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UnifiedSense: Enabling Without-Device Gesture Interactions 
Using Over-the-shoulder Training Between Redundant 
Wearable Sensors 
MD AASHIKUR RAHMAN AZIM, University of Virginia, USA 

ADIL RAHMAN, University of Virginia, USA 

SEONGKOOK HEO, University of Virginia, USA 

Wearable devices allow quick and convenient interactions for controlling mobile computers. However, these 
interactions are often device-dependent, and users cannot control devices in a way they are familiar with 
if they do not wear the same wearable device. This paper proposes a new method, UnifiedSense, to enable 
device-dependent gestures even when the device that detects such gestures is missing by utilizing sensors 
on other wearable devices. UnifiedSense achieves this without explicit gesture training for different devices, 
by training its recognition model while users naturally perform gestures. The recognizer uses the gestures 
detected on the primary device (i.e., a device that reliably detects gestures) as labels for training samples and 
collects sensor data from all other available devices on the user. We conducted a technical evaluation with 
data collected from 15 participants with four types of wearable devices. It showed that UnifiedSense could 
correctly recognize 5 gestures (5 gestures × 5 configurations) with an accuracy of 90.9% (𝑆𝐷 = 1.9%) without 
the primary device present. 
CCS Concepts: • Human-centered computing → Gestural input. 
Additional Key Words and Phrases: Over-the-shoulder Training; Unified Gesture Interactions; Wearables 
ACM Reference Format: 
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1 INTRODUCTION 

The always-expanding proliferation of smart devices has allowed individuals to integrate technology 
into their ways of life in the form of wearables. Wearables like glasses, earphones, rings, watches, 
and pendants are now equipped with processors and sensors and can communicate with other smart 
devices. These integrations have enabled smart devices to facilitate quick microinteractions [5, 40, 
54, 60, 68], more accessible interactions [3, 14, 15, 19, 35, 37, 81, 83], and even eyes-free interactions 
[42, 74, 106]. These interactions are often used across different devices for various reasons, including 
convenience, efficiency, and social acceptability. For example, Spotify allows users to control the 
music playing on smart speakers connected to a smartphone by using controls on their smartwatches 
[95], and researchers proposed using a wearable device as an input device for another wearable 
device [1, 12]. Modern wearables often act as an extension of our physical body as on-body interfaces 
to such an extent that people may build up muscle memory while performing gestures associated 
with those devices. However, these interactions are reliant upon the devices that support them, 
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which could cause frustration when the user wears a non-smart device or forgets to wear the smart 
device. In such situations, the user has to find alternative ways of interaction, which may not be 
efficient. 
In this work, we propose utilizing the input gesture recognized on a wearable device (primary 

device) and the sensor data from all other connected wearable devices (secondary devices) to train a 
unified gesture recognition model, UnifiedSense, to enable interactions for the primary device even 
when the device is absent. As wearable devices are becoming more prevalent, it is not uncommon 
to see people wear multiple wearable devices. These wearable devices are equipped with various 
sensors such as inertial measurement units (IMU), microphones, and touch sensors. While worn on 
different locations on the body, their sensing is not completely exclusive and is often relatable to 
each other. For example, tapping the headphone’s touchpad involves the movement of the hand, 
which can be measured by the smartwatch’s IMU on the wrist, and the collision between the finger 
and the headphone, which can be measured by the IMUs on the smartwatch, smart glasses, and the 
headphones. As many smart wearable devices connect to a central device, such as a smartphone, 
we believe that the data from those sensors can be collected together along with the label created 
by the intended interaction device to train a unified gesture recognition model (Fig. 1). We named 
this process over-the-shoulder training. 

Fig. 1. Over-the-shoulder training concept. When a user uses gestures on a smart device (primary device), 
data from other devices (secondary devices) will also be collected to train a unified gesture recognizer model. 
The gesture recognized by the primary device will be used as a label for training. Once the gesture recognizer 
is sufficiently trained, the users can use primary device gestures without wearing it. 

The idea of exploiting relatable actions is not new; researchers have demonstrated the feasibility 
of indirectly sensing gestures using devices on a user [6, 83, 101]. For example, Scott et al. used a 
mobile device in the pocket to detect foot gestures [83], and Xu et al. used earbuds to detect touch 
gestures on face [101], without attaching a sensor or a device at the location of interaction. While 
promising, these methods only work for a specific configuration and require a user to train the 
model before using the gestures. However, given the diversity of the types of devices one can wear 
today and the variety of configurations available for a user, it may not be practical for a user to 
train the model each time they have a new device or wear a different set of devices on them. Our 
over-the-shoulder training, on the other hand, lets the system train the model by itself by collecting 
training samples as users perform gestures on wearable devices. We assume that a wearable device 
can reliably recognize input gestures designed for it (e.g., touch gestures on a smartwatch) and the 
recognition result can be used for labeling a gesture training sample. As the user continues using 
gestures on their wearable devices, the unified gesture recognizer will be trained automatically 
over time. 
Once the model is sufficiently trained, users can use gestures associated with a primary device 

without wearing it. To verify the feasibility of our method, we implemented a gesture recognition 
system that collects data from multiple body-worn devices. When the gesture recognition system 
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detects a gesture on one of the primary devices (e.g., touchpad on smart glasses), it segments 
movement data from the IMUs on other devices. We used segmented data to train a Time-Series 
Transformer (TST) [104] model to classify gestures. For validation, we conducted an experiment 
with 15 participants. Our system collected sensor data from four wearable devices (headphones, 
smartwatch, smart ring, and smart glasses) with the participants performing five touch gestures 
(tap and four directional swipes) on the devices. The experiment results showed that, if a user 
performs gestures for the first time, the system can only detect gestures at an average accuracy of 
81.01% using a model trained by other users wearing the same configuration of devices. However, 
if the new user continues to use the gestures, after the gesture set was used 20 times by themselves, 
the recognition accuracy increases to 95.2%. 
Designing a practical unified gesture recognition model that can be used in the wild comes 

with the inherent challenge of eliminating false gesture activations associated with natural body 
movements. To address this, we implemented a binary classifier using the TST model to differentiate 
intended gestures and natural body movements. To train the binary classifier, we collected 20 hours 
of regular activity data from 12 users. When tested with artificially generated real-time data that 
includes both natural movements and intentional gestures, the system could recognize the gestures 
at an average accuracy of 90.9% with a gesture recognizer trained with 22 samples per gesture. 
UnifiedSense uses the data collected from secondary devices while the users perform gestures 

on primary devices. Therefore, if the user adds a new device or changes the device configuration, 
the model may not reliably recognize the gestures until enough interactions are performed on the 
primary device while the user wears the new setup. While the training can be done within a few 
days (see Section 6.1), this process can be confusing to users. Therefore, we developed an Android 
app that shows the readiness of the model (i.e., the likelihood of properly recognizing gestures) so 
that the user can know if they can start using the gestures without the primary device. 
Our main contribution is the implementation of UnifiedSense, a novel mechanism to train the 

gesture recognition model using redundant sensor data collected from secondary devices while 
users perform gestures on primary devices using the over-the-shoulder training method. 

