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Abstract. Human Activity Recognition (HAR) research increasingly
emphasizes complex deep models, while real-time wearable deployments
are also constrained by latency and by where the body is sensed. In this
controlled 3 participant pilot study, we use a full-body motion track-
ing suit with 17 IMUs to explore how 1D-CNN and LSTM classifiers
behave across six daily activities, six window sizes, single coordinate
axes, and twelve individual body segments. Three observations emerge
from this setup: (1) LSTMs achieve higher average accuracy (M=0.95
vs. M=0.85), whereas CNNs classify 3.6× faster, indicating a relevant
accuracy–latency trade-off for interactive use; (2) window size affects the
two model families differently (CNN: r=+0.22; LSTM: r=−0.47), sug-
gesting that window length should be tuned with respect to the chosen
architecture; and (3) toe and foot segments achieve 96–97% accuracy in
this controlled activity set, approaching the performance of full-body in-
put. While these findings require validation with more participants and
deployable low-cost sensors, they indicate that sensor placement and win-
dowing can substantially shape real-time HAR performance. We derive
preliminary design implications for body-worn HAR systems and discuss
the limitations of transferring suit-based results to practical wearable
deployments.

Keywords: Human Activity Recognition · Wearable Sensors · Motion
Capture · Sensor Placement · Real-Time Classification.

1 Introduction

Human Activity Recognition (HAR) has shifted from handcrafted features to
deep learning. Despite strong benchmark results, real-world deployments con-
tinue to face brittleness, latency, and power constraints. Recent surveys argue
that further progress depends not only on network depth, but also on how and
where movement is sensed [22]. CNNs, LSTMs, and Transformers dominate
current research, yet their complexity increases compute and memory require-
ments [11,5]. At the same time, sensor placement can strongly affect recognition
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performance [10,32], and edge deployments require explicit attention to window
size and latency [9,16].
These deployment-centered factors are often studied in isolation. Model compar-
isons typically fix the sensor configuration and window length, while placement
studies often fix the model architecture. As a result, practitioners building in-
teractive wearable systems receive limited guidance on the joint design question:
given a latency budget, which body location, window length, and architecture
should be combined? Full-body motion capture provides a controlled way to ex-
plore this question, because all body segments are observed simultaneously and
can therefore be compared on the same movement instances rather than across
separate sensor recordings.
This paper examines these factors in a controlled pilot study using a full-body
motion tracking suit. We evaluate two widely used architecture families for
sensor-based HAR, a 1D convolutional neural network and an LSTM, across
six daily activities. We systematically vary the temporal window, the coordinate
representation, and the body segment used as input.
Our contributions are:

– We conduct a controlled pilot study with three participants using a full-body
tracking suit to compare 1D-CNN and LSTM classifiers across six activities,
six window sizes, coordinate representations, and twelve body segments.

– We quantify architecture-dependent accuracy–latency trade-offs: LSTMs achieve
higher average accuracy (M=0.95 vs. M=0.85), while CNNs classify 3.6×
faster; window size affects the two architectures differently (CNN accuracy:
r=+0.22; LSTM accuracy: r=−0.47).

– We provide preliminary evidence that distal lower-limb segments preserve
much of the discriminative information in the studied locomotion and pos-
ture activities, with suit-derived toe and foot segments reaching 96–97%
accuracy, and derive practical implications for sensor placement, windowing,
and coordinate handling in real-time body-worn HAR.

The remainder of this paper is organized as follows. Section 2 reviews deep learn-
ing for HAR, sensor placement, and real-time constraints. Section 3 describes
the apparatus, dataset, preprocessing, and evaluation protocol. Section 4 reports
results on model comparison, window size, body segments, and coordinate rep-
resentation. Section 5 discusses the findings, limitations, and resulting design
implications. Sections 6 and 7 outline future work and conclude.

2 Related Work

2.1 Deep Learning in HAR

Early HAR relied on hand-engineered features with classifiers such as SVMs
and Random Forests [2,29,33]. While effective in controlled settings, these ap-
proaches required domain expertise and were sensitive to user variability. Deep
learning enabled end-to-end learning from raw sensor streams [17], reducing
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manual feature design and improving robustness. Zeng et al. pioneered CNNs
for accelerometer data [40]; Ordoñez and Roggen introduced DeepConvLSTM,
combining convolutional and recurrent modeling [26].

