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Abstract

Recognizing pallet activities from onboard sensors can improve
warehouse process visibility without relying on camera infrastruc-
ture. However, high-frequency industrial signals are noisy, strongly
overlapped, and difficult to generalize across experiments. We
present a multiscale sensor-learning framework that converts each
two-second, seven-channel sensor window into a compact tabu-
lar representation and applies pretrained TabICL for multi-label
prediction. Following the Pal2Sim benchmark, we predict six ma-
jor operational classes using the activity annotation at the final
timestamp of each window. The multiscale representation preserves
complementary motion information at 2,000, 400, and 100 Hz while
reducing the difficulty of modeling long raw sequences. We evaluate
the method on four real-world warehouse experiments using leave-
one-experiment-out validation. The proposed framework achieves
90.61% exact-match accuracy, 83.04% macro-F1, and 86.88% MCC,
outperforming all compared baselines. These results show that
multiscale feature transformation and pretrained tabular learning
provide a simple and effective approach to industrial object activity
recognition.
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1 Introduction

Pallets are involved in transportation, storage, lifting, and wrap-
ping throughout warehouse operations. Automatically recogniz-
ing these activities can provide fine-grained process visibility and
support scheduling, bottleneck analysis, and abnormal-operation
detection [6]. Object-mounted sensors are attractive for this pur-
pose because they can continuously record pallet motion without
requiring extensive camera infrastructure or collecting visual in-
formation.

Most sensor-based activity recognition research focuses on hu-
man activities measured by wearable devices or smartphones [2, 12].
Industrial object activity recognition is less explored and differs
from conventional HAR in both its sensing conditions and its eval-
uation setting. In the Pal2Sim task, pallet-mounted accelerometers,
gyroscopes, and a barometric sensor are sampled at 2,000 Hz across
four independent warehouse experiments. The resulting signals
contain strong vibration and noise, while the limited number of
experiments makes cross-experiment generalization difficult.
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We follow the benchmark formulation and predict six major
operational classes rather than the ten original fine-grained an-
notations. The six classes are the official evaluation targets and
correspond to the principal warehouse states: Driving (straight),
Driving (curve), Lifting (raising), Lifting (lowering), Stationary pro-
cesses, and Turntable wrapping. Several minor labels describe brief
preparatory, docking, or fork-interaction phases and are grouped
into Stationary processes, avoiding an unnecessarily fragmented
target space. Because driving and lifting can occur at the same time,
the task remains multi-label.

Each sample contains the two seconds of sensor history preced-
ing a prediction endpoint. Its target is the activity annotation at the
final timestamp, rather than the majority activity within the win-
dow. This causal formulation is suitable for online monitoring: the
input contains only recent measurements, while the target describes
what the pallet is doing at the current time. Majority voting could
retain the previous activity after a transition has already occurred.
The two-second duration follows the challenge setup and provides
sufficient context for short motion patterns while allowing frequent
state updates; we do not claim that it is universally optimal.

These task choices create three practical challenges. First, each
sample contains a 4000 X 7 high-frequency sequence, making di-
rect raw-sequence modeling expensive and sensitive to noise. Sec-
ond, neighboring windows strongly overlap, so the large number
of samples does not represent equally diverse training evidence.
Third, endpoint labeling, class imbalance, simultaneous activities,
and experiment-level distribution shifts make transition and lifting
cases difficult to recognize reliably.

To address these challenges, we propose a multiscale time-series-
to-table framework. Each window is represented at 2,000, 400, and
100 Hz and summarized using compact statistical, temporal, and
frequency-domain descriptors. We then decompose the six-label
task into label-wise binary problems and adapt pretrained TabICL to
the structured features. This design retains complementary motion
information while avoiding the need to learn every temporal pattern
directly from long raw sequences.

The main contributions of this work are as follows:

o We formulate high-frequency pallet activity recognition as a
multiscale time-series-to-table learning problem and clarify
the benchmark’s major-label, endpoint-label, and multi-label
settings.

e We develop a simple framework that combines three-scale
sensor descriptors with pretrained TabICL for label-wise
activity prediction.

o We evaluate the framework on four real-world warehouse ex-
periments using leave-one-experiment-out validation, where
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it achieves the best average exact-match accuracy, macro-F1,
and MCC among the compared methods.

2 Background
2.1 Task Characteristics

This work studies object-centered activity recognition from high-
frequency sensors mounted on a logistics pallet. Unlike conven-
tional human activity recognition, the recorded signals describe
pallet and forklift operations, including vehicle motion, lifting, con-
tact events, and wrapping processes. The task is challenging because
the 2,000 Hz signals contain vibration and noise, neighboring win-
dows are strongly overlapped, and the signal distribution changes
across experiments.

