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ABSTRACT: Human-Object Interaction (HOI) recognition is essential for intelligent applications such as robotics,
assistive healthcare, human-computer interaction, augmented reality, and smart environments. Existing HOI recog-
nition methods often rely on appearance-based visual cues, including object texture, color, scene context, and visual
motion. Although these approaches can achieve strong recognition performance, they usually require large annotated
datasets, computationally expensive feature extraction networks, and specialized hardware, and their predictions may
be affected by illumination changes, occlusion, and visual background variability. To address these issues from a
hand-kinematic perspective, this paper proposes Fuse3D, a geometry-enriched machine-learning framework for HOI
recognition using 3D hand descriptors extracted from egocentric video streams. The proposed method focuses on
structural and dynamic hand-motion characteristics rather than directly modeling object appearance. Hand joints
and surface vertices are reconstructed in 3D space using the MANO hand model and transformed into a 7D
representation by combining Cartesian coordinates with Euclidean norm and planar distance descriptors. For each
descriptor channel and frame, mean pooling across the 21 joints or 778 MANO vertices produces compact global
temporal signals. The joint-derived and mesh-derived signals are then summarized using temporal statistics and
fused to combine complementary whole-hand kinematic evidence obtained from sparse skeletal landmarks and dense
surface sampling. The pooled vertex stream is interpreted as a global mesh-derived kinematic summary; it does not
preserve local mesh topology or detailed finger-surface morphology. The resulting feature vectors are classified using a
lightweight XGBoost-based framework implemented in both two-stage and single-stage HOI recognition architectures.
Experiments conducted on the HOI4D benchmark dataset show that the two-stage fused representation achieves an
average Fl-score of 81% with millisecond-level inference time under the reported evaluation protocol. The results
indicate that geometry-enriched hand kinematics can provide an efficient and interpretable representation for HOI
recognition, particularly in settings where lightweight inference is preferred. However, the method remains dependent
on RGB-based hand-pose reconstruction and does not fully replace appearance-based or multimodal deep models.
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1 Introduction

Research on human-object interaction (HOI) focuses on understanding how people interact with
objects in their environment, often by examining photos, videos, or additional types of information. Past
studies used object recognition to identify individuals along with surrounding items they interacted with.
The process also accounts for changes in the position and pose of the body. Such considerations help in
turther elucidating interactions, for instance, when a person reaches for or holds onto an object.

Through the video modality, temporal changes observed during interaction sequences provide valuable
information for understanding human behavior. Human-object interaction (HOI) detection is important
for the development of robotic systems and assistive technologies. However, existing HOI recognition
approaches still face several challenges that limit their robustness and generalizability. Earlier methods often
rely heavily on appearance-based object characteristics, such as color, texture, and size [1-3]. A key limitation
of such approaches is their sensitivity to illumination variations, which can alter observed color distributions,
texture descriptors, and other local image features even when the underlying object remains unchanged.
These appearance variations, together with partial occlusion and changes in object viewpoint or presentation,
can reduce feature consistency and adversely affect the robustness of HOI recognition systems.

Deep learning based HOIR methods are associated with some major challenges. These techniques relate
to all the supervised learning methods, where building the corresponding large, fully labeled data sets is often
very expensive and demanding. According to [4], they are quite tedious to assemble. The limitation of such
a model is that the understanding of such a model is not advanced enough to tell about subtle interactions
that differentiate holding onto something from actually using it [5]. Thus, such limitations imply that such
models lack generalization when faced with a novel or otherwise unexpected context. These are the features
relative to the technical inefficiency of requiring extremely advanced computational resources in terms of
amounts required, combined operating costs in object detection and action recognition tasks which, besides
power, require very specialized hardware resources [6,7]. All this has led to the development of other HOIR
systems, with their performance being somewhat compromised for computational efficiency.