2 RELATED WORK 

2.1 Wearable and Cross-Device Interactions 
The recent advancement in technology and science has introduced numerous mobile and wearable 
devices equipped with lightweight sensors. These sensors have made it possible to establish new 
interaction prospects. These interactions can be categorized into several aspects such as single-
device to multi-device, multi-device to cross-device, cross-surface to multi-surface, cross-display to 
multi-display [7] interactions. Here we discuss approaches that utilize single- and multi-device(s) 
for interactions. 
Various commercial devices have emerged (e.g., Fitbit Versa [23], Oura Ring [108], and Google 

Glass [32]) and made it possible for researchers to create new interaction techniques using the 
device or for that device. For instance, wrist-worn and mobile devices can track people’s physical 
activities (e.g., Fitbit Versa [23]) and perform daily tasks such as automatic voicemail playback (e.g., 
iPhone [4]). Wrist-worn devices also support various gestures such as pinch [30, 57, 82, 94] and 
hand gestures [17, 25, 44, 62, 75, 89, 107] for quick interactions. Similarly, finger-worn devices (e.g., 
Oura ring [108]) have been leveraged to detect interaction like click and drawing motions [52], 
detecting finger gestures [47], making a 3D signature [77], providing text input to computers [70], 
adjusting the lights in a home environment [27], controlling smart glasses using the thumb and 
middle fingers [90], scrolling for the computers [13], enabling in-pocket smartphone operation [58]. 
Eyewear enable users to blend digital content with the physical world [22], navigate content with 
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eye blinks [45] or hand-to-face gestures [84], and control remote objects [105]. Many eyes-free 
interaction techniques have been developed to improve access to and awareness of the features 
offered by a mobile device, such as gesture-based authentication [73], and indirectly interacting 
with a phone with foot gestures while the phone is in the user’s pocket [83]. Recently, the earbuds’ 
microphone has been leveraged to detect touch gestures near ear positions (e.g., temple) and to 
interact with smartphones to access music players, phone calls, and notifications [101]. 

Prior work has also investigated novel interactions across multiple devices. Studies have revealed 
that users tended to allocate a complex task across multiple devices based on device form factors 
and functionalities [16, 79]. For example, Duet demonstrates various intriguing interactions, such 
as cross-device pinch gestures and touches made with a finger knuckle or a fingertip enabled by 
fusing sensor input across a watch and a phone [11]. Mayer et al. [61] proposed to combine the 
capabilities of head- and wrist-worn computers to interact with objects that are in the focus of a head-
mounted display. Some research has shown cross-device sensing (e.g., sensing beyond itself [93]) 
for gesture recognition. EchoFlex [64] detects hand gesture using ultrasound imaging. Laput and 
Harrison presented hand activity detection using smartwatches [53]. TapID [66] indirectly senses 
touch interactions using wrist-worn wearable devices, though it is for more fine-grained finger 
identification beyond just sensing touches. Similarly, Ahn et al. [1] introduced an indirect text entry 
technique using a smartwatch for smart glasses. Furthermore, to enhance robust interactions with 
cross-device modalities, some research has shown synchronous input signals by combing inputs 
from different devices [38, 55, 56, 76, 92, 97]. Besides, existing commercial products have started 
supporting cross-device behaviors such as using a watch as a remote to control the content on a 
phone [31] or automatic task continuation when the user moves from a phone to a computer [4]. 

Prior body-centric cross-device work has investigated interaction in coordination between two 
smart devices [11, 61], use of one smart device as input for another [1], and combining devices 
for synchronous input signals [38, 55, 56, 76, 92, 97]. Our motivation for designing UnifiedSense is 
somewhat different from these works. UnifiedSense assumes that users would wear multiple devices 
simultaneously. Subsequently, our system automatically learns gesture patterns by leveraging sensor 
data from available devices and the input on the primary device so that users can use gestures even 
without a primary device on them. 

2.2 Wearable Gesture Recognition 

For the last few decades, gestures have become a salient medium for natural interaction with 
computers, and various wearables have emerged to detect hand gestures. Here we present prior 
work on hand gesture recognition using wearable devices. 

While some systems detect hand gestures using devices that are not worn on the arm or the 
hand, such as head-mounted devices (e.g., Meta Quest VR headset) and shoulder-mounted devices 
(e.g., FingerInput [85]), many use hand-worn and arm-worn devices that can detect the gestures at 
a closer distance. A wide range of sensors can be embedded or attached to a wristband or armband 
for hand gesture recognition, such as infrared (IR) ranging sensors [25, 26, 29, 48, 63], cameras [41, 
49, 96, 99, 102], electromyography (EMG) sensors [8, 80, 81], acoustic sensors [35, 43, 44, 53], and 
stretch sensors [88]. The mostly used sensor for detecting hand gestures might be the Inertial 
Measurement Unit (IMU) [2, 28, 50, 54, 94, 98, 100], due to its ability to accurately and responsively 
detect motions, small sensor size, low cost, and being already deployed in many wearable devices 
possibly because of the aforementioned benefits. 
Detecting hand gestures using hand-and arm-worn sensors is often done by using time-series 

analysis and machine-learning algorithms. For instance, several trajectory-based gesture recognition 
methods, such as dynamic time warping (DTW) [2, 59] and hidden Markov models (HMM) [65, 87], 
can recognize gesture trajectories (e.g., line, square, circle, star [65]) using few samples while 
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achieving high accuracy. However, these methods may not work well for more complex and fine-
grained gestures. More sophisticated techniques have emerged, relying heavily on data-driven 
approaches. For example, machine learning models such as support vector machines (SVM) and 
decision trees, e.g., [26, 43] are leveraged to design gesture recognizers. The gesture recognizers 
designed with traditional machine learning models do not scale well for a high volume of data in 
case the model is deployed in the wild. Therefore, deep learning models have emerged for training 
a robust recognizer model which could be used in the wild, e.g., [41, 100, 103]. Motivated by these 
works, our approach also trains a high-performance Time-Series Transformer (TST) model [91, 104] 
from a moderate amount of data (collected from our user study). 

In selecting the TST model for gesture recognition in UnifiedSense, we considered the reported 
performance and capabilities of various state-of-the-art algorithms, including TST, as described 
in the paper by Zerveas et al. [104]. The evaluation results presented in the aforementioned 
paper demonstrate that TST outperforms other methods, such as ROCKET [18], dilation-CNN [24], 
XGBoost [10], and LSTM [39], on a range of datasets, achieving the best average rank across multiple 
dimensions. Although our study primarily focused on simpler gestures, we chose the TST model 
due to its proven effectiveness in handling complex and fine-grained gestures. We acknowledge that 
the gestures used in our experiments may not be as intricate as those mentioned in the reasoning 
for algorithm selection. However, we believe that leveraging a powerful and versatile algorithm like 
TST allows us to establish a strong foundation for recognizing and understanding gestures in various 
contexts. Furthermore, our dataset consists of high-dimensional time-series data derived from 
multiple channels, with each channel comprising 8 tuples. Given the TST model’s demonstrated 
efficacy in handling high-dimensional time-series data, it aligns well with our dataset characteristics, 
reinforcing our decision to employ TST in UnifiedSense. Although simpler approaches may yield 
better recognition rates for certain cases, our objective was to explore the potential of state-of-the-
art machine learning technologies, such as transformers, in gesture recognition. We discuss the 
details of our approach in Section 3.1.4. 