2.2 Label Construction

The original annotations contain ten fine-grained (minor) labels,
whereas the benchmark evaluates six major operational classes:
Driving (straight), Driving (curve), Lifting (raising), Lifting (lower-
ing), Stationary processes, and Turntable wrapping. We use the major
classes for three reasons. First, they follow the official task defini-
tion and make our results directly comparable with the challenge
evaluation. Second, several minor labels describe brief auxiliary
phases of the same broader stationary process, including docking,
wrapping preparation, and fork entry or exit. Treating them as
independent targets would fragment the available data and produce
less stable cross-experiment estimates. Third, the major classes pro-
vide operational states that are easier to interpret for warehouse
monitoring. The complete mapping is reported in Appendix 2.

Driving and lifting may be active at the same timestamp. The
target is therefore a six-dimensional binary vector rather than one
mutually exclusive class, and the data contain both single-label
states and four valid driving-lifting combinations.

2.3 Window and Endpoint Construction

For a prediction endpoint at timestamp ¢;, we use the preceding
two seconds of measurements as the input window and assign the
activity annotation at f; as its target. The final-timestamp label
is consistent with online recognition: past sensor measurements
provide context for estimating the pallet’s current state, and no
future observations are used. In contrast, a majority label over the
full window can delay a state change when the earlier activity
occupies most of a transition window.

The two-second duration follows the Pal2Sim setup [1]. It is long
enough to include a short motion pattern rather than an isolated
vibration, while remaining short enough for responsive monitoring.
It is a fixed benchmark choice used consistently by all compared
methods, rather than a universally optimal duration. At 2,000 Hz,
each window contains 4,000 points per channel.

Window endpoints advance by 250 points, corresponding to
125 ms between consecutive predictions and 93.75% overlap. This
retains dense temporal coverage while substantially reducing the
extreme duplication of a one-point stride. Windows whose endpoint
has an all-zero major-label vector are removed because they do not
correspond to any target activity in the benchmark; they are not
treated as an additional background class.
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2.4 Motivation for Multiscale Features

Different activities can be reflected at different temporal scales.
High-frequency signals preserve rapid contacts and changes in
lifting dynamics, intermediate-scale signals describe local motion
structure with reduced noise, and low-frequency signals empha-
size smoother vibration and pressure trends. A representation con-
structed at only one scale may therefore miss useful evidence.

We use a multiscale time-series-to-table representation that sum-
marizes each window at 2,000, 400, and 100 Hz. This produces a
compact feature vector that exposes statistical, temporal, and fre-
quency information directly to the classifier and makes pretrained
tabular learning applicable to the sensor task.

2.5 Problem Definition

Let each two-second sensor window be denoted as X; € RT*C,
where T = 4000 and C = 7. Each sample has a six-dimensional
major-label vector y; € {0,1}° corresponding to Driving (straight),
Driving (curve), Lifting (raising), Lifting (lowering), Stationary pro-
cesses, and Turntable wrapping.

We transform each raw window into a multiscale tabular feature
vector ¢(X;) and decompose the prediction into six one-vs-rest
binary classification problems. For label k, the corresponding classi-
fier predicts g)i(k) = fi(¢(X;)), where ﬁi(k) € {0, 1}. The six outputs
are concatenated as y; = [gl.“), . g)i((’)] € {0,1}°.

3 System Design

This section presents the proposed multiscale time-series-to-table
framework for pallet activity recognition. As shown in Fig. 1, the
framework first constructs endpoint-labeled sensor windows, then
extracts multiscale features, and finally applies pretrained tabular
learning for multi-label prediction.

3.1 Data Preparation and Task Formulation

Each experiment contains continuous signals collected from pallet-
based warehouse operations and timestamp-level activity annota-
tions. We use seven channels,

x¢ = [ax, Ay Az; 9x> Gys Gz» b.],

where (ay, ay, a;) are accelerometer signals, (gx, gy, g-) are gyro-
scope signals, and b, is the barometric signal. The original sampling
rate is 2,000 Hz.

For a prediction endpoint ¢;, we take the preceding two seconds
of measurements to form a 4000 x 7 window. The window inherits
the major-class annotation at t;, ensuring that the target describes
the current activity using only past sensor context. Endpoints are
separated by 250 measurements, corresponding to 125 ms, and
windows with an all-zero endpoint target are removed.

