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Multimodal data harvested by the Internet of Things sensors has recently been utilised for behavioural biometrics and consequently
user authentication. While strengthening the security, these data nevertheless present a privacy threat to users whose behaviour can
now be modelled in detail, thus allowing the authenticating authority to not only know who is present, but also what the present person
is doing. In this work we reconsider IoT sensor-based authentication and provide a solution mitigating the privacy risk associated with
unnecessary information leaks. Our approach harnesses adversarial learning and identifies such a projection of the data that maintains
identity separability, yet obfuscates activity separability, thus ensuring that the authenticating authority can successfully identify
the user, but not her actions within the sensed environment. We evaluate our approach on a real-world dataset of three activities
performed by fifteen users and show that the activity obfuscation is achieved without compromising identification capabilities.
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1 INTRODUCTION

For seamless password-less authentication, Alice is using a behaviour-based IoT authentication system, developed
by Carl. IoT devices in such a system are equipped with a variety of sensors, which can be used to monitor, record,
and transmit Alice’s activities and even confirm her identity based on her behavioural patterns. Yet, Carl is interested
in many Information Technology (IT) related sectors, one of which is online advertising. He realised that he can
use this (presumably authentication purposed) IoT data to reveal Alice’s daily routines and profile her behaviour for
targeted advertisement. Alice does not want to go back to using other forms of authentication like passwords, yet she is
uncomfortable with sharing data with Carl, aside for those necessary for an authentication system to work.

Moving away from traditional authentication tools, behavioural biometrics present an attractive alternative, as
they remain more convenient than passwords, yet alleviate privacy concerns associated with “hard" biometrics [8].
Nevertheless, the concern of data abuse still remains, as environment sensing can provide much more information
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than needed for person identification (e.g., it can be used to detect the activities of the user as well). Therefore, in
this work we focus on reducing the amount of auxiliary information released by IoT environments, while preserving
the identification capabilities of the data exported to the authenticating service. The main contributions of our work
include:

• We devise an adversarial learning solution capable of obfuscating information pertaining to a user’s activity in
an office from IoT-sensed data, to the point of different activities being indistinguishable by an adversary, while
retaining the identification accuracy delivered by an authentication mechanism using the said data.

• We demonstrate that privacy retention mechanisms and user identification accuracy are not mutually exclusive.
Our adversarial learning solution is able to achieve higher identification accuracy, compared to an identical
counterpart without an adversarial element, while simultaneously ensuring increased privacy.

• Exploring an alternative scenario where the goal is to achieve identity-secluding activity recognition, we
demonstrate the generalisability of the proposed approach.

In this paper we present our initial exploration of privacy-preserving authentication1 in IoT. This preliminary work
does not represent a full-fledged authentication system, nor have we put the necessary effort to achieve high-accuracy
user identification. Instead, we believe that work presented here can provide a crucial link bridging the privacy of a
user’s local environment and the capabilities offered by remote authentication services. Therefore, with the help of the
technique presented in this paper, we envision the potential for the adoption of behavioural biometric authentication in
standard authentication protocols such as OAuth2.

2 RELATEDWORK

Widespread adoption of sensors such as fingerprint scanners and cameras rendered biometric authentication a viable
form of authentication [18]. However, biometric data tend to be sensitive, thus raising privacy issues associated with
data collection and storage [23].

Behavioural biometric authentication built upon non-sensitive sensor data delivers a possible solution to the privacy
concerns raised by “hard” biometrics [12]. Touch and keyboard dynamics, for instance, are commonly researched
behavioural traits [16], as it turns out that individual differences among users can be observed from touch screen and
keyboard [5, 17] interaction patterns. Additional modalities, such as acceleration or gyration, can also be sensed and
incorporated in such systems to improve classification performance [19]. Gait dynamics, where a user’s identity is
inferred based on his or her walking pattern is another popular behavioural biometric approach [7]. Even “softer”
sensors, such as PC or smartphone usage information, can be used for behaviour-based authentication [10, 13]. Finally,
since the opportunities for authentication remain limited to moments when a user is actively expressing behaviour
captured by the corresponding sensor – e.g. to moments when a user is walking, if a gait sensor is used – multimodal
behaviour biometric systems fusing data from different sensors have been proposed [21].