3 UNIFIEDSENSE 

UnifiedSense uses data from heterogeneous sensors and the true label obtained from the primary 
device to train the model, which we call an over-the-shoulder training approach. For instance, 
consider performing a touch gesture on a smartwatch. When a user moves their hand to perform 
the gesture, the sensor data from other on-body smart devices, such as a smart ring or a smart 
glass, can be leveraged to learn the hand’s movement pattern. For this interaction, we consider 
the smartwatch as the primary device, whereas all the other devices are considered secondary 
devices. Similarly, when a gesture is performed on another on-body device, that device becomes 
the primary device, whereas all the other devices are considered secondary devices. Such scenarios 
can potentially generate more alternative ways to learn gestures performed for the primary device 
by other available sensors. We can merge those alternate ways to build a unified gesture recognizer 
through our method. 

3.1 System Design 

UnifiedSense system has two main components, one for training the personalized gesture recognizer 
model and another for recognizing gestures. For model training, the system collects sensor data 
from the secondary devices and uses the primary device’s input as a label for the collected data to 
be used for the training sample. Once the model is trained on enough data, UnifiedSense uses the 
trained model to recognize gestures for the primary device. 
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UnifiedSense recognizes gestures in two steps. First, a gestures detector judges whether a gesture 
is present. If a gesture is detected, it is then recognized by a classifier. Fig. 2 illustrates the overall 
pipeline of the system. 
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Fig. 2. UnifiedSense pipeline overview. A sliding window with a duration of 1.6 s and a step size of 0.4 s is 
applied to the sensor data. Raw features are extracted, combined, and fed into a binary TST classifier (Gesture 
Detector). A majority voting scheme is used to merge adjacent sequences of consecutive 1’s (green) and 
handle noise (Smoothing). Gestures are identified when there are at least 3 consecutive 1’s (Filtering Noise). 
Detected gestures are further classified (Gesture Classifier), and another round of majority voting (Majority 
Voting) is employed for final gesture recognition. 

Fig. 3. Simulated smart devices: (a) smartwatch – implemented with an IMU, Velcro band, and a touchpad, 
worn on the wrist, (b) smart ring – implemented with an IMU and Velcro band, worn on the index finger, (c) 
smart headphones – attached with a touchpad on it, and (d) Google Glass XE. 

3.1.1 Device Implementation. Our implementation assumes a scenario in which a user has four 
wearable devices: a smartwatch, smart glasses, smart headphones, and a smart ring, although the 
method is not limited to the assumed scenario. For the proof-of-concept implementation, we used 
a set of custom sensor devices that mimic a smartwatch, a smart ring, and smart headphones for 
efficient real-time multi-sensor data acquisition. A smartwatch was implemented by attaching a 
9-DOF IMU (Sparkfun BNO080) and a touchpad (28 × 33 mm) to a Velcro band (Fig. 3a). An Arduino 
Uno microcontroller was used to collect the measurements and send them to a laptop. A smart 
ring was implemented by attaching a 9-DOF IMU (Sparkfun BNO080) to a Velcro band (Fig. 3b). To 
simulate the smart headphones with touch input, we attached a touchpad (46 × 64 mm) on one side 
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of the headphones (Fig. 3c). Google Glass XE (Fig. 3d) that has a touchpad on its frame was used 
as smart glasses. The four devices were connected to a laptop computer for data collection and 
training of the unified model. Arduino Uno microcontrollers and the touchpads were connected to 
the laptop using USB cables. The smart glasses communicated to the laptop through Wi-Fi using 
UDP protocol. The complete system setup is shown as a block diagram in Fig. 4. 

LaptopArduino Uno 
Arduino 

Uno 
Serial 
Com. 

Serial 
Com. 

Smart glass 

UDP 

IMU 

I2C 

Touchpad 

Headphone 

IMU 

Touchpad 

Smart headphoneSmartwatch 

Smart ring 

USBI2C 
USB 

Fig. 4. The block diagram of the UnifiedSense system showing sensor connections and communication 
protocols. 

3.1.2 Device Configuration. In reality, people may wear different sets of wearable devices. To test 
the feasibility of our method used in different configurations, we set up five configurations with 
different primary (P) and secondary (S) devices. The considered five configurations are: Configuration 
1 (C1) – P: smart glasses, S: smart ring and smartwatch. Configuration 2 (C2) – P: smart headphones, 
S: smart ring, smartwatch and smart glasses. Configuration 3 (C3) – P: smartwatch, S: smart ring 
and smart glasses. Configuration 4 (C4) – P: smart headphones, S: smartwatch, smart ring and smart 
glasses. Configuration 5 (C5) – P: smart glasses, S: smartwatch and smart ring. 
The smart ring was worn on the user’s right index finger, and the smartwatch was worn on 

the user’s left wrist (C1 - C4). For C5, the primary device was the same as C1, and the secondary 
devices were worn on different hands (smartwatch on the right wrist and smart ring on the left 
index finger). Prior work by Gu et al. [33] has shown that an IMU-based ring worn on the index 
finger can accurately sense touch contact. Based on this, we placed the smart ring on the index 
finger in our experimental setup. Note that participants in the experiment wore all devices for all 
configurations, but the data was selectively collected based on the configuration. 

3.1.3 Gesture Detection. Gesture detection starts by setting a 1600 ms sliding window with a 
step size of 400 ms. 24 raw features are extracted and combined from the window and fed into 
a binary TST classifier. The classifier outputs 1 if the sensor content belongs to a gesture and 0 
otherwise. To reduce noise, UnifiedSense uses a majority voting scheme, where adjacent sequences 
of consecutive 1’s are merged if separated by one or two 0’s. A gesture is present when there are 3 
or more consecutive 1’s, corresponding to a minimum gesture duration of 1200 ms. Whenever a 
gesture occurs, UnifiedSense feeds those 1600 ms segments into the gesture classifier again and 
uses another majority voting scheme for the final classification of the gesture. The first occurring 
gesture is used as a tie-breaker during the final majority voting scheme. 

3.1.4 Classifier. We adapted Time-Series Transformers (TST) for gesture classification, as recent 
research has shown it to outperform other deep learning classification models for multivariate time-
series classification [104]. The basic architecture of the TST model follows the original transformer 
work by Vaswani et al. [91]. The core architecture of TST depends on a transformer encoder. 
However, TST does not use the decoder part of the architecture. A schematic diagram of the generic 
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Fig. 5. TST [104] model architecture based on Multi-Head Attention [91]. 

part of the TST model (with adaptation) is illustrated in Fig. 5. Here, we briefly describe how we 
adapted the TST model for our purpose. 

