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Figure 1: Distribution of x-axis accelerometer data for each participant recording, split into first and second halves, for all four
limbs. Deviating patterns are highlighted in gray, _t indicates whether the participant recording belongs to the test data.

ABSTRACT
This work presents the solution of the Signal Sleuths team for the
2024 HASCA WEAR challenge. The challenge focuses on detecting
18 workout activities (and the null class) using accelerometer data
from 4 wearables – one worn on each limb. Data analysis revealed
inconsistencies in wearable orientation within and across partici-
pants, leading to exploring novel multi-wearable data augmentation
techniques. We investigate three models using a fixed feature set: (i)
"raw": using all data as is, (ii) "left-right swapping": augmenting data
by swapping left and right limb pairs, and (iii) "upper-lower limb
paring": stacking data by using upper-lower limb pair combinations
(2 wearables). Our experiments utilize traditional machine learning
with multi-window feature extraction and temporal smoothing.
Using 3-fold cross-validation, the raw model achieves a macro F1-
score of 90.01%, whereas left-right swapping and upper-lower limb
paring improve the scores to 91.30% and 91.87% respectively.
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1 INTRODUCTION
Data-driven processing of wearable data facilitates numerous ap-
plications, ranging from automatic activity recognition [5, 8], aid-
ing in tracking workout progress or gathering long-term health
insights [9], to intelligent service adaptations, such as adaptive
heart-rate monitoring based on detected activities [14].

Recently, Bock et al. introduced the WEAR dataset [2], which
utilizes an acquisition protocol involving four wearable devices
(one worn on each limb) collecting three-axial accelerometer data
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and includes both first- and third-person video data. The dataset
consists of 18 participants, each performing 18 workout activities
in one or multiple sessions. High-quality activity labels for the 18
workout activities and a "null" class (thus 19 classes in total) were
obtained by using the third-person video data. The WEAR dataset
stands out due to its combination of both multi-wearable and video
data, and the availability of untrimmed, continuous data streams
for each session.

Given our track record with multimodal time series classifica-
tion using traditional machine learning, we opted to not employ
deep learning for this challenge [11]. Our proposed pipeline con-
sists of (i) multi-window feature extraction, (ii) data augmentation,
(iii) a traditional machine learning model (i.e., CatBoost - gradient
boosted trees), and (iv) post-processing of model predictions. In
particular, we design and evaluate two novel data augmentation
techniques for multi-wearable data; left-right swapping and upper-
lower limb pairing. As such, we aim to construct multiple robust
models whose predictions are leveraged during post-processing to
further enhance the performance.

2 2024 WEAR DATASET CHALLENGE
The 2024 HASCA WEAR challenge aims to detect 18 distinct work-
out activities (and a null class), using inertial data from multiple
wearable devices. Each participant wore a Bangle.js v1 watch [3]
on every limb (left-arm, right-arm, left-leg, right-leg) in a fixed
orientation. All four wearables collected three-axial accelerometer
data at 50 Hz, with a range of [-8g, 8g]. Participants were suggested
to perform 18 different workout activities for ±90 seconds and in
two sessions, i.e., ± 9 activities per session, which were combined
into a single continuous recording.

The initial dataset, described in the WEAR dataset paper [2],
includes data from 18 participants and serves as the training set for
this challenge. The test set contains recordings of 6 participants;
of which two participants are also present in the training set. The
challenge is evaluated using the sample-wise macro F1 score. No-
tably, the WEAR dataset paper [2] provides inertial baselines along
with their validation procedures, allowing challenge participants
to position the performance of their approaches.

A particular interesting aspect of the WEAR challenge is that
the data is provided "as-is" in its untrimmed format, without any
segmentation. As such, challenge participants have full flexibility
to define their data windows, strides, and post-processing rules.

Although each participant performed the same set of 18 workout
activities, they had the freedom to determine the exact activity
sequence and how each sequence was performed (multiple short
sessions or one large session). This variability makes the dataset
more representative of real-life workout scenarios. Additionally,
several workout activities are similar to, or variants of others (e.g.,
lunges vs. lunges complex), adding a significant layer of complexity
to the challenge.

2.1 Exploratory Analysis
In the WEAR dataset paper, the authors stated that the wearables
were worn in a fixed orientation [2]. However, our exploratory
analysis, outlined below, revealed several inconsistencies in device
orientation both across- and within-participant recordings.
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Figure 2: Median-smoothed arm accelerometer x-axis data
using a 120-second smoothing window for three participants
from the training set.