The original annotations contain ten fine-grained classes: Stand-
ing, Driving (curve), Driving (straight), Wrapping, Lifting (lowering),
Forks (entering or leaving side), Lifting (raising), Forks (entering or
leaving front), Wrapping (preparation), and Docking. Following the
benchmark, these annotations are mapped to six major classes:
Driving (curve), Driving (straight), Lifting (raising), Lifting (lower-
ing), Stationary processes, and Turntable wrapping. The mapping
preserves the principal operational states while combining brief
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Figure 1: Overview of the proposed framework. Continuous pallet sensor streams are converted into endpoint-labeled windows,
summarized as multiscale tabular features, and classified using pretrained TabICL.

auxiliary stationary phases into a more stable target. Appendix 2
lists the complete mapping.

The task is multi-label because driving and lifting can occur
simultaneously at the prediction endpoint. Four double-label com-
binations appear in the data: Driving (curve) + Lifting (lowering),
Driving (curve) + Lifting (raising), Driving (straight) + Lifting (low-
ering), and Driving (straight) + Lifting (raising).

3.2 Multiscale Feature Extraction

Instead of directly applying a sequence model to a 4000 X 7 raw win-
dow, we convert each sample into a compact tabular representation.
Each window is represented at three temporal scales: the original
2,000 Hz scale, an intermediate 400 Hz scale, and a low-frequency
100 Hz scale.

The three views capture complementary information. The origi-
nal view preserves rapid contacts and sensor changes. The 400 Hz
view describes local motion with reduced noise, while the 100 Hz
view emphasizes smoother motion and barometric trends. We also
construct derived signals, including acceleration magnitude, gyro-
scope magnitude, jerk, angular acceleration, and barometric differ-
ences.

The extracted attributes include time-domain statistics, tempo-
ral transition descriptors, autocorrelation features, and frequency-
domain energy features. Each sensor window is consequently rep-
resented as one row in a feature table, with each column corre-
sponding to one multiscale descriptor.

3.3 Pretrained Tabular Learning

After feature extraction, the original sequence-recognition problem

becomes a tabular classification problem. Given a training set
Dhirain = {(Xi, yi)}ﬁ\il’

X; denotes the multiscale feature vector of the i-th window and y;

denotes its six-dimensional target.

We use TabICL as the classifier. The multiscale features explic-
itly summarize temporal evidence, allowing TabICL to focus on
relationships among structured numerical attributes rather than
learning directly from long raw sequences.

The six-dimensional target is decomposed into six binary classifi-
cation tasks. An independent TabICL classifier predicts the presence
of each major activity, and the six outputs are combined to form
the final multi-label vector.

4 Evaluation

4.1 Experimental Setup

4.1.1  Dataset and Protocol. We evaluate all methods on the Pal2Sim
challenge data [1]. The dataset contains four independent ware-
house experiments recorded with seven sensor channels at 2,000 Hz.
Signals are segmented into two-second windows of 4,000 points,
with neighboring endpoints separated by 250 points (125 ms). Each
window inherits the major-class annotation at its final timestamp,
and windows with an all-zero target vector are removed, yielding
approximately 15.1K labeled samples.
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Following the benchmark definition, the ten fine-grained anno-
tations are mapped to six major operational classes. This mapping
combines sparse preparatory and stationary sub-phases while re-
taining the main driving, lifting, stationary, and wrapping states.
Since driving and lifting may occur simultaneously, every sample
is represented by a six-dimensional binary label vector.

We adopt leave-one-experiment-out evaluation. In each fold,
three complete experiments are used for model development and the
remaining experiment is used for testing. This protocol measures
whether the model can generalize to a warehouse recording that is
not observed during training.

4.1.2  Preprocessing. The two-second window length follows the
challenge setup and is used by all methods. It provides recent mo-
tion context while keeping the target tied to the current endpoint
activity. The 250-point stride corresponds to a 125 ms interval be-
tween predictions and 93.75% overlap between adjacent windows.
This preserves transition coverage while substantially reducing
redundant samples compared with a one-point stride.

4.1.3 Baselines. We compare our framework with two categories
of representative methods:

e Machine-learning methods: XGBoost [3], LightGBM [13],
and CatBoost [14] are gradient-boosted tree models trained
on structured sensor features. MiniRocket [4] is a fast time-
series transformation method based on convolutional ker-
nels.

e Deep-learning methods: InceptionTime [11] uses multi-
scale convolutional branches, TimesNet [17] models tem-
poral variation through two-dimensional representations,
and GenHAR [9] is designed for generalizable sensor-based
activity recognition.