First, the input feature vectors 𝑥𝑡 are normalized (for each dimension, the normalization is done 
by subtracting the mean and dividing by the variance across the training set samples) and then 
linearly projected onto a 𝑑-dimensional vector space, where 𝑑 is the dimension of the transformer 
model sequence element representations (typically called model dimension). Second, outputs from 
this layer become the queries, keys, and values of the self-attention layer after adding the positional 
encoding and multiplying by the corresponding matrices [91]. Third, since the transformer is 
a feed-forward architecture that is insensitive to the ordering of input, to make it aware of the 
sequential nature of the time series, TST adds positional encodings [104]. Fourth, the next layer 
performs batch normalization. Finally, outputs from the previous layer are fed to a linear layer and 
then perform a softmax for classification. 
In our implementation of TST, we used 3 parallel attention head (Fig. 5). To alleviate the over-

fitting issue during training, we used two separate dropouts [86] in the model. A residual dropout 
(𝑝 = 0.4) was applied in the encoder (Multi-Head Attention). Another dropout was applied to the 
classification block’s final fully connected (𝑝 = 0.9) layer. Our TST model was trained for 20 epochs 
on the training set. We use a batch size of 64, with a categorical cross-entropy loss function and 
the Adam optimizer. Both the dropout parameters (residual dropout, 𝑝 = 0.4 and fully-connected 
dropout, 𝑝 = 0.9) and batch size (64) were empirically decided. We used GELU [36] activation 
function throughout our implementation. In total, there are 425, 730 parameters in the model. 

3.1.5 Real-time System Implementation. UnifiedSense was tested on a laptop with an Intel Core-i7 
processor (2.60 GHz, RAM: 16 GB) to perform real-time gesture recognition. The smart glasses 
send acceleration and orientation data through UDP in 10 ms chunks, while the smartwatch and 
smart ring send data through a serial port in 10 ms chunks. The three channels’ data is combined 
and fed into the gesture detection and classification pipeline, and zero padding is applied for absent 
channels. The pipeline runs on the CPU and has an average computation time of 30 ms, with an 
average delay of 600 ms between gesture completion and classification result. 

3.2 Data Preprocessing 

3.2.1 Data Labeling. UnifiedSense collected the timestamp and the detected gesture from the 
primary device to segment and label the time-series data (3-axis acceleration, 𝑎(𝑡 ), and orientation 
in quaternions, 𝑞 (𝑡 )) from secondary devices. Our system used a segmentation window with a 
duration of 1.6 s for each gesture, which includes 100 samples before the trigger and 60 samples 
after the trigger (Fig. 6a). The segmentation window size was chosen empirically based on the 
gesture classifying accuracy tested during the development (Section 3.2.4). 

3.2.2 Data Augmentation. After data segmentation, we used several data augmentation techniques 
to generate sufficient samples. First, we generated overlapping samples from the original segmented 
window sample (from time 𝑡𝑦 to 𝑡 𝑗 , where the gesture was triggered at time 𝑡𝑧 ) by increasing the 
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Fig. 6. (a) UnifiedSense segments and labels the data from secondary devices using the gesture input detected 
on the primary device. (b) UnifiedSense augments data by cropping overlapping windows. 

segmentation window by 20 samples before the original segmented window and 60 samples after 
the original segmented window (Fig. 6b). This uneven enlargement was made to keep the original 
segmented window in the middle (from time 𝑡𝑦 to 𝑡 𝑗 ) by ensuring the trigger from the primary 
device in the center. Keeping the original segmented window as a center, we increased 80 samples 
from one sample, starting from time 𝑡𝑥 with a sliding window size 1.6 s with hop size 1 sample. For 
example, the first sample was cropped from time 𝑡𝑥 to 𝑡𝑖 , the second sample was cropped from time 
𝑡𝑥+1 to 𝑡𝑖+1, and so on. Second, we used two time-series data augmentation techniques [46] such 
as time-warping to simulate gesture temporal variance, with 2 interpolation knots, and warping 
randomness was used to increase the number of samples by two times. We also employed the same 
augmentation techniques to increase the number of negative samples. 

3.2.3 Uniform Input Shape. UnifiedSense uses a device identifier (id), 3-axis accelerations (𝑎 (𝑡 )), 
and device orientation presented in quaternion (𝑞 (𝑡 )) from each device to be fed into the TST 
model. The data preprocessing pipeline ensures that the input to the TST model is consistent 
through all five configurations. To make the consistent input shapes for all the gestures across the 
configurations, we combined sensor data from three devices (smart ring, smartwatch, and smart 
glasses) into 24 tuples (8 tuples from each device). The preprocessing phase applies zero padding 
for devices not present to maintain consistency in input shape. 

3.2.4 Window Size Calculation. We determined the window size for our gestural data by conducting 
an empirical analysis and using a 70-30 train-test split. We used two parameters, pre-length and 
post-length, with a range of 0-120 to fix the window length. We generated all combinations for 
these parameters and trained and tested the classifier for each window size to determine the highest 
accuracy. Our analysis found that the highest accuracy was achieved by several combinations, such 
as [120, 100], [100, 60], and [100, 100]. We ultimately chose to use a pre-length of 100 samples and a 
post-length of 60 samples as the window size to reduce computational time and allow for real-time 
recognition. The time-series input shape for our model is (24, 160), with a window size of 160 and a 
dimension of three input sensors is 24 (3 × 8). 

3.3 System Implementation 

UnifiedSense consists of four major components: data collection, segmentation, training unified 
gesture recognizer, and real-time gesture detection and recognition. All the components were 
implemented using python. The data collection and segmentation components were merged into 
the same pipeline. A program with three separate threads was implemented to collect sensor data 
from three IMU-based devices, such as a smartwatch, smart ring, and smart glasses. In the same 
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program, another three threads were implemented for collecting the touch input data from the 
touchpads (one for headphones and another for smartwatches) and smart glasses. All six threads ran 
simultaneously and received the sensor and touch input data from all the devices. When our system 
detected any touch and the corresponding type from a primary device, it segmented the data using 
the system time by cropping the 100 samples before and 60 samples after the touch input detection 
and then labeled the data accordingly. Later the labeled data was saved into files with different 
threads. It is worth mentioning that UnifiedSense also stored all the raw data received from the 
IMU-based sensors and the touch input type from the primary devices. It allowed us to analyze the 
data to determine the best window size for building the unified gesture recognizer. We analyzed the 
data and built a unified gesture recognizer offline using PyTorch [21] python library. We also built a 
binary model to incorporate it in the pipeline (Fig. 2) for real-time gesture detection and recognition. 
Once the binary and gesture recognition models were built, we used those pre-trained models to 
make a pipeline for real-time gesture detection and recognition implementation. This pipeline was 
also implemented with python and PyTorch library. An Android application was implemented for 
gesture detection on the smart glass by leveraging the legacy of google glass’s touch detection 
algorithm. This application also collected accelerations and orientations in quaternion. Finally, the 
sensor data (IMU and touch input) were sent to the laptop using the UDP protocol. 

4 EVALUATION 

We conducted three data collection studies to develop and evaluate UnifiedSense. The first study 
focused on collecting data from users performing gestures while wearing multiple wearable devices 
to build a gesture recognition model and test its gesture classification performances. The second 
study was conducted to collect negative data from users performing regular activities to make 
the model distinguish gestures and false activations and to test the performance of the model in a 
more realistic setting. The third study was conducted to understand the recognition performance 
characteristics when users use UnifiedSense while wearing a device similar to the primary device 
and not wearing the primary or similar device. In this section, we describe the details of these 
studies and discuss the evaluation results. 