Teaser Figure 1 displays the distribution of x-axis accelerometer
data for each participant across all four wearables. We focused on
the x-axis accelerometer data because, as shown in Figure 1 of the
WEAR dataset paper [2], the x-axis should align with the gravity
component (i.e., 1 g), with the sign depending on the wearable ori-
entation. In Figure 1, we split the data for each participant into the
first and second halves, roughly corresponding to the two suggested
recording sessions.

From Figure 1, we observe that for participant 2, the orientation
of the left- and right-arm wearables appear to be inverted in both
sessions. Similarly, the left-leg data for participant 9 seems to be
inverted in the two sessions. This suggests that participant 9 likely
wore the wearable in the opposite orientation, while for participant
2, it is also plausible that the left- and right-arm wearables were
swapped.

Additionally, participant 5 and test participant 18 exhibit changes
in orientation between their sessions (i.e., between first and sec-
ond half). We suspect that test participant 18 wore the wearable
in opposite orientation during the first session. For participant 5,
it is possible that the left- and right-arm wearables were worn on
incorrect arms during the second session, or that they were worn on
the correct arm but in opposite orientation. Figure 2 complements
the observation for participant 5 by showing the median-smoothed
x-axis accelerometer signal from the wearables on both the left and
right arms. The switch in the median value midway for participant
5 indicates a change in device orientation. Such within-participant
changes in orientation likely result from participants accidentally
switching the wearable orientation between sessions, as all sessions
are combined into a single user file. We hypothesize that dealing
with these variations in orientation, as opposed to incorrectly as-
suming a fixed orientation, will lead to the design of more robust
activity detection models.

Finally, we observed that for user 10, a large segment of left-arm
data was missing. This missing data segment was mitigated by
imputing the missing segment with the right-arm data. Also for
test set participant 19, Figure 1 indicates that for the first session,
there is nearly no variation in the x-axis data for both legs, contrary
to his second session recording and all other participants.

3 ALGORITHM PIPELINE
3.1 Preprocessing
In addition to the raw data, we will also consider the Signal Mag-
nitude Vector (SMV) for feature extraction. To do so, the SMV is
calculated in a preprocessing step for each wearable W using the
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Table 1: Overview of computed features (N=14).

Domain Notes Features n

PSD Spectral entropy 1

Time RAW / SMV signals

min, max, ptp, iqr 4
std, skew, kurtosis 3
Hjorth mobility & complexity 2
mean crossing rate 1
differential entropy 1
Petrosian fractal dimension 1
Katz fractal dimension 1

formula:
𝑆𝑀𝑉𝑡,W =

√︃
W2

𝑡,𝑥 +W2
𝑡,𝑦 +W2

𝑡,𝑧

3.2 Feature Extraction
To construct a performant feature vector, we relied on multi-reso-
lution feature extraction, a method proven to be highly effective for
continuous time-series classification and capable of matching state-
of-the-art deep learning approaches [11]. Figure 3 illustrates our
utilized multi-resolution window configuration for each prediction
time-step. Feature windows that start and end at the prediction
time-step are incorporated in the feature vector. We use a 0.5 second
stride, meaning each consecutive time-step has a 0.5 second gap.

Table 1 provides an overview of the extracted features on each
window. Our tsflex toolkit was used for convenient and efficient
multi-window feature extraction [10]. Spectral entropy, fractal, and
Hjorth features were computed using the antropy toolkit [7], while
other features were derived from functions provided by the numpy
and scipy libraries [4, 12].

In total, 14 features were extracted per window, resulting in 166
multi-window features per wearable accelerometer axis for each
time-step: 2 (start and end) × 6 windows × 14 features - 2 (spectral
entropy is not computed on 1-second windows). Overall, this results
in 1992 features; 166 features x 3 accelerometer axes x 4 wearables.

3.3 Data augmentation
In this study, we propose and investigate three data augmenta-
tion techniques, aimed at creating more robust models. The first
technique, rotation-invariant statistical aggregation, is a generic
approach that aims to effectively discard axial information while
retaining the overall feature information. The other two proposed
techniques, left-right swapping and upper-lower limb pairing, ex-
pand the data and are solely applicable to multi-wearable setups.