4.1.4  Metrics. We use exact-match accuracy (ACC), macro-F1, and
Matthews correlation coefficient (MCC). Exact-match ACC requires
the complete six-dimensional label vector to be correct. Macro-F1
and MCC are computed label-wise and then averaged across the
six major activities. MCC is treated as the primary metric because
it remains informative when positive and negative samples are
strongly imbalanced.

4.1.5 Implementation Details. Experiments run on a 32 GB NVIDIA
RTX 5090 GPU. We use Python 3.11 and PyTorch 2.9.1, with pre-
trained TabICL [15] as the backbone.

4.2 Main Results

Table 1 summarizes average performance over the four folds. Our
method reaches 90.61% ACC, 83.04% macro-F1, and 86.88% MCC,
ranking first on all three metrics. Compared with MiniRocket, the
gains are 3.47 points in ACC, 6.02 in macro-F1, and 4.90 in MCC.
These results support the combination of multiscale sensor features
and pretrained tabular learning.

The tree-based baselines are also competitive, with average
MCC scores between 80.52% and 80.81%. MiniRocket performs
best among the non-pretrained baselines, confirming the value of
transforming high-frequency windows into discriminative features.
However, these methods remain below our approach on all three
metrics.
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The deep sequence baselines are less stable under leave-one-
experiment-out evaluation. Although InceptionTime and TimesNet
outperform GenHAR on average, they show a clear performance
drop on Fold 4. This suggests that directly modeling raw sequences
is more sensitive to experiment-level distribution changes in this
setting.

4.3 Confusion Matrix Analysis

Figure 2 provides a more detailed view of the prediction behav-
ior. In the six-major-class confusion matrix, the proposed method
performs particularly well on Stationary processes and Turntable
wrapping, suggesting that these states have relatively distinctive
sensor patterns. The main confusion appears among driving and
lifting activities, which can occur in similar temporal regions and
can also be active simultaneously.

The fine-grained and combined-label confusion matrix further
shows that double-label cases are more challenging than single-
label cases. Samples containing both driving and lifting are some-
times predicted as only one component activity. This observation
supports the multi-label formulation rather than forcing each win-
dow into one exclusive class.

4.4 Lessons Learned

The results suggest that high-frequency industrial IMU recognition
does not necessarily require a large end-to-end sequence model. In
the Pal2Sim setting, the data are sampled at 2,000 Hz and segmented
into overlapping two-second windows, producing many strongly
related samples. Under this condition, directly applying sequence
models can be computationally expensive and may not fully exploit
the structure of the data.

A key lesson is that explicit temporal abstraction is effective.
By converting raw signals into multiscale representations, the pro-
posed method reduces the complexity of dense sensor streams while
retaining important motion information. The 2,000 Hz scale pre-
serves rapid sensor changes, the 400 Hz scale captures intermediate
motion patterns, and the 100 Hz scale provides a smoother view of
low-frequency trends.

Another lesson is that tabular learning can be useful for sensor-
based activity recognition when the representation is properly
designed. The time-series-to-table transformation allows pretrained
TabICL to operate on compact and discriminative features instead
of dense raw sequences. This shows that the main advantage comes
from combining suitable multiscale feature construction with a
strong pretrained tabular classifier.

4.5 Limitations and Future Work

Although the proposed method achieves strong performance, sev-
eral limitations remain. First, the current framework relies on hand-
crafted multiscale features. While these features are compact and
interpretable, their effectiveness may depend on the selected sta-
tistics, sensor channels, and frequency scales. Future work could
explore automatic feature selection or learnable feature extraction
to reduce this manual design effort.

Second, the method is evaluated on one industrial forklift activity
recognition dataset under the leave-one-experiment-out protocol.
This setting provides a strict test of cross-experiment generalization,
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Table 1: Overall results under the four leave-one-experiment-out folds. Each metric cell reports MCC / macro-F1 (%) / ACC (%).
The bold represents the best results.