Subsequent studies converted sensor readings into signal images and ap-
plied 2D CNNs [18], or stacked 1D convolutions across multichannel wearable
data [37,38], and by the late 2010s deep models had become the de facto stan-
dard for HAR [15,13]. Since vanilla CNNs have a limited temporal receptive
field, many approaches integrate recurrent layers: Dua et al. fused spatial and
temporal features in a multi-layer CNN–GRU network [12], and Yin et al. com-
bined a multiscale CNN with a bidirectional LSTM, outperforming standalone
CNNs or LSTMs on complex activity sequences [39].

To address the limitations of basic CNN/RNN architectures, recent work
explores attention mechanisms and Transformers. Mahmud et al. introduced
sensor-level, temporal, and self-attention modules for adaptive sensor fusion [23];
others integrated Squeeze-and-Excitation channel attention into CNNs to im-
prove sensitivity to informative signal axes and sensor locations [14,19]. Lup-
táková et al. adapted a Transformer to smartphone motion data and achieved
over 99% accuracy on UCI-HAR, exceeding an LSTM baseline by nearly 10% [11];
Cao et al. proposed sparse-attention Transformers that reduce computation while
maintaining accuracy [5]. However, models with 50–500K parameters challenge
deployment on microcontrollers with 256 KB to 1 MB of RAM, raising concerns
about memory, latency, and energy use in edge settings. Notably, most of this
literature reports accuracy as the primary or only metric, while the prediction
time of the trained model, which directly bounds the responsiveness of an in-
teractive system, is reported far less consistently. The present study treats both
quantities as equally important outcomes.

2.2 Sensor Placement

Sensor location fundamentally constrains recognition performance by determin-
ing which body dynamics are observable. For locomotion-related activities, lower-
limb placements consistently outperform upper-body locations [1,27], as they
capture primary gait dynamics. Davoudi et al. systematically evaluated five stan-
dard placements (wrist, hip, ankle, upper arm, thigh) and found that a single
hip-mounted accelerometer yielded the highest balanced accuracy, while using
all five devices improved accuracy only marginally [10], indicating that place-
ment often outweighs sensor count. Such results echo earlier work identifying the
waist/hip, thigh, and ankle as high-value sites that capture the gross movement
of legs and torso [7,28,31]. Similarly, in fall detection, waist- and thigh-mounted
sensors yielded the highest sensitivity, whereas arm-mounted sensors were less
informative [34].

Ankle-mounted sensors excel for gait analysis [24,3], capturing foot-strike
and stance patterns that are weakly expressed elsewhere. Recent studies addi-
tionally highlight the benefits of multimodal sensor fusion for recognition accu-
racy [4,6,25]. More recently, foot-mounted IMUs have been shown to reconstruct
lower-limb motion and detect terrain characteristics [36], suggesting that the
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distal lower limb carries considerably richer information than its traditional role
as a mere step counter implies.

A limitation of most placement studies is that each candidate location re-
quires its own device and often its own recording session, so placements are
compared across slightly different movement instances. Full-body motion capture
sidesteps this problem: because all segments are tracked simultaneously, every
placement can be evaluated on identical movements, isolating the effect of loca-
tion from the effect of movement variability. We use this property here, and we
term the resulting perspective embodiment-first design: recognition performance
is frequently shaped by sensor placement as much as by model architecture.

2.3 Real-Time Constraints

For HAR systems deployed on wearable or mobile devices, “real time” typically
means low end-to-end latency: the delay between an activity happening and the
system’s response should usually stay well under a second for interactive applica-
tions such as fitness coaching or safety monitoring [20]. Achieving this requires
careful design of the entire pipeline, from sensor sampling and windowing to
model inference [8]. Larger windows provide more context and often higher ac-
curacy, but incur longer delays since the system must wait for the window to
fill, an inherent trade-off explored in depth [41,31,35].