Behavioural biometrics bring us a step closer towards privacy-sensitive authentication, yet current implementations
fail to acknowledge that seemingly benign sensor data can be misused for malicious purposes. For instance, while data
from an accelerometer placed near a keyboard can be used for authentication (i.e. by deducing a user-specific key press
1The terms user identification and authentication have a different meaning in literature. User identification is the process where the recognition system
determines the identity of a user by comparing the behavioural biometrics of the user with the set of the behavioural biometrics of all the users in a data
set. User authentication is the process of confirming the claimed identity of a user against another user using the behavioural biometrics data and it can
be used to mitigate a masquerading attack when a malicious user attempts to masquerade as a legitimate user. For the sake of simplicity in this paper we
use the term identification and authentication with the same meaning, which relates to the user identification process. In addition, we highlight that the
study presented in this paper is based on a closed data set and supervised classification is used.
2https://www.oauth.net/
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intensities and tempo), the same data can also be used to reveal what the person is typing [14]. Similarly, gait-based
authentication harnesses data that can be used for fine-grain activity detection.

Recently, adversarial learning emerged as a means of ensuring “domain filtration” in sensor data. The technique
incorporates an adversary in a neural network, either as a classifier or a regressor or as a deceitful input generator.
After the initial discovery in 2014 by Goodfellow et al. [6], generative adversarial networks (GAN) became primarily
popular as they provide the ability to successfully generate artificial media, such as images, music, or video [1, 4].
Our work, on the other hand, is inspired by Liu et al.’s [11] privacy adversarial network (PAN). Instead of providing
adversarial input like GANs, PAN presents an adversarial classifier that is used to infer information beyond the initial
intent of the application. Such adversarial classifier provides feedback to the encoder input of the network to better
filter out unwanted information before passing it to other parts of the network. The authors demonstrate that image
classification is possible even with the obfuscation of original images. The approach is not only able to render the
images unrecognisable by a human, but is also improving the classification accuracy compared to a non-adversarial
learning approach. These findings coincide with the results presented in our paper.

3 PRIVACY ENHANCING ADVERSARIAL LEARNING

Data purposefully gathered for user identification may include further information about users’ current activity, e.g.
whether they are reading a document on a PC, browsing the Internet, typing on the keyboard, or even performing
actions around the environment. To mitigate such data leaks, we harness adversarial learning techniques to filter out
information unrelated to user identification. Therefore, our system incorporates an Artificial Intelligence (AI) attacker
in a form of a neural network that is integrated into the training process. Its goal is to exploit gathered IoT data in order
to recognise activities in an office setting and consequently give feedback to the encoder, which in turn then adapts the
data it passes through, so that the amount of information pertaining to user activities is reduced.

3.1 Threat Model

In this work we strive to protect users from multi-purpose data inference of authorities that, besides providing legitimate
biometric behavioural authentication services, infer other information, e.g. user’s current activity. Therefore, we focus
on minimising the accuracy of the activity classifier while retaining the user identification capabilities of a system. The
user is still required to provide the initial raw training data and we assume that the training process can take place at
any location, including the authority’s servers. However, we assume that such data is not sensitive as it relates only to
past activities. Once trained, the encoder part of our system is placed between sensor devices and the Internet gateway,
ensuring that only identification-related information is sent outside the local network of IoT devices. We assume that
the adversary does not have access to the local network and the data transmitted in such a network.

3.2 Privacy Adversarial Learning Network Architecture

To implement a system which is capable of identifying users while obfuscating information, which can be exploited for
a privacy attack, we design a three-part neural network (displayed in Figure 1). It consists of an entry point encoder
network, and user and activity classifiers, predicting the user’s identity and the current activity respectively. In essence,
the concept of the complete system is to train the encoder to produce features solely connected to user identification,
while obfuscating other informative aspects of the data, which can be used to discriminate the current user activity.
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Fig. 1. Privacy-preserving adversarial network for authentication in IoT environments.