Group Method Fold 1 Fold 2 Fold 3 Fold 4 Average
XGBoost 81.48 / 74.80 / 87.32 78.29 / 71.23 / 83.89 83.28 / 76.59 / 87.86 79.04 / 71.66 / 85.34 80.52 / 73.57 / 86.10
ML LightGBM 82.03 / 74.62 / 87.75 78.88 / 72.33 / 84.33 82.87 /75.54 / 87.55 79.47 / 71.64 / 85.67 80.81/73.53 / 86.32
CatBoost 83.19/77.63 / 88.58 79.43 /73.65 / 84.77 82.55/75.41/ 87.33 77.97 / 71.18 / 84.62 80.79 / 74.46 / 86.32
MiniRocket 82.88/76.17 / 88.38 80.86 / 76.31 / 85.81 82.92/79.07 / 87.55 81.24/76.55 / 86.80 81.98/77.02/87.14
GenHAR 71.28 / 66.94 / 80.21 69.88 / 65.14 / 77.42 74.22/70.23 / 81.17 67.86 / 63.61/77.16 70.81/ 66.48 / 78.99
DL InceptionTime  79.43/75.40 / 85.74 79.75/ 75.23 / 84.99 81.08 /77.59/ 86.14 58.19/50.12 / 69.22 74.61/69.59 / 81.52
TimesNet 81.48 /75.52/ 87.16 80.20 / 72.74 / 85.29 80.74 / 75.45 / 85.77 55.28 / 53.94 / 67.91 74.42 / 69.41/ 81.53
Ours - 88.11/83.92/91.88 84.89/80.20/88.79 87.20/83.55/90.71 87.33/84.50/91.06 86.88/83.04/90.61
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Figure 2: Normalized confusion matrices of the proposed method.

but it is still necessary to validate the approach on more industrial
sensing datasets, different machines, and different operating envi-
ronments.

Third, the current model uses label-wise binary classification
for the six major-label activities. This design is simple and suitable
for overlapping activities, but it does not explicitly model label
dependencies. Future work could investigate structured multilabel
learning methods that better capture co-occurrence relationships
among forklift activities.

Finally, although training-window subsampling reduces redun-
dancy and improves efficiency, the choice of sampling stride is still
empirical. Future studies could examine adaptive sampling strate-
gies that preserve informative transition windows while further
reducing redundant samples. Hybrid models that combine multi-
scale tabular features with lightweight temporal neural modules
may also be a promising direction, combining the efficiency of tab-
ular learning with the representation capacity of sequence models.

5 Related Work
5.1 IMU-based Activity Recognition

Sensor-based activity recognition has been widely studied in mobile
computing, wearable sensing, and cyber-physical systems. Most
existing work focuses on human activity recognition (HAR), where
accelerometer and gyroscope signals collected from smartphones or
wearable devices are used to infer human actions. Early HAR meth-
ods usually rely on handcrafted statistical or frequency-domain
features followed by conventional classifiers, while recent studies
have increasingly adopted deep neural networks to learn temporal
representations directly from raw sensor streams [2, 16]. Beyond
standard closed-set recognition, recent HAR research has also inves-
tigated cross-subject, cross-device, and cross-dataset generalization.
For example, CrossHAR studies hierarchical self-supervised pre-
training for generalizable HAR across different datasets [10].
Compared with HAR, IMU-based activity recognition for indus-
trial objects remains much less explored. In logistics environments,
the target is not the human body but a load carrier, pallet, fork-
lift, or other physical object whose motion reflects the state of an
industrial process. Recent work on smart pallets has shown the
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feasibility of detecting pallet-related logistics events using object-
mounted IMUs [6]. The SPARL dataset further provides multimodal
sensor recordings for pallet activity recognition in logistics [7]. The
Pal2Sim project extends this direction by focusing on sensor-based
activity recognition for load carriers in logistics supply chains [1].
These studies indicate that object-mounted IMUs are promising for
industrial process monitoring, but this setting is still far less mature
than conventional HAR in terms of datasets, model diversity, and
benchmarked methods.

5.2 Time-Series Classification and Feature
Transformation

Time-series classification can be addressed either by end-to-end
neural models or by transforming raw sequences into discriminative
feature representations. Deep architectures such as InceptionTime
use multiscale convolutional modules to learn temporal patterns
and have achieved strong performance on time-series classification
benchmarks [11]. TimesNet further models temporal variations by
transforming one-dimensional time series into two-dimensional
representations and has shown strong performance across multiple
time-series analysis tasks [17]. In HAR, GenHAR is designed to
improve cross-domain generalization for human activity recogni-
tion [9]. These models provide strong deep-learning baselines for
sequence modeling.

Direct sequence modeling is costly for high-frequency industrial
signals, particularly when adjacent windows overlap heavily. In
Pal2Sim, two-second windows are generated every 125 ms. The
resulting redundancy increases training cost without providing
equally diverse evidence. Our experiments also show that Incep-
tionTime, TimesNet, and GenHAR do not outperform the proposed
time-series-to-table framework, indicating that strong sequence
architectures do not automatically transfer to this object-centered
setting.