Window size thus directly impacts recognition delay and responsiveness.
Czekaj et al. showed that reducing window lengths from 5 s to 1 s cuts latency
by a factor of five, often with limited accuracy loss [9]. Shorter windows there-
fore improve interactivity but reduce temporal context, creating an inherent
accuracy–latency trade-off. Importantly, this trade-off has two distinct compo-
nents that are easily conflated: the accumulation delay, i.e., the time required
to gather enough samples to fill a window, and the prediction time of the model
itself. The former is determined solely by window length and sampling rate, the
latter by architecture and implementation. Our results show that the two com-
ponents favor different design choices, which is why we report them separately.

TinyML enables neural networks on microcontrollers through quantization
and efficient architectures [42,21,16], making on-device inference feasible under
tight resource constraints. However, most work emphasizes compressing deep
models rather than asking whether informative sensor placement and architecture-
aware windowing may already be sufficient for real-time HAR.

3 Method

3.1 Apparatus and Data Collection

We used the Rokoko Smartsuit Pro II [30], a full-body motion tracking suit
equipped with 17 IMUs, each combining an accelerometer, a gyroscope, and
a magnetometer, as shown in Fig. 1. The suit streams data wirelessly to the
Rokoko Studio software, which fuses the raw inertial signals into absolute 3D
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Fig. 1. The equipped Rokoko Smartsuit Pro II (left) and the visualization in Rokoko
Studio (right).

positions of 21 body segments (head, neck, hips, and, for both body sides, shoul-
der, arm, forearm, hand, thigh, shin, foot, toe, and toe tip) at a sampling rate
of 30 Hz. Working on fused positional data rather than raw inertial signals has
two consequences that matter for interpreting our results: it removes sensor-level
noise and drift handling from the learning problem, and it expresses all body
segments in a common spatial reference frame, which is precisely what enables
the per-segment comparisons below.

Recordings were exported as BVH files and converted to CSV using the
bvh-converter library, yielding one timestamp column, 63 position channels
(21 segments × 3 axes), and an auxiliary hip-height channel, for a total of 64
feature columns; Fig. 2 shows the overall pipeline.

Three participants took part in the recording, all male, aged 22–23 years,
with body heights between 170 and 174 cm. Each participant performed six
daily activities indoors: jogging, jumping, lying, sitting, standing, and walking.
The activity set deliberately spans three qualitatively different signal regimes:
periodic locomotion, namely jogging and walking, impulsive movement, namely
jumping, and quasi-static postures, namely lying, sitting, and standing. For each
participant and activity, approximately 20 s were recorded for training and, in
a separate recording, approximately 9 s for testing, so that training and test
windows never originate from the same recording session. Each activity was
stored in a separate CSV file and annotated by hand. Because the data stream
leaving Rokoko Studio is already fused and gap-free, no additional filtering or
missing-value treatment was required.
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Fig. 2. Overall workflow for recording motion data from the Rokoko suit and classifying
activities.

3.2 Preprocessing and Segmentation

Because Rokoko Studio exports absolute coordinates, identical activities per-
formed at different locations or with different headings produce different raw
signals: a person walking eastward and the same person walking northward gen-
erate distinct trajectories even though the activity is the same. We therefore
converted the horizontal trajectories into relative movement via first-order dif-
ferencing (pandas.DataFrame.diff()), which encodes frame-to-frame displace-
ment instead of absolute position and thereby removes the dependence on start-
ing point and heading. The gravity-aligned vertical axis was additionally exam-
ined in unmodified form, since absolute height carries posture information that
differencing would destroy (Sect. 4.4).

Activity labels were encoded numerically, and the streams were segmented with
a sliding window (stride = 2 samples) using 6 sizes W ∈ {8, 16, 32, 64, 128, 256}
frames, corresponding to ≈0.27–8.53 s at 30 Hz. Note that on recordings of fixed
length, the number of extractable windows shrinks as the window grows: at W=8
the training material yields roughly 5300 windows, whereas at W=256 only
about 180 remain. This sample-count effect becomes relevant when interpreting
the results for very large windows. Unless stated otherwise, results refer to W=32
(≈1 s).
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3.3 Models

We compared two widely used architectures for sensor-based HAR. The first is
a single-headed 1D-CNN: two convolutional layers with ReLU activations per-
form feature learning along the time axis, a 1D max-pooling layer condenses
the learned feature maps, a dropout layer with rate 0.5 counteracts overfitting,
and a softmax output layer produces the class distribution. The second is an
LSTM network, whose gated recurrent state is designed to capture temporal
dependencies across the window. Both models were implemented with the Ten-
sorFlow library and trained for 50 epochs with a batch size of 64, using the Adam
optimizer and categorical cross-entropy loss. We intentionally kept both archi-
tectures small and standard: the goal of this study is not to maximize accuracy
through architecture search, but to isolate the effects of windowing, coordinate
representation, and sensor placement under models that are realistic candidates
for embedded deployment.