3.2.1 Encoder. A multi-layer encoder network serves as the entry point of our system. As we utilise time sequential
data, the encoder consists of a Long Short-Term Memory (LSTM) layer, and three subsequent fully connected layers. Its
purpose is to take the X input data array and perform a dimensionality reduction transformation into encoded data
𝐸 (X). This lower dimensionality feature set retains only user identification relevant information and serves as the
input of both classifiers.

3.2.2 User Classifier. User classifier consists of multiple fully-connected layers. It takes 𝐸 (X) encoded data as an input
to output the probability vector of inferred user classes 𝑌 ′

𝑢 .

3.2.3 Activity Classifier. Activity classifier on the other hand tries to extract activity information from the available
encoded data 𝐸 (X). Similarly to the user classifier, it is a dense deep neural network, which provides a probability
vector of activity predictions 𝑌 ′

𝑡 .

3.3 Privacy Adversarial Learning Training Algorithm

We guide the training algorithm in a way that only information that is relevant for user identification is processed
through the encoder. Starting from the algorithm presented in [11], we split each training epoch into three separate
parts, each concerned with training a specific aspect of the network, as presented in Figure 2. We utilise the categorical
cross entropy loss as a performance metric in each of the three training parts.

Activity

Classifier

Fig. 2. Training steps of the privacy-preserving adversarial learning network; 1) training of the encoder and the user classifier, 2)
training of the activity classifier through the encoder with locked parameters, and 3) training of the complete system, with the
negative loss function weight and locked parameters of the activity classifier.

(1) User classifier training; in every training epoch, we first train the encoder and the user classifier. The goal of
this step is to generate features relevant for the classification of users and ensure that the user inference classifier
predicts user classes as accurately as possible. The user class labels are one-hot encoded, thus, we can discard
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predicted probability of false user classes. Hence, the simplified categorical cross entropy loss function over 𝑁
samples with the 𝑦′𝑢 probability of the true predicted class:

1
𝑁

𝑁∑
𝑛=1

− log𝑦′𝑢𝑛 (1)

(2) Activity classifier training; the goal of the adversarial training step is to train the adversarial part of the
network to predict the user’s current activity, thus relaying knowledge on how well the encoder obfuscates
activity relevant information. We do not want to adapt the encoder to include activity relevant information
in the generated features, therefore we freeze the weights of the encoder for the duration of this training step.
Similarly to the previous loss function, we simplify the categorical cross entropy loss function, replacing the user
with the probability of the true activity class 𝑦′𝑡 :

1
𝑁

𝑁∑
𝑛=1

− log𝑦′𝑡𝑛 (2)

(3) Combined loss function training; in the last step we train the complete network. To properly instruct the
training algorithm to retain only relevant information while obfuscating the rest, we weight the loss function of
user inference and activity inference classifiers with 1 and -1 respectively. Additionally, we freeze the weights of
the activity classifier, otherwise we would artificially hurt its performance with a negatively weighted loss. The
resulting loss function is therefore the difference of the previous categorical cross entropies over 𝑁 samples:

1
𝑁

𝑁∑
𝑛=1

− (log𝑦′𝑢𝑛 − log𝑦′𝑡𝑛 ) (3)

4 IMPLEMENTATION AND EXPERIMENTAL EVALUATION

4.1 Dataset

We use a publicly available dataset collected in our previous research [9] that consists of sensor data gathered by IoT
devices placed in an office-like environment. The dataset was collected with 21 users (we retain 15) performing three
different long-lasting activities. To eliminate confusion, we define some terms related to our dataset. Activity is referring
to the three different scenarios users have to complete during the user study. Every activity is performed twice by every
user, resulting in two activity runs per user per activity. Regardless of the activity, every run is specified as a session.

Each activity the participant has to perform, serves a different purpose and is designed to excite a distinct set of
sensors. The first activity requires a user to type and send an email using a PC terminal placed in the office. The second
activity is less linear and requires the user to check weather forecast for a locality of her choice and recommend tourist
attractions on the basis of the forecast. The third activity is devised as a treasure hunt and the participant needs to
navigate around the environment, follow instructions placed in a series of boxes, and conclude the session by generating
a graph on a PC using data found in the last box.