4.1 Gesture Data Collection 

To build a gesture recognizer model for UnifiedSense, we conducted a user study to collect sensor 
data. We chose five basic touch gestures for data collection and evaluation. These are tap and four 
directional swipes: up, down, left, and right. The data collection study was held in a single session. 
The study was approved by the institutional review board (IRB) and fully complies with national 
laws and institutional regulations related to COVID-19. 
The goal of the study was to collect the sensor data from the smart wearable devices while 

performing the touch gestures for the primary devices. Our system collected different sets of sensor 
data for each configuration from the connected devices at a sampling rate of 100 Hz. These devices 
collected 3-axis acceleration (raw acceleration) and its orientation in quaternion calculated by the 
AHRS (Attitude and Heading Reference System) algorithm implemented in the BNO080 module 
and Android sensor framework. The collected orientation output has no specific reference for 
heading, while roll and pitch are referenced against gravity, as it is produced by fusing the outputs 
of the accelerometer and the gyroscope (i.e., no magnetometer). Besides, our system collected touch 
gesture types and triggered timestamps to label the sensor data. As the time-series sensor data 
tuples are the same across four devices, our system recorded the samples from different devices 
with a device identifier (id) tag. The device identifier tags for the smartwatch, smart ring, smart 
glass, and smart headphones were 1, 2, 3, and 4, respectively. The collected movements and gesture 
types for each configuration are reported in Table 1. The collected size of the times-series data 

Proc. ACM Hum.-Comput. Interact., Vol. 7, No. MHCI, Article 230. Publication date: September 2023. 



UnifiedSense 230:11 

tuple is 16, 24, 16, 24, and 16 for the configurations C1-C5, respectively, excluding the timestamp. 
The dataset is publicly available1 . 

Table 1. Collected sensor data and gesture type for each configuration from each smart device. 𝑡 refers to 
the timestamp, 𝑎 (𝑡 ) refers to the 3-axis acceleration (3-tuples), 𝑞 (𝑡 ) refers to the orientation in quaternion 
(4-tuples), and 𝑔𝑡 refers to the gesture type (e.g., tap, swipes). 

Devices 

Configuration smart glasses smart ring smartwatch smart headphones 

C1 <t, id, gt> <t, id, a(t), q(t)> <t, id, a(t), q(t)> – 
C2 <t, id, a(t), q(t)> <t, id, a(t), q(t)> <t, id, a(t), q(t)> <t, id, gt> 
C3 <t, id, a(t), q(t)> <t, id, a(t), q(t)> <t, id, gt> – 
C4 <t, id, a(t), q(t)> <t, id, a(t), q(t)> <t, id, a(t), q(t)> <t, id, gt> 
C5 <t, id, gt> <t, id, a(t), q(t)> <t, id, a(t), q(t)> – 

4.1.1 Participants. A total of 15 participants (𝑀𝑎𝑙𝑒 = 10, 𝐹 𝑒𝑚𝑎𝑙𝑒 = 5) ranging from 23 to 34 years 
of age (𝑀𝑒𝑎𝑛 = 29.76, 𝑆𝐷 = 4.3) were recruited from a local university. All participants were 
right-handed. Participants were given $25 each for their participation. 

4.1.2 Procedure. Researchers helped participants to wear all devices with Velcro bands properly, 
helping them to adjust the wearing until they felt comfortable with the devices. After the participants 
wore the devices, a researcher demonstrated how to perform the five gestures for each configuration 
to the participants. Then the participants practiced using the gestures for 5 minutes to familiarize 
themselves with the gestures for the five configurations. Then, participants were asked to perform 
the five touch gestures on the primary device for each configuration. Participants were asked to 
perform each gesture 40 times in each configuration. The participants performed the gestures from 
the resting position, and they were asked to move their hands back to the resting position after 
performing each gesture. Between each gesture, the participants were asked to rest for 2 seconds to 
avoid consecutive repetitions of the same movement, which may lead to the overfitting of the model. 
Once all gestures were performed in one configuration, the participants were given a 2-minute 
break before performing the gestures for the next configuration. During the break, researchers 
made necessary changes in wearing the devices in different places if required. After the break, the 
participants performed the gestures on a primary device of the new configuration. As a result, we 
collected a total of 15, 000 gesture samples (5 configurations × 15 participants × 5 touch gestures × 
40 samples). The study lasted about 75 minutes on average. 

This study served as the foundational step in developing a robust gesture recognition model. By 
collecting data on various gestures performed by participants, we obtained a dataset that allowed 
us to train and fine-tune the gesture recognition algorithms. This study laid the groundwork for 
subsequent studies by providing the necessary analysis and model development dataset. 

4.2 Negative Data Collection 

We conducted another study to collect negative data to prevent the gesture model from causing false 
gesture activations during daily activities. We recruited 12 participants (𝑀𝑎𝑙𝑒 = 10, 𝐹 𝑒𝑚𝑎𝑙𝑒 = 2) 
from a local university where 11 of them were participants of the previous study. All participants are 
right-handed and their age range is between 24 to 35 (𝑀𝑒𝑎𝑛 = 30.03, 𝑆𝐷 = 4.9). Researchers helped 
the participants wear the devices. We used a 4-meter long USB extender to connect wired devices 
to the laptop. Therefore, the participants performed their daily activities within the perimeter of a 
4-meter circle, which is similar to the size of the living room where the study was conducted. In 
1https://github.com/aashikazim/UnifiedSense_DataSet 

Proc. ACM Hum.-Comput. Interact., Vol. 7, No. MHCI, Article 230. Publication date: September 2023. 

https://github.com/aashikazim/UnifiedSense_DataSet


230:12 Md Aashikur Rahman Azim, Adil Rahman, and Seongkook Heo 

this session, we asked participants to perform normal indoor daily activities in sitting and standing 
conditions, such as walking, phone browsing, typing, or working on a laptop. They were also asked 
to behave freely for about an hour and a half. We observed that the participants performed activities 
such as, leaning on the chair, exercising, moving a rolling chair, nudging their head, scratching 
head/hands, using a mouse/touchpad, playing/writing with pens, opening bottles, using phones, 
and drinking water. The total negative samples amounted to about 20 hours. The participants 
received $15 for their time. 

4.3 Offline Analysis 
We first performed an offline analysis to understand the performance of the gesture recognizer. 

4.3.1 Population (within-subjects) Results. In our study, we opted for a personalized model in the 
offline analysis for several reasons. Firstly, our intention was to mimic the online training process 
where each participant’s data is used to train the model individually. By employing a personalized 
approach, we aimed to assess the model’s performance in detecting gestures for individual users 
and evaluate its robustness in handling missing devices. This decision allows us to understand 
the effectiveness of personalized training in capturing user-specific gesture patterns and adapting 
to their unique device configurations. Furthermore, it provides insights into the potential of the 
UnifiedSense system to accommodate diverse user preferences and device combinations, enhancing 
its applicability and usability in real-world scenarios. 