3.4 Evaluation Protocol

The evaluation addresses four hypotheses, which structure the results section:
– H1: The CNN is better suited than the LSTM for constructing a real-time

classifier.
– H2: Larger windows make classification more accurate.
– H3: Using a single coordinate axis yields higher accuracy than using all

three.
– H4: Data from specific body segments suffices for accurate recognition.

Because neural network training is stochastic, every configuration (model ×
window size, as well as the axis and body-segment ablations) was trained and
evaluated 10 times; we report means (M) and standard deviations (SD) across
runs, and confusion matrices for the reference configuration (W=32). Accuracy
is complemented by the measured prediction time per window, since both jointly
determine real-time suitability.

In addition, a real-time classifier was implemented to verify that the pipeline
operates on live data. The program loads a trained model, connects to Rokoko
Studio, and receives motion data as UDP packets at 30 Hz, each containing a
JSON-encoded frame of timestamped position values. Frames are buffered until
a window is filled, then parsed into a data frame and passed to the model for
inference. The decision interval of this system is therefore lower-bounded by the
window accumulation time ∆tmin ≥ W/fs plus the model’s prediction time,
which makes the window size a first-class latency parameter rather than a mere
preprocessing detail.

4 Results

4.1 CNN vs. LSTM: Accuracy and Prediction Time

Table 1 summarizes the aggregate model performance across all tested window
sizes, with each configuration evaluated over 10 stochastic runs. Overall, the
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Table 1. Model comparison across window sizes (mean and SD over 10 runs per
configuration).

Model Accuracy Prediction time [s]

M SD M SD

1D-CNN 0.85 0.0064 0.141 0.0002
LSTM 0.95 0.0005 0.509 0.0046

LSTM achieves higher accuracy and substantially lower run-to-run variation
(M=0.95, SD=0.0005) than the 1D-CNN (M=0.85, SD=0.0064), indicating
more stable classification performance. This gain in accuracy comes at a clear
computational cost: the 1D-CNN requires only 0.141 s per prediction on aver-
age, whereas the LSTM requires 0.509 s. Thus, the CNN provides a 3.6× faster
inference time, making it more attractive when responsiveness is constrained by
the model-computation part of the real-time HAR pipeline.

At the reference window of W=32, both models exceed 90% overall accu-
racy. The confusion matrices show that errors are not uniformly distributed but
concentrate on semantically adjacent pairs: jogging is occasionally confused with
walking for both models, since the two share periodic gait structure and differ
mainly in intensity, and the CNN additionally confuses standing with sitting,
two postures whose relative-movement signals are both close to zero. Jumping
and lying are recognized nearly perfectly by both models, as their signals are
the most distinctive in the set.

With respect to H1, the picture is deliberately two-sided: the LSTM wins
on accuracy and stability, the CNN on prediction time. For a real-time classifier
whose responsiveness is bounded by compute, the 3.6× faster CNN is the more
suitable backbone, which supports H1 in its deployment-oriented reading.

4.2 Window Size: Opposite Effects per Architecture

Window length exerts model-specific effects. Over 8–128 frames, CNN accuracy
correlates positively with window size (r=+0.22): longer windows expose more
repetitions of the underlying movement cycle for the convolutional filters to in-
tegrate, which benefits a model whose receptive field is local. LSTM accuracy,
in contrast, correlates negatively with window size (r=−0.47): the recurrent
state already extracts the salient temporal cues from short sequences, so longer
sequences mainly add redundancy and optimization burden. This directly con-
tradicts the common intuition captured in H2; the hypothesis holds only for the
CNN and must be rejected for the LSTM.

Prediction time grows with window size for both models (CNN: r=0.61;
LSTM: r=0.90), and in an online setting the earliest possible decision is ad-
ditionally lower-bounded by the accumulation time W/fs, spanning ≈0.27 s (8
frames) to ≈8.53 s (256 frames) at 30 Hz. Both latency components therefore
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push in the same direction: shorter windows respond faster, both because less
data must be gathered and because less data must be processed.

