-0173-7
http://dx.doi.org/10.1007/s11556-013-0134-8
http://dx.doi.org/10.1016/S0169-8141(01)00027-0
http://dx.doi.org/10.1136/injuryprev-2011-040094
http://dx.doi.org/10.1016/j.apergo.2015.03.016
http://dx.doi.org/10.1016/j.apergo.2018.02.017
http://dx.doi.org/10.1061/(ASCE)CO.1943-7862.0001049
http://dx.doi.org/10.1109/TASE.2018.2884723
http://dx.doi.org/10.1016/0169-8141(94)90019-1
http://dx.doi.org/10.1109/JSEN.2016.2645511


Sensors 2020, 20, 6883 14 of 14

20. Janidarmian, M.; Roshan Fekr, A.; Radecka, K.; Zilic, Z.; Ross, L. Analysis of Motion Patterns for Recognition of
Human Activities. In Proceedings of the 5th EAI International Conference on Wireless Mobile Communication
and Healthcare-“Transforming Healthcare through Innovations in Mobile and Wireless Technologies”,
London, UK, 14–16 October 2015; ICST: London, UK, 2015.

21. Janidarmian, M.; Roshan Fekr, A.; Radecka, K.; Zilic, Z. A Comprehensive Analysis on Wearable Acceleration
Sensors in Human Activity Recognition. Sensors 2017, 17, 529. [CrossRef]

22. Liu, A.; Su, Y.; Nie, W.-Z.; Kankanhalli, M.S. Hierarchical Clustering Multi-Task Learning for Joint Human
Action Grouping and Recognition. IEEE Trans. Pattern Anal. Mach. Intell. 2017, 39, 102–114. [CrossRef]

23. Kuehne, H.; Jhuang, H.; Garrote, E.; Poggio, T.; Serre, T. HMDB: A large video database for human motion
recognition. In Proceedings of the 2011 International Conference on Computer Vision, Barcelona, Spain,
6–13 November 2011; pp. 2556–2563.

24. Min, S.; Yao, H.; Xie, H.; Zha, Z.-J.; Zhang, Y. Multi-Objective Matrix Normalization for Fine-grained Visual
Recognition. IEEE Trans. Image Process 2020, 29, 4996–5009. [CrossRef]

25. Andriluka, M.; Pishchulin, L.; Gehler, P.; Schiele, B. 2D Human Pose Estimation: New Benchmark and State
of the Art Analysis. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), Columbus, OH, USA, 23–28 June 2014.

26. Huynh, N.; Fernie, G.; Fekr, A.R. A Novel Approach for Slip Resistance Evaluation of Winter Footwear based
on Probability of Slipping and Cost Analysis. Submitt. Publ. Saf. Sci. 2020, in press.

27. Redfern, M.S.; Cham, R.; Gielo-Perczak, K.; Grönqvist, R.; Hirvonen, M.; Lanshammar, H.; Marpet, M.;
Iv, C.Y.-C.P.; Powers, C.J. Biomechanics of slips. Ergonomics 2001, 44, 1138–1166. [CrossRef]

28. Strandberg, L.; Lanshammar, H. The Dynamics of Slipping Accidents. J. Occup. Accid. 1981, 3, 153–162. [CrossRef]
29. Carreira, J.; Zisserman, A. Quo Vadis, Action Recognition? A New Model and the Kinetics Dataset.

In Proceedings of the 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu,
HI, USA, 21–26 July 2017; pp. 4724–4733.

30. Soomro, K.; Zamir, A.R.; Shah, M. UCF101: A Dataset of 101 Human Actions Classes from Videos in the
Wild. arXiv 2012, arXiv:1212.0402.

31. Wang, H.; Schmid, C. Action Recognition with Improved Trajectories. In Proceedings of the 2013 IEEE
International Conference on Computer Vision, Sydney, Australia, 1–8 December 2013; pp. 3551–3558.

32. Kingma, D.P.; Ba, J. Adam: A Method for Stochastic Optimization. arXiv 2017, arXiv:1412.6980.
33. Weinshall, D.; Cohen, G.; Amir, D. Curriculum Learning by Transfer Learning: Theory and Experiments

with Deep Networks. arXiv 2018, arXiv:1802.03796.
34. Khan, N.M.; Hon, M.; Abraham, N. Transfer Learning with intelligent training data selection for prediction

of Alzheimer’s Disease. arXiv 2017, arXiv:1906.01160. [CrossRef]
35. Ruder, S. An overview of gradient descent optimization algorithms. arXiv 2017, arXiv:1609.04747.
36. Reddi, S.J.; Kale, S.; Kumar, S. On the Convergence of Adam and Beyond. arXiv 2019, arXiv:1904.09237.
37. Keskar, N.S.; Socher, R. Improving Generalization Performance by Switching from Adam to SGD. arXiv 2017,

arXiv:1712.07628.
38. Bouckaert, R.R. Efficient AUC learning curve calculation. In Proceedings of the Australian Conference on

Artificial Intelligence, Hobart, Australia, 4–8 December 2006; Volume 4304, pp. 181–191.
39. Perez, L.; Wang, J. The Effectiveness of Data Augmentation in Image Classification using Deep Learning.

arXiv 2017, arXiv:1712.04621.
40. Carreira, J.; Patraucean, V.; Mazare, L.; Zisserman, A.; Osindero, S. Massively Parallel Video Networks. arXiv

2018, arXiv:1806.03863.
41. Available online: https://aws.amazon.com/deeplens/ (accessed on 12 November 2020).

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.3390/s17030529
http://dx.doi.org/10.1109/TPAMI.2016.2537337
http://dx.doi.org/10.1109/TIP.2020.2977457
http://dx.doi.org/10.1080/00140130110085547
http://dx.doi.org/10.1016/0376-6349(81)90009-2
http://dx.doi.org/10.1109/ACCESS.2019.2920448
https://aws.amazon.com/deeplens/
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Literature Review 
	Materials and Methods 
	Testing Methodology 
	Data Collection 
	Neural Network Architecture 
	Experiment Setting and Model Configuration 

	Results 
	Data Analysis 
	Model Evaluation 
	Record-Wise Cross Validation Analysis (5-Fold) 
	Subject-Wise Cross Validation Analysis (Leave One Subject Out) 


	Future Work 
	Coverage Limitation 
	Data Processing and Population 
	Real Time Detection 

	Conclusions 
	References