Advances in egocentric vision have attracted considerable research interest for human-object interac-
tion (HOI) recognition [8]. In contrast to third-person viewpoints, egocentric cameras capture interactions
from the wearer’s perspective, providing direct observations of the hands, manipulated objects, and task-
relevant regions of the scene. This first-person viewpoint can therefore provide useful cues regarding the
user’s attention, manipulation patterns, and interaction context. Among these cues, hand information is
particularly important because the spatial configuration and temporal motion of the hands are closely
related to the way objects are grasped, manipulated, and used. Recent developments in computer vision
and machine learning have substantially improved hand pose estimation and tracking, enabling detailed
modeling of hand dynamics for interaction understanding [9]. Incorporating hand pose information
into HOI recognition can provide complementary geometric and motion cues, particularly when object
appearance is partially degraded by occlusion, viewpoint variation, or background clutter. Motivated by these
advances, the proposed Fuse3D framework models egocentric human-object interactions using 3D hand-
pose information derived from hand joint coordinates and mesh vertex representations. These geometric
representations capture both the articulated configuration and fine-grained spatial structure of the hand
during object manipulation, providing interaction-specific information that complements conventional
visual appearance features. Rather than assuming that existing HOI systems rely primarily on shape, color,
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or texture, Fuse3D is positioned as a complementary geometry-driven approach to the broader range
of contemporary HOI methods, including deep neural networks, graph-based models, temporal models,
transformers, scene-graph representations, and multimodal learning frameworks. By focusing on structured
3D hand information, Fuse3D aims to improve the representation of hand-object manipulation patterns
while reducing dependence on object appearance alone.

Advancing egocentric cameras toward human object interaction detection has drawn vast research
attention [8]. Egocentric vision contrasts with third person views in placing the human object interaction
right before the eyes of the observer, this view plays an important role in the relevant correct representation
of human object interactions. It shows what is important and identifies the main subject areas of interest
and concentration and hence the observer’s priorities and objectives. Availability of information on hand
improves the overall HOI recognition. This information, with its finer movements, can give a perfect
understanding of interactions. With the advancement of computer vision and machine learning, hand pose
tracking is becoming a vital part of object recognition using hand dynamics, and is a field being driven
forward by these recent developments [9]. Hand pose information for the HOI recognition systems is added
to the knowledge of object handling. This ultimately enhances the performance of the models in situations of
occlusion and partial visibility of objects in the background clutter. This last decade has seen the inclusion of
both image and video in an acceptable amount of progress in hand pose estimation. On top of this progress,
we develop a structure of our hand pose data hoi recognition system which undoubtedly will use the hand
actions focus. This learns human object interactions from egocentric video and images, through the use of
join positions and vertex points. In this HOI recognition system, the processing efficiency is improved with
the minimum overlaps. Other systems primarily assign shape, colour and texture.

Recently, the dynamics of hand poses has been found to be useful features in egocentric HOI recognition
and user-centred extended-reality applications [10-12]. Specifically, 3D hand-pose graphics were used for
object manipulation pattern recognition, user identification, and immersive interaction analysis, which
further demonstrates the importance of hand kinematics in human behavior recognition and HCI. The
present study does not claim to preserve dense mesh morphology after pooling. Instead, it examines whether
compact global temporal signals derived separately from sparse joints and dense MANO surface sampling
provide complementary evidence for segment-level HOI recognition.