To make a personalized model, we combined data in a leave-one-participant-out (LOPO) fashion 
with a slight moderation, i.e., first, we combined data for 14 participants. Next, from the leave-one-
participant (LOP), we randomly selected 50% of data (50 − 50 train-test split). Then, we combined 
these 50% data from the LOP with other 14 participants’ data to make a final training set. Finally, 
we used the rest 50% data from the LOP as a test for the gesture classification. To investigate the 
personalized models, we trained and tested our gesture classification model (TST) 15 times with 
different participants’ setups. Using these train-test splits, our TST model achieved 95.2% (𝑆 𝐷 = 2%) 
of accuracy and 94.7% (𝑆 𝐷 = 1.99%) of F1-score, on average. 
In addition, to estimate the general effectiveness of our TST model in classifying gestures, we 

performed cross-validation [34, 51]. Specifically, we performed a stratified 10-fold cross-validation 
with an 80-20 train-test split by mixing all the 15 participants’ gestural data. In this case, the gesture 
classification model (TST) achieved an average of 96.1% (𝑆𝐷 = 2.2%) accuracy and an average 
F1-score of 95.1% (𝑆𝐷 = 1.8%). Though we measured the model’s effectiveness with a 10-fold 
cross-validation, the results found with the personalized model (discussed above) are used for 
further analysis in later experiments. 

4.3.2 Leave-One-Participant-Out (between-subjects) Results. The time-series data of acceleration 
and orientation for the same gesture can appear different across users for a couple of reasons: 
(a) users may perform gestures in unique ways, or (b) users’ unique body structure can produce 
different orientations while performing the gestures, or (c) users gesture performing speed may 
vary from user to user. To investigate the feasibility of our model that could recognize gestures by 
new users, we trained our model using leave-one-participant-out (LOPO) cross-validation. This 
gave us an overall accuracy of 81.01% (𝑆𝐷 = 1.2%) (F1-score: 80.02% (𝑆𝐷 = 1.4%)), a 14.19% drop in 
accuracy from the best trained model within-subjects. 
UnifiedSense will automatically train the model as the user performs gestures. To understand 

how the new user’s gesture use improves the gesture recognition performance, we conducted an 
analysis by saving our leave-one-participant-out model and training it on a few examples of each 
gesture from the ignored participant. Fig. 7a illustrates average accuracy and F1-scores by the 
number of additional training samples. It is evident from the figure that, with just eight gestures, the 
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performance accuracy and F1-score improved from 81.01% to 90.3% and 80.02% to 90%, respectively. 
The performance approached near the population test accuracy with additional samples, reaching 
94.2% accuracy and 94.1% F1-score with 18 additional gesture samples. 

0 2 4 6 8 10 12 14 16 18 20
Number of the left-out-participant's additional samples

75

80

85

90

95

100

Te
st

 A
cc

ur
ac

y 
/ F

1-
sc

or
e 

(%
)

Accuracy
F1-score
Population Accuracy
Population F1-score

(a) Offline analysis. 
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(b) Real-time simulation. 

Fig. 7. Results with the leave-one-participant-out (LOPO) data plus the ignored participant’s additional 
samples – (a) range from 1 to 20 while performing offline analysis and (b) range from 1 to 30 while performing 
the real-time simulation. 

4.4 Real-time Simulation 

We performed a real-time simulation to demonstrate the practicality of UnifiedSense by streaming 
the testing data. All trained models constructed in the offline analysis are stored and used for the 
real-time simulation. A sliding window of 1600 ms was used for data streaming with a hop size of 
400 ms. The data were streamed with a sampling rate of 100 Hz. 

4.4.1 Population (within-subjects) Results. For each of the personalized models we constructed 
for the offline analysis, we loaded them into our real-time settings. Next, we streamed 50% testing 
data for each participant that we separated in offline analysis. These stream data were then fed to a 
real-time gesture detection and recognition setup. Note that these 50% data are continuous data with 
negative samples. UnifiedSense achieved 89.2% (𝑆 𝐷 = 3.2%) of accuracy and 88.3% (𝑆𝐷 = 3.87%) of 
F1-score, on average. 

4.4.2 Leave-One-Participant-Out (between-subjects) Results. We performed a real-time simulation 
similar to the within-subject analysis by streaming the LOP’s data and feeding them into the 
real-time gesture detection and recognition settings. While performing the simulation for each 
participant, the corresponding stored model was loaded and used during real-time simulation. We 
stored all the trained models for each participant during an offline analysis in between-subjects 
conditions. Finally, this gave us an overall accuracy of 73.4% (𝑆𝐷 = 1.5%) (F1-score: 71.5% (𝑆 𝐷 = 
1.89%)), a 15.8% drop in accuracy from the best trained model within-subjects. 

Further, we simulated the incorporation of additional samples for the ignored participant that 
we reported in Fig. 7a in the case of offline between-subjects analysis. In the real-time simulation, 
we loaded the corresponding model that we saved earlier in offline between-subjects analysis and 
then streamed the LOP’s data and fed them into the real-time settings. Fig. 7b illustrates how the 
inclusion of a small amount of data from the user per gesture can improve the model performance 
in real-time simulation. The improved average accuracy and F1-score are reported in the same 
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Fig. 8. Confusion matrix of binary classification between gestures and negative data. 

figure for LOPO using additional samples ranging from 1 to 30. It is evident from the figure that, 
with just ten gestures, the performance accuracy and F1-score improved from 73.4% to 84.01% 
and 71.5% to 82.1%, respectively. The performance approached near the population test accuracy 
beyond the inclusion of 22 additional samples, reaching 90.9% (𝑆𝐷 = 1.9%) accuracy and 90.5% 
(𝑆 𝐷 = 1.6%) F1-score, which is also promising in real-time simulation. 

4.5 Handling False Positives 
In this section, we report the performance of the binary classification model in the UnifiedSense 
pipeline in rejecting false positives. The non-gesture examples were generated from the collected 
negative data by setting a 1600 ms sliding window with a step size of 50 ms. Then, we mixed all 
participants’ gesture and non-gesture samples. With a 10-fold cross-validation using 70-30 train-test 
split, our binary classification model achieved an average accuracy of 99.8% (𝑆 𝐷 = 0.53%) and an 
average F1-score of 99.9% (𝑆𝐷 = 0.42%). Moreover, the false positive rate is 1.4 times per hour. 
Fig. 8 reports the confusion matrix for the binary classification on the best model. It is evident 
from the figure that all the gesture examples are correctly classified as gestures. On the contrary, a 
small amount of non-gesture examples are being classified as gestures (<1%), thus occurring false 
activations. 

4.6 Gesture Performance Without Primary Device 

The use-case of UnifiedSense hinges on a user being able to use a smart device even when that 
device is not physically present. Our offline and real-time evaluations have demonstrated promising 
results in recognizing gestures without using the data from the primary device. However, since the 
model is trained using the data collected while users are wearing the primary device, the model’s 
performance may be affected if users wear a different wearable device or do not wear any device 
instead of the primary device. For instance, the way a user taps and the measurements captured by 
secondary devices may vary when tapping on a different watch or directly on their skin, compared 
to tapping on a smartwatch (primary device). 
We conducted a study to understand how the performance changes when the user wears a 

different device, which we call a hard-hit profile, where the user’s finger collides with the physical 
object (e.g., Fig. 9b), and when the user does not wear any devices, which we call soft-hit profile, 
where user’s finger would collide with the user’s skin flesh (e.g., Fig. 9a). 