At W=256, deviations from these monotone trends appear, and the CNN’s
prediction time at W=128 does not exceed that at W=64 as expected. We
attribute these irregularities to the sample-count effect described above: with a
stride of 2 on fixed-length recordings, very large windows drastically reduce the
number of training samples, leaving too few examples for stable learning and
timing estimates. For interactive applications, short windows (≤1 s) combined
with an LSTM, or with a CNN when prediction time is critical, offer the best
trade-off.

4.3 Sensor Placement: Single Body Segments

To test H4, we trained both models (W=32) on each body segment’s channels in
isolation, using identical movements for every placement since all segments were
tracked simultaneously. Figure 3 shows the resulting accuracy distributions over
10 runs per segment. Across segments, LSTMs (M=0.92, SD=0.0021) outper-
form CNNs (M=0.89, SD=0.0090) on average, mirroring the full-body ranking.

The single best segments are located at the distal lower limb: toe data yields
the highest CNN accuracy (M=0.97, SD=0.0003), and foot data the highest
LSTM accuracy (M=0.96, SD=0.0008), both close to the accuracy obtained
with full-body input. The weakest segments for the CNN are the hand (M=0.74,
SD=0.0019), forearm (M=0.81, SD=0.0024), and shin (M=0.87, SD=0.0057);
for the LSTM, the shin (M=0.86, SD=0.0006) and hips (M=0.87, SD=0.0019).
Beyond their high means, toe and foot exhibit the tightest distributions across
runs, whereas several other segments produce visibly wider spreads and occa-
sional outlier runs. Within this controlled activity set, H4 is supported: a single
well-chosen distal lower-limb segment preserved most of the discriminative in-
formation.

4.4 Coordinate Representation

Converting the horizontal (x/z) trajectories to relative movement removes the
dependence on starting position and heading and is a prerequisite for location-
independent recognition. To test H3, we additionally fed the models a single
coordinate axis at a time (W=32).

The gravity-aligned vertical axis is by far the most informative single axis: an
LSTM using only y-data reaches M=0.98 (SD=0.0001), its best result overall,
and y is also the best single axis for the CNN (M=0.85, SD=0.0026). The
horizontal axes perform substantially worse in isolation: z-only input yields the
CNN’s weakest result (M=0.75, SD=0.0042), and x-only input the LSTM’s
weakest (M=0.81, SD=0.0008). This asymmetry is biomechanically plausible:
the six activities differ strongly in vertical signature (body height while lying vs.
sitting vs. standing; vertical oscillation while jogging and jumping), while their
horizontal signatures overlap.
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Fig. 3. Classification accuracy by body segment for CNN (top) and LSTM (bottom)
models over 10 runs each (W=32). Toe and foot achieve the highest and most stable
accuracy.

Single-axis input is, however, not uniformly beneficial, so H3 must be rejected
as a general rule: the CNN with all three axes (M=0.88, SD=0.0021) outper-
forms its y-only variant, and discarding horizontal movement makes classes that
differ mainly in horizontal displacement indistinguishable in principle, even if
the present activity set does not fully expose this failure mode. The practical
conclusion is to preserve the gravity-aligned axis unmodified and to represent
horizontal axes relatively, rather than to discard them.
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5 Discussion

Across all evaluations, two deployment-centered factors, namely where the body
is sensed and how the signal is windowed, influenced recognition performance at
least as strongly as the choice between the two deep architectures. A single toe
or foot sensor recovered nearly the full-body accuracy, and choosing the window
size appropriate to the architecture mattered more than adding temporal context
indiscriminately.

5.1 Why Placement and Windowing Dominate

Distal lower-limb signals are maximally discriminative. For the locomotion- and
posture-centric activity set studied here, the feet and toes carry the strongest
signatures: step impacts, stance phases, and vertical excursions separate jogging,
jumping, and walking, while their near-absence separates the static postures.
The distal position at the end of the kinematic chain also amplifies movement
amplitudes, so the same gait cycle produces larger, cleaner signals at the toe than
at the hip. Upper-limb segments, by contrast, move more idiosyncratically and
overlap across classes, which explains the low accuracy of hand and forearm data
for the CNN. This aligns with prior placement studies favoring the lower limb
for locomotion [1,10] and extends them by showing that even the most distal
segments, toe and toe tip, are excellent sites, a region conventional placement
studies rarely instrument.