In this work, we propose a novel architectural framework, Fuse3D, for 3D human-object interaction
(HOI) recognition. The framework is designed as a compact segment-level classifier rather than a topology-
aware hand-mesh model. It converts reconstructed joint and vertex coordinates into global channel-wise
motion signals, thereby retaining whole-hand trajectory and distributional dynamics while deliberately
sacrificing point identity and local mesh connectivity. This information-compactness trade-off is relevant
to HOI recognition because many manipulation classes differ in their global displacement, movement
range, velocity changes, timing of extrema, and motion energy over the interaction segment. Fuse3D is
designed to characterize the dynamic patterns of hand motion associated with object manipulation and to
capture discriminative interaction cues from 3D hand representations. In this study, two complementary
HOI recognition strategies are investigated: a two-stage model and a single-stage model. In the two-stage
approach, the object is first identified and the corresponding interaction is subsequently classified, whereas
the single-stage approach performs interaction recognition directly without explicitly separating object
identification from interaction classification. Section 4 presents a comprehensive category-wise evaluation
and discussion of both approaches. The experimental results demonstrate that Fuse3D achieves a favorable
balance between recognition accuracy and computational efficiency, indicating its potential applicability
to interactive systems and assistive technologies. Because Fuse3D performs recognition using compact 3D
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hand-derived representations rather than directly relying on full-scene visual appearance during classi-
fication, it may reduce the amount of extraneous visual information retained or processed at this stage.
However, Fuse3D should not be regarded as inherently privacy-preserving, since visual sensing may still be
required for hand-pose reconstruction and the framework does not guarantee the absence or protection of
privacy-sensitive visual information.

Key Contributions

Listed below are the key contributions of our paper:

o A geometry-enriched HOI recognition framework is proposed using 3D hand-joint and MANO
surface-vertex information extracted from egocentric video streams, reducing direct dependence on
object appearance descriptors during classification.

o A deterministic coordinate-derived nonlinear expansion is constructed by combining Cartesian coor-
dinates with Euclidean norm and planar distances. The expansion makes radial and coordinate-plane
magnitudes explicitly available to the tree classifier, but it is not claimed to be rotation invariant or to
introduce independent geometric degrees of freedom.

o Areproducible mean-pooling and temporal feature-extraction pipeline is defined. For every frame and
channel, values are averaged across 21 joints or 778 vertices to produce seven global temporal signals
per stream; eighteen time-domain statistics then produce compact 1 x 126 joint and vertex descriptors.

« Joint-only, vertex-only, and fused descriptors are evaluated to determine whether global kinematic
signals derived from sparse skeletal landmarks and dense MANO surface sampling provide comple-
mentary evidence for HOI recognition.

o  Two-stage and single-stage XGBoost-based HOI recognition architectures are compared on the HOI4D
dataset to examine the trade-off between classification performance and inference efficiency.

2 Related Work

In recent years, many learning frameworks have been proposed to enhance human-object interaction
(HOI) recognition in various application areas [13,14]. The studies show that the acquisition of learning
discriminative representations that reflect the relation between manipulated object and human action is
becoming an increasingly important process. Other methods have explored spatial and temporal information
to provide more accurate representations of the evolution of interactions through time, especially when
viewpoint, object appearance and motion vary over time in complex scenes [15,16]. Later approaches have
adopted deep neural networks and multimodal representations, using complementary interaction cues for
improving the robustness of recognition, with a growing number of approaches being developed [17,18].
Moreover, a recent line of egocentric HOI literature has focused on the first-person visual information,
in which hand motion and object related cues are important cues for fine-grained manipulation activity
recognition [19]. All of these changes point towards a move from simple visual features to more informative
representations that combine spatial, temporal, geometric and contextual features for HOI recognition. For
instance, one of the examples adopts a framework of ontology-based captions of the action of athletes
in a sport related format by combining semantic reasoning with the binding of people and objects. The
authors of [20,21] developed a hybrid network which integrates graph convolutional networks and a multi
layer perceptron to enhance HOI recognition. Likewise, ref. [22] uses Hidden Markov Model (HMM) with
precise object localization to realize interaction recognition. Another approach [23] merges object detection
with skeletal analysis which is evaluated on several datasets reaching about 98.5% mean accuracy for HOI
tasks. This method demonstrates strong predictions and gives a flexible framework that works well on few
training data.
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The authors of [24] discuss the challenges posed by assembling large scale datasets requiring all human
object pairs, acknowledging that such task incurs a great extent of time and computational costs. They
propose an HOI detection system that is able to capture new and unseen cases with a two stream framework
for visual and textual modality. The stacked transformer for human object interaction further enhances the
recognition ability. A pertinent approach by RPNN in [25] uses two graphs: one for human posture and the
other for object interaction with body parts. The two interact with each other in an action interpretation
module for supporting HOI detection. The procedures suggested in [26] present an auxiliary knowledge
graph for a new dataset to recognize objects and surpass existing benchmarks in categorizing objects for
new pairings. On similar lines, ref. [27] proposed a neural network based method for the recognition of
human movements based on the consecutive frames in a video to predict actions that are occluded, it has
a specific module for estimating poses under strong occlusion. Besides that, ref. [28] applies scene graphs
to capture the semantic relations in an image dataset, which provide contextual information to infer human
object interactions.