4.6.1 Participants. We recruited 6 participants (𝑀𝑎𝑙𝑒 = 5, 𝐹 𝑒𝑚𝑎𝑙𝑒 = 1) from a local university, who 
also participated in the first user study. We intentionally recruited participants who participated in 
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Fig. 9. (a) Soft-hit profile and (b) Hard-hit profile. 

the first user study to have a better comparison. All participants were right-handed, and their age 
range was between 23 to 35 (𝑀𝑒𝑎𝑛 = 29.2, 𝑆 𝐷 = 4.02). 

4.6.2 Procedure. Akin to the first user study, the researcher helped participants to wear all the 
smart devices except the primary device for both C1 and C3. The participants were instructed to 
perform touch gestures on “the right side of the forehead” for C1 and on “the wrist flesh” for C3, 
assuming the smart glasses and the smartwatches were present in the corresponding locations, 
respectively. The participants were asked to perform each gesture for 20 times consecutively in 
each configuration. Like the first user study, the participants were asked to reset their pose before 
performing each gesture. In this way, we collected the soft-hit profile data for both configurations. 
In addition, we also collected hard-hit profile data for evaluation by asking participants to wear non-
smart devices in place of smart-device. For example, the participants wore regular sunglasses for C1 
and wore an analog wristwatch for C3 to substitute smart glasses and smartwatches, respectively. 
This hard-hit profile data on these devices were collected to investigate the efficacy of our model 
even if users forget to wear smart devices and instead wear non-smart devices. Similar to the soft-hit 
profile, the participants were asked to perform each gesture 20 times in each configuration during 
hard-hit profile data collection. In total, we collected 2, 400 gesture samples in both configurations 
and both profiles (2 configurations × 6 participants × 5 touch gestures × 20 samples × 2 profiles). It 
took 25 minutes on average to complete the study. The participants were compensated with $10 
each for their time. 

4.6.3 Results. Using the best personalized trained model, we tested the performance of the collected 
gestures from the third study for both soft-hit and hard-hit profiles. We saw that the model achieved 
an average accuracy of 92.8% (𝑆𝐷 = 3.7%) and an average F1-score of 91.95% (𝑆𝐷 = 5.3%) for 
the C1 configuration in the case of a hard-hit profile. On the contrary, the model achieved an 
average accuracy of 91.2% (𝑆𝐷 = 2.3%) and an average F1-score of 90.5% (𝑆𝐷 = 3.3%) for the same 
configuration in the case of a soft-hit profile. Similarly, for C3, the model achieved an average 
accuracy of 91.5% (𝑆𝐷 = 1.4%) and an average F1-score of 90.4% (𝑆𝐷 = 3.6%); and an average 
accuracy of 89.8% (𝑆𝐷 = 3.1%) and an average F1-score of 89.6% (𝑆𝐷 = 2.7%) for the hard-hit 
profile and the soft-hit profile, respectively. Fig. 10a - Fig. 10d report the confusion matrix for the 
configurations C1 (hard-hit profile), C1 (soft-hit profile), C3 (hard-hit profile), and C3 (soft-hit 
profile); respectively. 

It is evident from the results that the hard-hit profile is slightly better than the soft-hit profile in 
terms of performance (accuracy and F1-score). The hard-hit profile’s accuracy and F1-score are 
particularly higher than the soft-hit profile by roughly 1%. It is obvious because the model trained 
for the UnifiedSense uses hard-hit profile data collected using the actual smart devices. In contrast, 
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Fig. 10. Confusion matrices of the hard- and soft-hit profiles for the configurations C1 and C3. 

the testing data we used for evaluation were collected using hard-hit profiles (e.g., simulating a 
smart device with a non-smart one) and soft-hit profiles (e.g., performing gestures on skin surfaces 
such as wrist flesh). However, the performance of the gestures in both of the profiles is comparable. 
UnifiedSense could be usable in practical situations, which can be interpreted from the confusion 
matrix (Fig. 10) with careful observations. 

5 USENSE: UNIFIEDSENSE DASHBOARD 

UnifiedSense utilizes a personalized gesture recognition model trained on gestures performed 
with the primary device. Our analysis indicates that the model can achieve a gesture recognition 
accuracy of over 90% after a few days of use. However, if the user changes the device configuration 
and the system fails to accurately recognize their input, it can lead to user frustration. To address 
this, we developed USense, an Android dashboard application that communicates the status of 
device connections and the gesture model to users. 
Using USense, the user can access the list of available smart devices connected to their mobile 

device and their connectivity status (Fig. 11a). USense also displays the supported gestures for each 
device (Fig. 11b), with visualizations of the likelihood (as a percentage) of successfully detecting a 
gesture performed with and without the primary device. Additionally, users can test the gestures 
on USense and understand how the gesture was detected (Fig. 11c). 

While UnifiedSense can still function without USense, it provides a concise and intuitive interface 
for users to understand the connectivity, supported gestures, and performance of the UnifiedSense 
system, enabling effective cross-device interactions. 

Fig. 11. USense user interface: a) shows the connection status of the smart devices, b) shows the likelihood of 
correctly detecting gestures for each device, and c) shows the recently recognized gesture. 
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6 DISCUSSION 

One of the most distinctive characteristics of UnifiedSense is that the system gradually and au-
tomatically trains the model as the user continues using gestures over time, which is possible 
as the training data could be reliably labeled using the primary device input. As more wearable 
devices are being deployed and used by people, and more device-specific custom gestures are being 
used [100] to provide better functionalities, we anticipate that users will face the challenge of 
learning and remembering a large number of gestures. Also, as these devices offer efficient controls, 
their frustration can grow when they do not have the device. In such scenarios, we believe that 
UnifiedSense will allow users to continue using gestures that are familiar to them. Here, we discuss 
the feasibility and potential of UnifiedSense, the limitations of this work, and future work. 

6.1 Feasibility and Potential of UnifiedSense 

As UnifiedSense trains the gesture model as the user uses the gestures, the recognition performance 
will improve over time. However, if the configuration of wearable devices of a user is similar to that 
of other users, a model trained with others’ data can help accelerate the training process. In the 
evaluation, we developed and evaluated our model using a LOPO method, simulating this scenario 
of using a model without any of the actual user’s data. The results showed that UnifiedSense 
achieved 81.01% and 73.4% accuracy in offline analysis and real-time simulation, indicating that a 
generalized model could offer some level of recognition performance. 
People have different ways of performing gestures, which could be the reason for the low 

performance of the generalized model. Our evaluation with a different number of user-specific 
training samples showed that just additional eight training samples for each gesture could improve 
the gesture recognition accuracy to 84.01% for real-time simulation, and additional 22 samples could 
achieve 90.9% real-time gesture recognition accuracy. Based on a study by Min et al., which reported 
that smartwatch users perform 95.6 interactions per day on average [67], we may expect that the 
model will be trained within a few days to be ready. This duration for additional training is longer 
than other methods, such as EarBuddy [101], which only requires 5 additional training samples 
to achieve 90 % accuracy. However, different from methods that need the model to be completely 
trained for users to start using the gestures (e.g., [101]), in UnifiedSense, users can immediately 
use the gestures on their primary devices. While the user is using the gestures, UnifiedSense 
automatically trains the model in the background. Therefore, the training process will not affect 
the primary device gesture recognition performance or user experience. 