Architectures consume context differently. The opposite window-size correlations
indicate that “more context” is not universally better. Convolutions integrate
local patterns and benefit from seeing several movement cycles per window,
whereas the LSTM’s recurrent state extracts sufficient temporal structure from
short sequences and degrades when sequences grow long relative to the avail-
able training data. Window size should therefore be treated as an architecture-
coupled hyperparameter with latency consequences, not as a fixed preprocessing
convention inherited from prior work.

Gravity is the reference frame that matters. The vertical axis alone supports
up to 98% accuracy, confirming that posture height and vertical dynamics are
the dominant cues for this activity set. This also cautions against normaliza-
tion schemes that remove absolute vertical information during preprocessing: a
pipeline that blindly standardizes all channels would destroy exactly the signal
that separates lying from sitting from standing.

Accuracy and responsiveness are separable goals. The LSTM is more accurate;
the CNN responds faster. Which matters more depends on the application: a
retrospective activity diary can afford the LSTM’s prediction time, while an
interactive coaching system that must react within a fraction of a second cannot.
Reporting only accuracy, as much of the literature does, hides this decision
entirely.
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5.2 Limitations

Data were collected indoors from three participants, which is the central limi-
tation of this study. The dataset is also small in absolute terms (roughly 60 s
of training material per activity), which particularly affects the large-window
conditions.

The activity set comprises six coarse-grained activities; fine-grained or upper-
body-centric tasks such as manipulation, gestures, or household work may favor
entirely different placements, and the dominance of the feet reported here should
not be extrapolated to such tasks. The motion capture suit provides fused, high-
fidelity position estimates rather than raw IMU signals, and is itself not suitable
for daily deployment; results may therefore overestimate what individual low-
cost wearables can achieve, although the body-segment ablation suggests that
foot- and toe-mounted sensing retains most of the discriminative information. Fi-
nally, prediction times were measured on a host system, not on a microcontroller;
absolute values will shift on embedded hardware even if the relative CNN/LSTM
ordering is expected to persist.

5.3 Threats to Validity

Task composition. The activity set is dominated by locomotion and posture
classes, which naturally favors lower-limb sensing. If the task distribution over-
weighted manipulative activities, the placement ranking would plausibly invert.
Conclusions about placement should therefore always be read relative to the task
set.

Representation pipeline. BVH→CSV conversion, the suit’s internal sensor fu-
sion, and coordinate handling all influence separability. The finding that the
unmodified vertical axis helps is contingent on reliable height estimation; drift
or inconsistent calibration would attenuate this effect. Likewise, first-order differ-
encing suppresses slow horizontal drift but also attenuates low-frequency move-
ment components that other tasks might need.

Hardware and sampling-rate limits. Results are tied to the Rokoko suit, its
segment set, and its 30Hz output. Performance with raw IMUs, other sampling
rates, magnetic disturbances, or outdoor surfaces may differ. The 30 Hz rate also
caps the temporal resolution available to both models, which may compress the
difference between architectures relative to higher-rate setups.

Statistical inference. We report means and standard deviations over 10 runs per
configuration but did not perform formal hypothesis tests across configurations.
The placement gaps are large (toe/foot ≈0.96–0.97 vs. hand ≈0.74 for the CNN)
and run-to-run variance is small, so we treat them as strong design signals rather
than definitive statistical claims.
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5.4 Design Rules

From the empirical findings, we derive the following guidelines for real-time,
body-worn HAR targeting locomotion and posture activities:

1. Match sensor placement to the target activity dynamics. For the
locomotion- and posture-oriented activities studied here, foot and toe seg-
ments reached 96–97% accuracy, close to full-body input, and were among
the most stable placements across runs. This supports prioritizing distal
lower-limb sensing when activities are dominated by gait, impacts, and body-
height changes. For upper-body, gesture, or object-interaction tasks, place-
ment should be re-evaluated rather than transferred directly.