Hand-centric egocentric recognition has recently gained attention because hands are directly involved
in object manipulation and often provide strong behavioral cues in first-person video. Hamid et al. [11]
used 3D hand-pose data for HOI recognition and user identification in extended-reality settings, while
Hamza et al. [12] investigated person classification from egocentric HOIs using 3D hand-pose information.
Similarly, Hamid et al. [10] demonstrated that egocentric wearable-camera data can support HOI recognition
by exploiting hand-joint information. The results of these studies justify the use of hand kinematics as a
light-weight alternative or complement to appearance-based representations.

Recent deep HOI models have also investigated the transformer based and multimodal fusion methods.
For instance, TransFlow-HOI combines RGB appearance and optical-flow information with multimodal
fusion using transformer networks to achieve high performance in HOI recognition tasks [29]. These models
are useful for capturing long-range temporal dependency and appearance-motion relationships, though they
often involve more complicated visual feature extraction models. The present work instead studies a compact
representation in which global temporal signals are derived from reconstructed 3D joints and from the
complete MANO vertex set. The vertex stream is mesh-derived but not topology preserving; its role is to
summarize the motion of the reconstructed hand envelope for lightweight segment-level classification.

Much of the current work on HOI is based on image and video data that has been visually extracted
and analyzed, and a majority of these works use deep neural networks to capture spatial, appearance
and temporal interaction features. These approaches have been successful in achieving good recognition
results, but they can be computationally intensive, especially in cases of high-dimensional visual features
or complex network structures. Additionally, much of the previous HOI research has been created and
tested from an exocentric or third person perspective. In contrast, egocentric vision is a first-person
view where the hands and manipulated objects are often prominent parts of the visual field, and is well
suited to the analysis of fine-grained object manipulation and user-centered interactions [30,31]. In the
field of application, egocentric sensing has attracted interests in several areas including augmented reality,
virtual reality, wearable computing and human-robot interaction, where understanding of hand-object
manipulation is crucial to better understand the activity and intentions of the user. However, recognition
from egocentric data remains challenging because of frequent hand-object occlusions, rapid viewpoint
changes, background clutter, and substantial variations in object appearance. These challenges highlight the
need for HOI representations that exploit structured hand-motion and geometric information while limiting
unnecessary dependence on computationally intensive full-scene visual processing.
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3 Proposed Method

We propose both two stage and single stage HOI recognition methods. Figs. 1 and 2 show two stage and
single stage methods proposed in this research respectively. Fig. 3 presents the detailed flow diagram of the
proposed method.

Hand Feature Object .
Joints Extraction | _|—> Recognition Object Label
Input Video Preprocessing Fan;l;Le l
| Hand Feature | Interaction |_, |nteraction
Verts Extraction Recognition Label

Figure 1: Fuse3D: two stage HOI recognition.