The collected dataset consists of sixteen hours of IoT data (15M records) gathered from different sensors, placed
around the environment, namely: (a) accelerometer and gyroscope, (b) force sensors, (c) Passive InfraRed (PIR) sensors,
(d) Hall sensors, (e) PC resources monitor. Each sensor is strategically placed to capture various users’ behavioural
patterns to accomplish identification as accurately as possible. The sample rate of the accelerometer, gyroscope, and
force sensors is 200Hz, PC resources monitor gather data once every second, while the PIR and Hall sensors only report
on state change (e.g., presence/absence of magnetic field).
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4.2 Data Filtering and Processing

Due to suspiciously short session duration, or in other cases missing data from certain sensors, presumably related to
not following instructions and issues in data capture process respectively, we filter out the data of six users. Therefore,
we retain data of the remaining fifteen participants, who each complete all six sessions successfully.

To assess whether our identification system generalises well over multiple sessions, we take the best practice approach
trained on a selected set of sessions and then test it with previously unseen sessions [3]. More specifically, we utilise
all first runs of each activity to train the system, then use the remaining, previously unseen activities to evaluate the
performance of the generated model. With the data split determined, next we segment the data into one second time
intervals and separately for training and testing set generate both time and frequency domain features, such as mean,
median, standard deviation, mean crossing rate, and mean derivative value in the time domain, and power spectrum of
the frequency domain, obtained by applying discrete Fourier transform with a Hamming window. In the end we retain
about 41k data rows, 24k of which are for training purposes.

Last processing step we perform is the hyperparameter tuning of the system. In succession we utilise a random and
grid search of the predetermined hyperparameter space, including learning and dropout rate, number of fully connected
layers in the encoder, size of the LSTM layer, and number of previous timesteps we take into account.

4.3 Baseline Approaches

We compare our privacy-preserving adversarial learning system with both traditional and deep learning-based user
identification baseline approaches.

4.3.1 Traditional Machine Learning Algorithms. IoT environments most often consist of computationally limited low-
power devices. Therefore, we select lightweight traditional machine learning algorithms that could be implemented on a
low-powered IoT device. We compare our approach against K-Nearest Neighbours (KNN), Linear Discriminant Analysis
(LDA), and Naive Bayesian (NB) classifiers. Moreover, some traditional algorithms that are proven to perform well on
user classification problems and could run on a more powerful server device (similarly to our adversarial network) are
ensemble algorithms, from which we choose Random Forest (RF) and AdaBoost (ADA) classifiers.

4.3.2 Detached Classifiers for User Identities and Activities. To isolate the impact of the privacy-preserving aspect of
our adversarial learning approach, we also compare it to a detached version of itself. Specifically, we take our devised
architecture, and separately train it for user and activity classification. We expect to see a marginal improvement in user
accuracy and a significant improvement in activity accuracy, compared to the joint adversarial learning network model.

5 RESULTS

Privacy-preserving authentication aims to jointly achieve high accuracy for user identification task and low accuracy
for activity recognition task, where the latter classifier is indeed trained to achieve the best possible activity recognition
accuracy. Therefore, in this section we evaluate the accuracy of user identification for our deep learning-based user
identity classifier against a range of alternatives, and compare the loss in accuracy of activity classification induced by
our adversarial approach. Furthermore, we also examine the scalability of our approach as we increase the number of
users supported by the system. Finally, we assess the potential of our solution for tackling an inverted problem, where
the activity needs to be recognised, while the identity of a user performing the activity needs to remain hidden.
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Fig. 3. LEFT: Accuracy comparison of different learning algorithms for user and activity classification. We observe that our detached
network (DET) outperforms all shallow approaches, while the adversarial privacy-preserving network (AAS) achieves even higher user
classification accuracy. RIGHT: User and activity classification accuracy for different number of users. Error bars represent standard
deviation. We observe a decrease in user classification accuracy with the rising number of users, as well as the decrease in variance,
due to the lower effect of a single user on the performance. The same effect (with the inverse target result) can be observed for activity
inference, as the algorithm more successfully obfuscates activity-related information if data come from a higher number of users.