3.3.1 Rotation-invariant aggregation. To improve the robustness
of feature sets computed on raw axial signals (i.e., non-SMV trans-
formed), we examined three novel rotation-invariant statistical ag-
gregation methods, which are applicable to any three-axial modal-
ity, such as gyroscope, magnetometer or here accelerometer data.
Specifically, the raw {𝑥,𝑦, 𝑧} signal features are condensed into
summary statistics using: stat2: { mean, std }, stat3: { mean, std,
skew }, or sort: { min, mid, max }. Similar to SMV, these methods
discard axial information while retaining overall feature informa-
tion. Notably, stat2 compresses the three 𝑥,𝑦, 𝑧 features into two
summary statistics (a 1/3 compression ratio), while stat3 and sort
maintain the same input-output ratio.

Current pipeline

● 1. Preprocessing
○ NaNs: just use wearable data of other arm
○ Create rotation invariant signals

● 2. Feature extraction: VECTORIZED TSFLEX = ⚡⚡⚡⚡⚡⚡

time
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Figure 3: Multi-resolution feature extraction. For each pre-
diction timestamp, future and past window sizes of { 1s, 2s,
4s, 8s, 16s, 32s } are used, resulting in 6 × 2 feature windows.
For the 1-second window, only time domain features (t) are
extracted, while for all larger windows, both time and fre-
quency domain features (t+f) are computed.

3.3.2 Left-Right Swapping. Left-Right swapping (LR-swapping) is
a multi-wearable data augmentation technique that expands the
feature matrix by including all possible combinations of upper and
lower left-right swaps. Specifically, the data is augmented with the
following combinations: {"no-swap", "upper LR-swap", "lower LR-
swap", "upper & lower LR-swap" }. Remark how the "no-swap" group
corresponds to the feature matrix used in the "default" (i.e., raw)
configuration. Remark that this swapping can also be performed
on the validation data, which can then be aggregated by using the
majority voting across the different swap combinations for the same
prediction time-step.

3.3.3 Upper-Lower Limb Paring. Upper-Lower limb pairing (UL-
pairing) is a multi-wearable augmentation technique that pairs one
upper limb with one lower limb per feature vector, resulting in
the use of two wearables per feature vector instead of four. The
data is augmented by forming all possible upper-lower limb pair
combinations: { left-arm & left-leg, left-arm & right-leg, right-arm &
left-leg, right-arm& right-leg }. This approach increases the original
feature matrix size by 4× but reduces the number of features (in
the vector) by half. Similar to LR-swapping, this technique can be
applied on the validation data, followed by prediction time-step
aggregation of the different combinations.

3.4 Model
Given the power of traditional machine learning models matching
deep learning in certain time-series classification tasks [11], we
focused on traditional machine learning models, specifically evalu-
ating the performance of CatBoost. Catboost is a gradient-boosted
trees algorithm known for its strong performance without requiring
extensive parameter tuning [6], making it particularly suitable for
conducting an ablation study on the above-introduced data augmen-
tation techniques. For our experiments, we limited the CatBoost
model to 1,000 iterations (or trees) and set the auto_class_weight
parameter to "Balanced". To speed up the training, we restricted
the tree depth to 5 and used a border count of 32. Other parameters
were kept to their default values.

3.5 Postprocessing
To improve our predictions, we applied two commonly used post-
processing techniques: k-fold majority voting, which exploits model
diversity, and temporal prediction smoothing, which leverages the
high temporal correlation of labels. As a final boost to our test
set predictions, we performed rule-based activity boosting, which
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exploits the characteristics of the study protocol, making this boost
not applicable in practice.

3.5.1 K-fold Majority Voting. Instead of training on the entire train
dataset to make final predictions on the test data, we utilized K-fold
cross-validation (CV). The predictions made after fitting each fold
are aggregated by utilizing majority voting (MV) on the prediction
probabilities. We deliberately opted for a 3-fold CV, as this results in
only 50% data overlap across the training folds. Using this approach,
we effectively perform bootstrapping through CV on the training
data. When using an empirical leave-one-subject-out (LOSO) 3-
Fold CV approach, we observed that this majority voting aided in
boosting the performance with 1% (absolute) on average.