Hand Feature

Joints Extraction
Input Video Preprocessing Feature HOl L, ol Label

Fusion Recognition

Hand Feature
Verts Extraction

Figure 2: Fuse3D: single stage HOI recognition.
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Figure 3: Overview of the proposed Fuse3D framework. Egocentric RGB video segments are first processed using
MANO-based 3D hand reconstruction to estimate 21 skeletal joints and 778 mesh vertices. Two parallel processing
streams are then constructed. Each stream performs coordinate-derived 7D feature expansion, channel-wise mean
pooling across anatomical points, and temporal statistical summarization to generate compact 1 x 126 descriptors.
The joint-derived and mesh-derived global kinematic summaries are concatenated to form a fused 1 x 252 descriptor,
which is subsequently used by either a hierarchical two-stage HOI recognition framework or a direct single-stage HOI
recognition framework.
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3.1 Data Acquisition

We present a new method Fuse3D for HOI recognition that has been applied on an egocentric
dataset with a first-person view. There are a number of datasets available for 3 person view, but very few
comprehensive datasets. There are many 2D datasets which have been converted synthetically into 3D hand
representations [32], whereas, HOI4D dataset consists of annotations from real images of hands [33] which
aligns with our objective of this research. Four different cameras have been used to record videos in the
present data set in an extensive indoor setting. It contains around 2.4 million RGB-D frames recorded
from an egocentric perspective, 4000 interaction sequences by nine different participants and 16 different
object categories. The data set contains substantial variability in the conditions under which the data were
acquired: room layout, furnishings, participants, viewpoints, backgrounds and complexity of interactions.
Such diversity provides challenging scenarios for HOI recognition, including variations in environmental
configuration, object manipulation patterns, occlusion, and interaction complexity. The availability of both
RGB and depth information further enables the analysis of appearance and three-dimensional geometric
cues associated with human-object interactions.

3.2 Segmentation and Handpose Extraction

HOI recognition method involves preprocessing to video sequencing before feature extraction. In the
first step, an optimal non overlapping window of five seconds has been selected empirically and applied on
videos to divide them into segments. After segmentation, each window is annotated using the video clips of
original recordings. Hand pose information is then extracted from each segmented frame of 2D RGB array.
Hand joint and vertex information extracted is then aggregated. 2D hand pose keypoints and landmarks
are extracted and passed to regressor that estimates initial shape and pose parameters which are projected
into 3D space using the MANO parameteric hand model [34]. These parameters are refined to reduce the
reprojection error which is then used in MANO framework to get the consistent 3D coordinates for hand
joints and vertices. This 3D hand joint array has a dimension of 21 x 3 and 3D hand vertex has dimension
of 778 x 3. Fig. 4 shows a sample visualization of the 3D hand joint and vertex structure derived from the
MANO framework.

Figure 4: Representation of the MANO 3D hand joints and vertices model.
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3.3 Hand Joint and Vertex Transformation

The reconstructed 3D hand representations consist of the 778 mesh vertices provided by the MANO
model together with a 2I-keypoint hand representation. Standard MANO defines 16 skeletal joints; there-
fore, following the commonly adopted MANO-based 21-keypoint convention, the 16 MANO joints are
augmented with five fingertip landmarks obtained from corresponding mesh vertices, yielding a total of
21 hand keypoints [35]. Each 3D joint or vertex coordinate triplet (x, y,z) is subsequently transformed
into a geometry-enriched 7D representation by appending four distance-based measures: the Euclidean
norm /x> + y? + z% and the three planar distances \/x2 + 2, V/x? + 22, and \/y? + z2. Accordingly, the
transformed hand-keypoint representation for each frame has a dimension of 21 x 7, while the transformed
mesh-vertex representation has a dimension of 778 x 7.

For a point p = (x, y, z), the expanded descriptor is
q= [x, Vs 2, 1, dyys diz, dyz] , (1)
where r = \/x? + y? + 22, dy), = \/x* + y%, dyx; = Vx? + 22, and d,; = \/y? + z%. These appended terms are

deterministic nonlinear functions of (x, y, z); they do not add independent geometric degrees of freedom.
In particular,

A2, +d2, +d2, =20 )

The representation is not generally rotation invariant because the Cartesian coordinates and planar
distances change under arbitrary 3D rotations. It is also not generally translation invariant unless the
coordinates are first expressed relative to a selected origin. Its purpose is therefore not invariance. Rather,
the expansion exposes radial and coordinate-plane magnitudes directly to the axis-aligned tree classifier,
which would otherwise need multiple partitions to approximate these nonlinear relations from the Cartesian
coordinates alone. Throughout the revised manuscript, “geometry-enriched” is used only in this restricted
sense of a coordinate-derived nonlinear feature expansion.