5.1 Comparison To Baseline Approaches

On the left side of Figure 3, we show the results of user and activity classification accuracy of different classifiers. All
models, with the exception of our adversarial learning solution, are separately trained to provide the best possible
accuracy for both, user and activity classification, while our privacy-preserving adversarial learning network is trained
as described in Section 3. We see that shallow-learning classifiers, including KNN, Naive Bayes and LDA achieve
much poorer user classification accuracy than ensemble algorithms and deep learning approaches. Furthermore, our
adversarial learning system achieves the highest user classification accuracy, despite being built upon encoded data
that obfuscates activity information. In activity classification, traditional models perform poorly all around, achieving
classification accuracy lower than 50%. The detached deep learning classifier outperforms other approaches achieving
almost 60% accuracy. Yet, our adversarial learning approach successfully obfuscates information pertaining to activity
to the point where the accuracy of activity classification drops to that of the majority classifier.

5.2 User Scalability Performance

An authentication system’s applicability is tightly related with its ability to adapt to an expected number of potential
users. Password-based systems can potentially scale to an infinite number of users. The same does not hold for classifier-
based approaches, such as ours, as with the rising number of users the system is presented with more choices to
choose from. Therefore, we analyse the drop in user identification accuracy and the ability of the model to obscure
activity-related information with the rising number of users.

We sample three, six, nine, twelve, fifteen users and generate a model based on that users’ data. We ensure stability
of the results by sampling each number of users as many times as it takes for every user to appear in 80 separate models.
We plot the average user and activity inference accuracy on the right side of Figure 3.

As expected, the accuracy falls with the rising number of users, from 86% with three users, down to 77% with twelve
users. The opposite goes for the system’s ability to obfuscate data of activity related information, as we see an increase
in accuracy of the adversary activity inference classifier with the lower number of users, as with the lower number of
users, there is less chance for inter-user intra-activity reduction in variance. Moreover, we observe the varying user

7



ARES 2021, August 17–20, 2021, Vienna, Austria Krašovec, et al.

discernibility, as the standard deviation of user and activity accuracy increases with a lower number of users, as with a
lower number of users, each user has a larger impact on the accuracy of the system.

5.3 Inverted Classifiers Learning

Our work is motivated by the need to restrict the authenticating service from uncovering information that is not
necessary for the identification and authentication process. Nevertheless, an orthogonal problem is also common in IoT
environments. For example, activity recognition is crucial in domains such as elderly care [24], yet one can envision
situations where the identity of an elderly user should not be revealed to the service performing activity recognition.

Our modular approach easily enables role inversion of our classifiers. Thus, we now utilise the user identity inference
network as an adversary and inspect whether our algorithm is able to distinguish a user’s activity, while obfuscating
the information about her identity. We retain an identical training and hyperparameter tuning process as explained in
Sections 3 and 4, and using the data of 15 users evaluate classifiers’ accuracies, with the goal of achieving high activity
classification accuracy and low user identity classification.

For the former, we achieve 57% accuracy, which is 2% lower than the performance of the detached activity classifier.
More interestingly, however, the encoder is able to properly obfuscate the information related to identity information, as
the accuracy of the user identity classifier drops down to 6%, which is on par with the majority classifier, and 73%-points
lower than the best-performing classifier constructed without the adversarial obfuscation. Therefore, we conclude that
our approach is capable of multidimensional information obfuscation, dependant on a given model.

6 DISCUSSION

6.1 Simultaneous Increase Of User Inference and Activity Obfuscation

One of our initial goals was to limit the loss of user identification accuracy inflicted by the information obfuscation
performed by the encoder. To our surprise, the results show that obfuscating the information passed to the user identity
classifier increases the classification accuracy. A similar observation is noted by the authors of the PAN system [11].

User identification and activity recognition lie in a more orthogonal space than anticipated, meaning that the removal
of activity related information boosts performance of the user classifier. As our dataset takes a more traditional approach
of hand-crafting the initial feature vector, importance of the encoder is even more prominent, as it does not only filter
the data of noise, but also maximises the potential of generated feature space for user classification.