3.5.2 Temporal Prediction Smoothing. We implemented prediction
smoothing to leverage the high temporal correlation between con-
secutive feature vectors (and thus labels). This was done using
a vectorized approach with a distribution function to weight the
smoothing process. Specifically, for predictions with a 0.5s stride,
we utilized a 10-10 receptive left-right field (i.e., 5s on each side)
and a normal distribution function with 𝜎 = 6.

3.5.3 Rule-based activity boosting. An exploratory analysis of the
training set labels revealed that each of the 18 workout activities
were present for at least 50 seconds for every participant recording.
As such, we adopted this >50s presence rule as a post-hoc method
to boost underrepresented classes in regions where other activities
were selected (with low probabilities). Figure 5 demonstrates this
boosting method applied to a user session from the test set.

4 EXPERIMENTAL RESULTS AND DISCUSSION
In accordance with the WEAR dataset benchmarking [2], all ex-
periments were conducted using grouped 3-fold cross-validation,
with subjects being grouped per fold. Using the macro F1 metric,
we analyze the predictions on the validation (out-of-fold) set and
assess the impact of smoothing, indicated by respectively the 𝐹1
and 𝐹1𝑃𝑃 columns in Table 2. The experiments were performed

Table 2: Macro F1 scores of the investigated approaches.

Val. score Data size
Approach F1 F1𝑃𝑃 # feats Naugm/N rot. inv.

UL-pairing 0.9154 0.9187 996 4 ±
LR-stacking 0.9084 0.9130 1992 4 ±
raw 0.8953 0.9001 1992 1 ×
rot_inv𝑠𝑡𝑎𝑡3 0.8837 0.8904 1992 1 ✓
rot_inv𝑠𝑜𝑟𝑡 0.8815 0.8891 1992 1 ✓
rot_inv𝑠𝑡𝑎𝑡2 0.8806 0.8882 1328 1 ✓
SMV 0.8055 0.8146 664 1 ✓

on a server computer (Arch Linux), with an AMD Ryzen 5 2600x
CPU, 48GB of DDR4 RAM, and an Nvidia RTX 2070 GPU. The total
execution time for all experiments, including preprocessing, feature
extraction, data augmentation, and postprocessing, was less than 1
hour.

A first notable observation from Table 2 is that features derived
from the SMV signal resulted in the poorest validation performance.
Yet, SMV has been commonly employed in many wearable-based
activity detection studies [13].

Second, our proposed rotation-invariant statistical aggregation
approaches (i.e. rot_inv𝑠𝑜𝑟𝑡 , rot_inv𝑠𝑡𝑎𝑡3, and rot_inv𝑠𝑡𝑎𝑡2) out-
performed the SMV configuration by an absolute margin of±7.5%. In-
terestingly, rot_inv𝑠𝑡𝑎𝑡2, which has a 1/3 compression ratio, showed
only a minimal decrease in F1 score (absolute 0.1-0.3%) compared
to the other two, non-compressed, approaches.

Third, the three rotation-invariant statistical aggregation tech-
niques were surpassed by the raw approach by an absolute ±1%.
This suggests that rotation information, captured by the axial com-
ponents in the raw features, is of large importance for this challenge.
Although our exploratory data analysis revealed that some record-
ings/sessions involved wearables being swapped or worn in an
opposite orientation, the majority of the data demonstrated a con-
sistent orientation. We suspect that this consistency limited the
performance improvement from rotation-invariant feature aggre-
gation. This insight led us to designing the left-right swapping and
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Figure 4: Normalized confusion matrix of the grouped 3-fold predictions (with temporal prediction smoothing).

548



Robust Workout Activity Detection with Multi-Wearable Data Augmentation UbiComp Companion ’24, October 5–9, 2024, Melbourne, VIC, Australia

upper-lower limb pairing techniques, which retain orientation in-
formation while augmenting the data to enhance model robustness.

Fourth, both proposed data augmentation techniques outper-
formed the raw configuration, with an absolute improvement of 1%
for the LR-stacking and 1.5% for the UL-pairing. Notably, UL-pairing
achieved higher performance while utilizing features from only
two wearables (per feature vector). This observation hints towards
substantial redundancy between left-right wearable data. Moreover,
the UL-pairing technique also proves robust to missing wearable
data, as long as data from one of the left-right limb wearables is
available.

Last, for all configurations, temporal prediction smoothing con-
sistently improved performance, with absolute gains ranging from
0.3% to 0.9%.