Each descriptor channel is min-max normalized to range [0, 1] before classification based on the min-
max of the training split of each fold, and applied to the validation/test split of each fold. The normalization
is done fold-wise, thus preventing the leakage of information from test data and maintaining the same
numerical scale of the Cartesian coordinates, Euclidean norms and planar distances. Table I shows the
mathematical expressions of all the time-domain handcrafted features extracted in this research.

3.4 Feature Extraction

Temporal statistical descriptors are extracted from the transformed 7D hand-joint and hand-vertex
sequences to summarize motion dynamics over each five-second video segment as shown in Fig. 5. For
each frame, the flattened transformed joint descriptor has dimension 1 x (21 x 7) =1x 147, whereas the
flattened transformed vertex descriptor has dimension 1 x (778 x 7) = 1 x 5446. These are frame-level spatial
descriptors before temporal aggregation.
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Table 1: Extracted time-domain features and their mathematical descriptions.

Feature

Mathematical Description

Total Squared Amplitude

Signal Minimum
Average Absolute First-Order Difference

Maximum-Value Sample Index

Skewness
M

Full Amplitude Range

Mean Squared Amplitude
Sample Average
Normalized Absolute Second-Order Difference

Signal Maximum

Extrema-to-Extrema Gradient
Fourth-Moment Peakedness
Extrema Latency Ratio
Root-Mean-Square Deviation
Extrema Time Separation

Normalized Absolute First-Order Difference

Minimum-Value Sample Index

Average Absolute Second-Order Difference
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Figure 5: Feature-extraction sequence of the proposed Fuse3D framework. For each frame, the reconstructed hand
joints and MANO vertices are converted into seven coordinate-derived descriptor channels. Channel-wise mean

(Continued)
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Figure 5: (continued) pooling is then performed separately across the 21 joints and 778 vertices, producing seven
joint-derived temporal signals and seven mesh-derived temporal signals. Eighteen temporal statistical descriptors are
computed from each signal across the complete frame sequence, producing a1 x 126 joint descriptor and al x 126 vertex
descriptor. The two descriptors are concatenated to obtain the final 1 x 252 fused feature representation.

Let q{,j’c and g, . denote descriptor channel ¢ € {1,...,7} at frame ¢ for joint j € {1,...,21} and vertex
ve{l,...,778}, respectively. The implemented anatomical-point aggregation is mean pooling. The channel-
wise signals are therefore

; 1 21 ; v 1 778 v
t) = — . t) = — ) 3
gc( ) 21 ;qt,],c gc ( ) 778 1’glqt,v,c ( )

This operation produces seven temporal signals for the joint stream and seven temporal signals for the
vertex stream. Eighteen temporal statistics are computed independently from each signal. Consequently, the
joint descriptor and vertex descriptor each have dimension 1 x (7 x 18) =1 x 126, and their concatenation
has dimension 1 x 252.

Mean pooling removes joint or vertex identity and does not preserve local anatomical relations, MANO
mesh connectivity, detailed finger articulation, or dense surface morphology. The vertex stream is therefore
interpreted as a global mesh-derived kinematic summary rather than a topology-preserving morphological
descriptor. Nevertheless, it remains scientifically relevant to segment-level HOI recognition. The pooled
Cartesian channels describe whole-hand displacement over time, while the pooled norm and planar-distance
channels summarize the average radial and coordinate-plane distribution of the complete reconstructed
mesh. For example,

1 778

Z”Pv(t)nz’ (4)

v=1

)= 225

and, in general, 2= 3, [py|2 # |75 X, Pv[2; hence the nonlinear pooled channels are not reducible to

the Cartesian centroid alone. The temporal statistics of the five-second segment carry the information
of magnitude, range, variability, energy, first and second order change, extrema timing, the skewness
and peakedness of these global signals. These descriptors can distinguish interactions in terms of whole-
hand trajectory, extent of movement, temporal phase and even motion energy, but dont capture local
mesh structure.