We believe UnifiedSense would enhance operating smart devices’ usability with a unified gestural 
interaction technique because unified touch gesture recognition across the different configurations 
can improve gesture memorability [69] and interaction efficiency [72]. Moreover, UnifiedSense has 
the potential to improve user satisfaction in case a user forgets to wear a specific device, whereas 
our system facilitates the interaction technique for that device. To be precise, UnifiedSense does not 
substitute state-of-the-art interactions (i.e., touch gestures) on the primary device; rather, it creates 
the scope of alternative ways of interaction with the primary device, even if that device is absent. 
UnifiedSense builds upon the assumptions that people will wear more wearables in the near 

future, and the problem of frustration will arise when they forget to wear smart devices or wear 
non-smart devices. It is innately difficult to design for a context that does not yet exist [78], in this 
case of designing for a potential future where usage of body-worn wearables is more far-reaching. 
A critical reflection on external validity for this work means looking forward to the projective 
validity [78]– do our results hold valid as more wearables become widely adopted and worn? 

We anticipate that UnifiedSense will open the door for new research as more smart devices 
become available and people are wearing them simultaneously. A centralized system is required 
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to monitor all the devices and check their statuses. Our UnifiedSense system opens the door for 
this purpose and future research. We admit that there will be potential engineering and research 
challenges regarding scalability and generalizability while more smart devices will be available 
at once. However, keeping those challenges aside, we argue that the UnifiedSense system has the 
potential to be implemented beyond context, which requires further investigations. 
UnifiedSense hints towards ‘enabling proactive cross-device interactions’ [7]. For instance, it is 

users who are “doing the ubicomp” [71], and Dourish argues that users, not designers, appropriate 
technology and thus create meaning for their interactions [20]. Therefore, instead of blending 
devices and hiding the boundaries between them, designers should embrace and leverage the 
heterogeneity and flexibility of devices and their “seams” [9, 71] – ultimately creating an ecology of 
devices that builds the conceptual foundation of cross-device computing [7]. The current design of 
UnifiedSense creates an ecology of connected devices and thus hints toward a proactive cross-device 
interaction. 

6.2 Promoting Uniform Gestures Across Applications 
While our focus in UnifiedSense lies in enabling device-independent gesture recognition, we 
acknowledge that the problem of inconsistent gestures can extend beyond device boundaries to 
different applications running on various platforms. 
By incorporating a provision to integrate other recognizers like UnifiedSense into application 

design, developers can establish a standardized approach to gesture recognition. If all applications 
support the incorporation of uniform gesture recognition systems, it becomes possible to create a 
cohesive ecosystem where users can rely on consistent gestures across different applications. 
It is important to note that UnifiedSense provides a framework for device-independent gesture 

recognition, and its impact on applications relies on the willingness of app designers to adopt 
such a system. If an app designer chooses to use their own recognizer, our methods have no 
direct influence. However, by encouraging the adoption of recognizers like UnifiedSense across 
the application landscape, we can promote a harmonized user experience with uniform gestures, 
enhancing usability and reducing the cognitive load associated with learning and remembering 
different gesture sets for various applications. 

6.3 Low Accuracy Analysis 
Achieving high accuracy in gesture recognition is crucial for the utility and usability of UnifiedSense. 
While our evaluation results demonstrated promising performance, there were instances where 
the recognition accuracy may be lower than desired. Several factors can contribute to the reduced 
accuracy, and understanding these limitations is essential for further improvements in the system. 
As reported earlier in the paper, the base model achieves a low accuracy of approximately 80% 

when used by a new user. This result could be attributed to the varied nature in which people 
perform gestures, which makes it challenging to develop a generalized gesture recognition model. 
This challenge can be more significant when trying to indirectly measure the gesture as there can 
be more factors affecting the measurements. Increasing the amount of user-specific training data 
and personalizing the model can improve the recognition accuracy. The main goal of our work is to 
enable such training without explicit data collection sessions by making the system automatically 
collect the training samples as the user continues to use gestures. 

6.4 Comparison to Other Recognizers 
Our work utilized the TST model for gesture recognition. The reason for choosing the TST model 
was based on its reported state-of-the-art performance in various datasets, particularly in high-
dimensional time-series data. While the gestures used in the study themselves were simple, the 
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dimensionality of the data is very high due to the use of multiple secondary devices. Given the 
high dimensionality of our dataset consisting of 24 tuples from 3 multiple channels, the TST model 
was deemed suitable for our purposes. Since the main focus of our work is on the demonstration 
of the idea of automatically training the gesture recognizer while the user uses the gestures on 
a primary device and recognizing the gestures without primary devices, achieving the optimal 
performance was out of our scope. Future research could involve comparing the performance of 
different recognizers, including simpler approaches, in the context of UnifiedSense to gain further 
insights and optimize the gesture recognition system. 

6.5 Limitations and Future Work 

While promising, there are some important limitations of our work. First, our method only considers 
IMUs, while wearable devices are equipped with an increasing number of sensors. We believe 
that utilizing multiple types of sensors would make the unified gesture recognizer support more 
diverse types of gestures at a better recognition performance. However, given the differences in 
the measurements, this will need further investigation. Second, our work only tested four smart 
wearable devices, a smart ring, a smartwatch, smart glasses, and smart headphones, while there 
are more diverse types of wearable devices available, such as earbuds, smart pendants, and smart 
footwear. The different placements of such devices would have different impacts on the recognition, 
which would require further study. Third, the recognition of composite gestures (e.g., double-tap), 
which involve combining multiple individual gestures, may pose additional challenges. The majority 
voting approach used in the real-time implementation pipeline may limit the construction and 
accurate recognition of composite gestures. Investigating and implementing more sophisticated 
techniques, such as sequence modeling or hierarchical recognition, could address this limitation 
and improve the system’s ability to handle composite gestures effectively. 

While UnifiedSense achieved comparable gesture recognition performances with other wearable-
based gesture recognition systems (e.g., [58, 100]), we think that the performance could be further 
improved by using a more careful tuning of the deep learning model and by introducing few-shot 
learning [100]. In this work, USense was only used to inform the user of the system’s current status. 
Future work would expand its use to allow users to reconfigure gestures across devices and design 
custom gestures to increase the input vocabulary. 

7 CONCLUSION 

This paper presented a novel method to build a unified gesture recognizer by utilizing redundant 
sensor data from the devices that people wear. Our evaluation showed that UnifiedSense could 
correctly recognize primary device gestures only using other devices at 90.3% accuracy with 22 per-
user training samples in real-time simulation analysis. The results also showed that UnifiedSense 
could reliably prevent false activations (1.4 times per hour), and could recognize gestures performed 
directly on the skin at the primary device location and performed on a non-smart device that the 
user wears instead of the primary device. 
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Fig. 12. Confusion Matrix (CM). The labels are annotated as T for Tap, SR for Swipe Right, SL for Swipe Left, 
SU for Swipe Up, and SW for Swipe Down. Here, C1 - C5 represent the configurations. For example, C1_T 
represents the tap gesture performed in C1, C5_SR represents the swipe right gesture performed for the C5, 
and so on. 
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