Figure 4 complements Table 2 by showing the confusion matrices
for our three best experiments. Note that these results can be posi-
tioned against the inertial baselines obtained by Bock et al. [2], since
we used a similar grouped 3-fold CV procedure, the same stride
(i.e., 0.5s), and temporal prediction smoothing. The highest macro
F1 score from an inertial-only model in the WEAR dataset paper,
achieved by the Attend and Discriminate (A- and D-) deep learning
model architecture [1], was 83.08%. All our experiments, except for
the SMV configuration, surpassed this performance by a substantial
margin, demonstrating the expressiveness of a multi-resolution
feature vector (using only limited, i.e., 14, feature functions).

Interestingly, all confusion matrices show limited confusion
among activity classes but substantial confusion with the null class.
This is especially pronounced for stretching-based activities, which
have the greatest margin for improvement. Additionally, we ob-
serve a notable improvement in distinguishing between lunges and

complex lunges, with a 5% absolute increase from the raw data to
both data augmentation configurations.

4.1 Test Set Predictions
To generate predictions for the test set, we utilize the UL-pairing
model along with all three postprocessing techniques detailed
in Section 3.5. Specifically, the UL-pairing model combined with
smoothing achieved a macro F1 score of 91.87% on the validation
data (see Table 2 and Figure 4).

Figure 5 illustrates the three postprocessing steps (k-fold ma-
jority voting, temporal prediction smoothing, and rule-based pre-
diction boosting) applied to a participant recording from the test
set. Since we employ a 0.5-second stride, predictions were made
in 0.5-second intervals. To comply with the competition’s require-
ment for sample-wise predictions, we expanded these 0.5-second
predictions to the nearest sample-wise timestamp. Empirical vali-
dation of this expansion on the 3-fold results showed a negligible
performance decrease of 0.02% (resulting in an expanded macro F1
score of 91.85%), confirming that a 0.5-second stride is adequately
fine-grained.

5 CONCLUSION
This paper presents the findings and final approach of the "Signal
Sleuths" team for the 2024 HASCA WEAR challenge. During ex-
ploratory data analysis, we identified inconsistencies in wearable
orientation both within and across participant recordings, leading
to the exploration of rotation-invariant techniques. We employed a
fixed set of multi-resolution features and focused on a traditional
machine learning pipeline, enabling us to conduct an ablation study
on novel rotation-invariant and multi-wearable data augmentation
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Figure 5: Stacked prediction plot of a test participant recording. The upper three subplots show the 0.5-second predictions for
each of the three training folds. The fourth subplot displays the sum of these predictions, and the resulting k-foldmajority-voted
prediction is shown in the fifth subplot. The blue line in the "Prediction Sum" subplot illustrates our rule-based postprocessing,
identifying regions where an underrepresented class (e.g., "stretching (lunging)") is present but not selected due to another
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techniques. Specifically, we investigated: (i) relying solely on the
SMV features, (ii) a novel approach that makes rotation-aware fea-
tures rotation-invariant through statistical aggregation, and (iii)
two data augmentation techniques: swapping left-right wearables
to enhance model robustness (LR-swapping) and using only one
upper and one lower limb wearable pair (UL-pairing). In addition to
these techniques, we evaluated the impact of temporal prediction
smoothing as a postprocessing step.

Our results indicated that solely relying on SMV features yields
the poorest performance. Yet, this has been commonly used as
the de facto technique in many works. Moreover, our proposed
rotation-invariant statistical aggregation demonstrated a substan-
tial improvement over SMV, but could not outperform the rotation-
aware model (i.e. raw), underscoring the significance of rotation
information in this dataset. Both LR-swapping and UL-pairing out-
performed the raw model, with UL-pairing achieving the highest
sample-wise macro F1 score of 91.85% (using temporal prediction
smoothing). Given that UL-pairing uses data from only one upper
and one lower limb wearable, we hypothesize a high redundancy
in left-right wearable data. Furthermore, we assessed the impact
of temporal prediction smoothing, which consistently improved
performance by an absolute 0.3% to 0.9%.

Comparing our results with the benchmark approaches from
the WEAR dataset paper, we demonstrated the competitiveness
of a multi-resolution feature vector combined with a traditional
machine-learning pipeline.

In conclusion, through our proposed multi-wearable data aug-
mentation and several post-processing steps, we designed more
robust models for multi-wearable workout activity detection.
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