The spatial support of the joint and vertex streams is also different: the joint signal is an average of 21
sparse anatomical landmarks, while the vertex signal is an average of 778 surface samples over the palm
and fingers. Their fusion is then assessed by the integration of a global skeletal derived and mesh derived
kinematic evidence, rather than by evidence of the maintenance of dense morphology. Another rationale
that is non-experimentally proved to be robust is that mean pooling serves as a low order summarization
that highlights coherent whole-hand movement and can flatten out fluctuations at the point level.

The selected temporal descriptors capture complementary properties of the hand-motion signal,
including amplitude range, central tendency, dispersion, distribution shape, latency, temporal variation, and
signal energy. They were selected because they provide a lightweight summary of dynamic hand behavior
without requiring sequence-learning models or computationally expensive visual feature extraction.
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3.5 Classification Task

We propose two approaches of classification for HOI recognition in our Fuse3D framework i.e.; Two-
Stage HOI Recognition and Single-Stage HOI Recognition. Two stage methodology consists of two phases.
In the first step, object classification is done with the help of the fused feature vector which is formed by
combining characteristics of hand joints and vertices. HOI label is assigned to the detected object. For
instance, the proposed framework identifies the object as “Bottle”, whereas, the interaction “pick and place” is
detected after that. This two stage method uses a hierarchical approach in which first 16 objects are classified
followed by the interaction with these objects in the second stage. On the other hand, in the Single stage
method, the proposed algorithm detects the interaction along with objects directly. For instance, in single
stage method, “Pick and Place Bottle” is directly detected. In this approach, 54 distinct classes are detected
for HOI recognition. Classification is performed using XGBoost for all objects along with interactions. In
the two stage approach, the proposed method trains 17 classifiers including one for object recognition and
other sixteen for recognition of interactions with the object. However, in case of single stage approach, only
one classifier is trained for HOI recognition that include objects along with interaction classification.

XGBoost was selected because it is well suited to structured tabular descriptors, supports nonlinear
decision boundaries, and provides efficient inference for compact handcrafted feature vectors. In this study,
the classifier was trained using the default XGBoost configuration for multi-class classification, including
a tree-based booster, 100 estimators, maximum tree depth of 6, and learning rate of 0.3. The multi-class
soft-probability objective was used, and the final class label was assigned using the maximum predicted
probability. These settings provide a standard baseline configuration for evaluating the discriminative
capability of the proposed descriptors without extensive hyperparameter tuning.

4 Results Assessment and Discussion

We evaluate two HOI recognition strategies: a two-stage hierarchical approach and a single-stage
direct classification approach. Two stage approach: Every video segment has its corresponding object and
interaction labels. The object category is first classified and then the corresponding interaction is recognized
in the predicted object category. The single-stage approach is different in that it considers each object-
interaction pair as a separate HOI class and predicts the combined class in one classification step. In the
single-stage recognition setting 54 different HOI classes derived from 16 object categories are considered
using this formulation. Several experimental set-ups were explored for evaluating hand-joint and hand-
mesh-vertex discriminative contribution. Three feature-fusion strategies investigated—mean pooling, max
pooling, min pooling, and feature concatenation—are explored. No fusion operator is found to be universally
superior, as the best performing fusion operator is different for each experiment and interaction class. A
desktop computer with an Intel(R) Core(TM) processor and 8 GB of memory was used for all experiments,
with the exception of the object specific interaction-recognition experiment, in which the average F1 score
was obtained. The performance of the models was assessed based on the accuracy, precision, recall, and F1-
score. The average inference time per sample was evaluated to check the practical feasibility of the proposed
framework for time-sensitive applications. The dataset was evaluated using 5-fold cross-validation, with
normalization parameters estimated exclusively from the training partition of each fold and subsequently
applied to the corresponding test partition. Because the present experiments follow this 5-fold protocol,
a fully subject-independent evaluation remains an important direction for future work to further assess
cross-subject generalization.
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4.1 Analysis of Two Stage HOI Recognition

In the two-stage HOI recognition framework, the first stage classifies the object category, while the
second stage identifies the interaction associated with the classified object.