With the learnt insights, we conclude that simultaneously classifying users and providing user privacy are not
mutually exclusive traits one should search for a balance between, but rather complementary tools that can frame
highly performant authentication systems while retaining user privacy.

6.2 Implications for Real-World Implementations

Modern authentication protocols heavily rely on passwords that are both inconvenient to use and present multiple
security risks [15, 20, 25]. One attempt to alleviate these issues is the OAuth 2.0 protocol that enables delegation of
authorisation to third party services, thus lowering the number of different credentials a user has to remember, and
consequently increasing security, and reducing the cognitive load incurred during the authentication. We believe that
the approach presented in this work has the potential to significantly increase the capabilities of such a protocol.

With the rise of IoT deployments, an increasing number of public and private spaces already provide a plethora
of authentication-ready sensor modalities [2], representing solid foundations for the introduction of IoT-supported
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authentication. Moreover, with the existing integration of OAuth 2.0, the adoption of novel authentication methods
requires only minimal effort from application developers – they merely have to issue an API call to an OAuth server.
In our case, such a call would replace passwords with behavioural biometrics. Furthermore, training of the complete
network presented in this paper can be performed in a privacy retaining way. The utilisation of techniques such as
federated learning alleviates the need for the gathered sensor data to leave the local network of IoT devices. Instead,
the encoder could be distributed across devices within the household or even corporate network. The data would be
transformed by the encoder and then sent to a remote server to train the user and activity classifiers.

6.3 Limitations

To the best of our knowledge, our previous work [9] provide the only publicly available dataset of multi-modal
behavioural biometrics collected in an IoT environment that does not focus on mobile devices, but instruments the
space instead. Other datasets in literature are created by collecting data from sensors installed on the person itself as in
[22]. This dataset, however, is limited with respect to the sensed modalities, number of users and, more importantly, by
the number, the granularity, and the quality of the performed activities.

The absolute user identification accuracy numbers we achieve (i.e. 79% accuracy with 15 users), despite representing
an almost 20% improvement over the classifiers presented in [9], are still too low for a reliable identification system.
As we note, the variation of the (un)familiarity with the prescribed tasks across different runs likely lead to changing
behaviour. To avoid this, in future we plan to collect a dataset of users performing multiple runs of more familiar tasks.

On the activity obfuscation aspect, we were successful in confusing the classifier tasked with distinguishing among
three rather complex activities. In future we would like to assess whether the high level of obfuscation demonstrated in
this paper is still present in case of shorter activities of daily living.

Somehow related is the question of how our solution would perform if the to-be-obfuscated class is heavily dependent
on data from a particular sensor. It was previously noted that excluding certain sensing modalities can have a negative
effect on user identification in IoT environments [9]. Should our adversarial approach be constructed to obfuscate,
for example, the speed at which a person is typing on a shared terminal, we hypothesise that our training algorithm
would produce an encoder that would more severely obfuscate data of the accelerometer and gyroscope placed on
the keyboard, as those two are crucial in determining a person’s typing speed. This, in turn, could have a negative
effect on the approach’s ability to successfully identify the user. Including a larger number of independent, yet relevant
modalities may address this concern.

7 CONCLUSION

In this work we tackled the issue of privacy-preserving behavioural biometric-based user identification in IoT envi-
ronments. We successfully implemented a three-part privacy-preserving adversarial learning system consisting of the
encoder, and user- and activity- (adversarial) classifiers. On a 15-user dataset collected in an IoT environment we were
able, to not only match, but improve user classification accuracy by 3% in comparison to a non-adversarial learning
classifier, while the accuracy of activity inference dropped by 30% and is on par with the majority classifier. Experiments
with varying number of users demonstrate that our approach is likely to scale beyond 15 users available in the given
dataset. Finally, by successfully training an inverted classifier that identifies activities, while obfuscating user identities,
we demonstrate the flexibility of the proposed approach and its potential applicability to a range of situations where
different aspects of user privacy need to be protected.
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