Feature-transformation methods provide an alternative path. In-
stead of feeding the entire raw sequence into a neural model, they
summarize each time-series segment into a structured represen-
tation and then apply a classifier on top of the extracted features.
MiniRocket is a representative transformation-based method that
uses convolutional kernels to generate features for fast and accu-
rate time-series classification [4]. Our method follows this feature-
transformation perspective but extends it with a task-specific mul-
tiscale design. Each IMU window is represented at the original
2,000 Hz scale and two downsampled scales, allowing the final tab-
ular features to capture high-frequency lifting dynamics, mid-scale
motion patterns, and low-frequency vibration trends.

5.3 Tabular Learning and AutoML

Tabular data remains a central data format in practical machine
learning. Gradient-boosted decision trees are strong and widely
used baselines for tabular prediction. XGBoost improves tree boost-
ing with a scalable system design, sparsity-aware learning, weighted
quantile sketch, and cache-aware optimization [3]. LightGBM fur-
ther improves the efficiency of gradient boosting decision trees
through Gradient-based One-Side Sampling and Exclusive Feature
Bundling [13]. CatBoost addresses target leakage and prediction
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shift in boosting, especially for categorical features, through or-
dered boosting and ordered target statistics [14]. These models
demonstrate that carefully engineered tabular learners can be highly
competitive when informative features are available.

AutoML systems further automate the construction of strong
tabular predictors. AutoGluon-Tabular emphasizes robust prepro-
cessing, diverse model training, multi-layer stacking, and ensemble
construction rather than only searching for a single best model
and hyperparameter configuration [5]. This design is relevant to
our setting because the transformed IMU windows form structured
tables, where robust tabular learning and ensembling can improve
stability across experimental folds.

Recent studies also show that deep learning models for tabular
data are becoming increasingly competitive. TabM advances tabular
deep learning by using parameter-efficient ensembling, where one
MLP-based model produces multiple predictions per object and
behaves like an efficient ensemble [8]. TabICL further explores in-
context learning for large-scale tabular classification and is designed
to handle larger training sets with a scalable tabular foundation
model [15]. Our work is complementary to these studies: rather
than designing a new tabular model, we focus on converting high-
frequency IMU time series into a multiscale tabular representation
that can be effectively handled by pretrained tabular learners.

6 Conclusion

This paper presents a multiscale time-series-to-table framework
for IMU-based object activity recognition. By reducing redundancy
through stride-based window subsampling, extracting compact mul-
tiscale sensor features, and adapting pretrained tabular knowledge
in a label-wise binary classification setting, the proposed method
achieves the best performance in the Pal2Sim challenge. These re-
sults show that multiscale feature transformation and pretrained
tabular learning provide a practical and effective solution for high-
frequency sensor-based activity recognition.
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A Appendix
A.1 Fine-Grained to Major-Class Mapping

The Pal2Sim annotations contain ten fine-grained labels, while the
evaluation uses six major operational classes. The mapping follows
the benchmark definition. It keeps driving, lifting, and wrapping as
distinct operational states and combines short docking, preparation,
standing, and fork-interaction phases into Stationary processes. This
reduces label fragmentation and provides a more stable target for
cross-experiment evaluation.

Table 2: Mapping from fine-grained annotations to the six
major classes.

Major Class Fine-Grained Class(es)
Lifting (lowering) Lifting (lowering)
Lifting (raising) Lifting (raising)

Driving (curve) Driving (curve)

Driving (straight) Driving (straight)

Turntable wrapping ~ Wrapping

Stationary processes  Standing, Docking, Wrapping (preparation),
Forks (entering or leaving front),
Forks (entering or leaving side)

A.2 Double-Label Cases

Driving and lifting can be active at the same timestamp. The dataset
contains four double-label combinations:

Feng et al.

e Driving (curve) + Lifting (lowering)
e Driving (curve) + Lifting (raising)
e Driving (straight) + Lifting (lowering)
e Driving (straight) + Lifting (raising)
These cases motivate the multi-label formulation adopted in this
paper.

A.3 Class-Duration Distribution

Exp ) ---.

mmm Driving(straight)
mm Driving(curve)
- Lifting(raising)
= Lifting(lowering)
mmm Stationary processes
== Turntable wrapping

0 100 200 300 400 500 600
Active duration proxy (s)

Figure 3: Class-duration distribution across the four experi-
ments.
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