2. Choose the window per architecture, not per convention. LSTMs
perform best with short windows, CNNs improve with longer ones. Around
1 s (32 frames at 30Hz) both exceed 90% accuracy while keeping the accu-
mulation delay interactive. Never adopt a window length from prior work
without checking it against the chosen architecture.

3. Preserve the gravity-aligned vertical axis; relativize the horizon-
tal axes. Vertical position dynamics are the single most informative cue;
horizontal trajectories should be converted to relative movement to remove
location and heading dependence, but not discarded.

4. Prefer CNNs when prediction time is critical. CNNs classify 3.6×
faster than LSTMs at accuracy sufficient for many applications; LSTMs are
preferable when accuracy and run-to-run stability dominate the requirements
and the latency budget tolerates them.

5. Budget both latency components explicitly. End-to-end responsive-
ness is bounded by the accumulation delay W/fs plus the model’s prediction
time. Optimizing one while ignoring the other, e.g., compressing the model
but keeping a 5 s window, wastes the effort.

6. Report deployment metrics. Beyond accuracy, studies should report pre-
diction time and the window accumulation delay, as both bound the respon-
siveness of real-time systems and are essential for fair comparisons between
architectures.

5.5 Reproducibility and Reporting

To strengthen comparability across HAR studies, we recommend: (i) releas-
ing preprocessing code, including coordinate handling and differencing choices;
(ii) documenting how train and test recordings were separated, since window-
level leakage under sliding-window segmentation silently inflates results; (iii) pub-
lishing ablation sheets that jointly report accuracy, prediction time, and window
size; and (iv) including confusion matrices to reveal interaction-relevant errors
such as jogging/walking confusion, which aggregate accuracy conceals.
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6 Future Work

Population diversity and cross-subject validation. The three participant design
is the most pressing limitation. We will extend data collection to multiple partic-
ipants of varying age, height, and body composition, enabling leave-one-subject-
out evaluation and testing whether the placement and windowing effects repli-
cate across users. Gait patterns vary substantially with age and mobility, so
populations such as older adults or users of assistive devices are of particular
interest.

Minimalist hardware validation. The body-segment ablation suggests that foot-
only systems are viable, but this requires validation beyond motion capture suits.
We will evaluate commercial insole IMUs and foot-mounted low-cost sensors
against the full-body baseline, asking whether reduced sensor fidelity and the
absence of studio-grade sensor fusion degrade accuracy, how shoe type affects
signal quality, and whether pressure sensing can complement inertial data for
stance detection.

Adaptive inference. Fixed windows impose unnecessary latency for activities
with natural boundaries. Gait provides heel-strike and toe-off events; transitions
between activities create detectable discontinuities. Event-triggered segmenta-
tion could decouple decision timing from window length and reduce the accumu-
lation delay that currently lower-bounds responsiveness. Confidence-based early
exit may further reduce computation for unambiguous activities such as lying.

Privacy–utility trade-off. Full-body kinematics enable person re-identification
from gait signatures, presenting a privacy risk for continuous monitoring. Fu-
ture work should quantify this risk and explore representations that preserve
activity discriminability while obscuring identity, e.g., body-normalized coordi-
nates or adversarial training against identification. The finding that a single foot
sensor suffices is encouraging here as well: less captured kinematics means less
identifying information in the first place.

7 Conclusion

This paper examined real-time HAR with a full-body motion tracking suit, com-
paring 1D-CNN and LSTM classifiers across window sizes, coordinate axes, and
individual body segments on six daily activities. Three results carry practical
weight. First, LSTMs are more accurate and more stable, but CNNs classify
3.6× faster, and prediction time, not accuracy, is the binding constraint for in-
teractive systems. Second, window size helps CNNs yet hurts LSTMs, so it must
be tuned per architecture, and it simultaneously sets the accumulation delay
that bounds responsiveness. Third, single toe or foot sensors reach 96–97% ac-
curacy, rivaling full-body sensing, and do so with the lowest run-to-run variance
of all placements.
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These results support an embodiment-first perspective: before scaling model
complexity, practitioners should ask where to sense and how to window. The
design rule is simple: start with the body, not the model. Future validation with
more participants and deployable foot-mounted sensors is needed to test how far
these suit-derived design rules transfer to practical wearable HAR systems.
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