4.1.1 Stage 1: Analysis of Object Recognition

In the first stage, the fused feature vector is passed to the XGBoost classifier to classify the 16 object
categories. Table 2 presents the object-classification performance in terms of Fl-score for the individual
hand-joint and hand-vertex representations and the different feature-fusion strategies. Considering the
concatenation-based fusion results, strong classification performance was obtained for several object cat-
egories, including Stapler (0.81), Scissors (0.87), Laptop (0.85), Kettle (0.89), Chair (0.90), Bowl (0.90),
and Bottle (0.89). Among these categories, Chair and Bowl achieved the highest Fl-score of 0.90 under
concatenation fusion. In contrast, comparatively lower Fl-scores were observed for Safe (0.66), Toy Car
(0.64), and Furniture (0.66), indicating that these categories were more challenging to distinguish using the
concatenated representation. Overall, concatenation fusion achieved an average Fl-score of 0.79 across the 16
object categories. The results also demonstrate that the optimal fusion strategy varies across object classes; for
example, minimum fusion produced the highest overall average F1-score of 0.80, while individual categories
attained their best performance under different fusion operators.

Table 2: Object recognition outcomes across categories (C).

Hand Hand Fusion Fusion Fusion Fusion Fusion

Object Joints Vertices Concat Mean Max Min Sum
F1 F1 F1 F1 F1 F1 F1

Cl:Stapler 0.70 0.68 0.81 0.77 0.81 0.81 0.80
C2:Lamp 0.68 0.68 0.78 0.72 0.79 0.81 0.83
C3:Scissors 0.81 0.84 0.87 0.89 0.87 0.86 0.84
C4:safe 0.59 0.60 0.66 0.72 0.77 0.75 0.77
C5:Mug 0.74 0.77 0.77 0.80 0.75 0.73 0.84
C6:Pliers 0.65 0.65 0.75 0.71 0.71 0.73 0.69
C7:Laptop 0.81 0.80 0.85 0.87 0.88 0.91 0.92
C8:Toy Car 0.60 0.58 0.64 0.60 0.66 0.67 0.69
C9:Furniture 0.70 0.68 0.66 0.58 0.79 0.85 0.79
Cl10:Trash Can 0.70 0.71 0.77 0.77 0.71 0.77 0.73
Cll:Kettle 0.78 0.79 0.89 0.88 0.88 0.86 0.80
C12:Chair 0.89 0.88 0.90 0.85 0.92 0.89 0.94
C13:Bucket 0.69 0.70 0.76 0.77 0.70 0.71 0.72
Cl4:Bowl 0.77 0.76 0.90 0.93 0.79 0.79 0.79
C15:Bottle 0.87 0.88 0.89 0.83 0.82 0.83 0.79
Cl6:Knife 0.67 0.68 0.77 0.76 0.81 0.80 0.78
Average 0.73 0.73 0.79 0.78 0.79 0.80 0.79

Among the evaluated fusion strategies, concatenation preserves the joint-derived and mesh-derived
descriptors as separate global kinematic sources. Mean, sum, maximum, and minimum fusion combine
corresponding dimensions and may suppress stream-specific variation. Table 2 does not show universal
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superiority of concatenation: its average object-recognition Fl-score is 0.79, while minimum fusion reaches
0.80. Concatenation is nevertheless competitive and improves over either individual stream; it also obtains
the highest average Fl-score in the reported object-specific interaction experiment (Table 3). These findings
support complementarity between the two global streams, but they do not demonstrate preservation of dense

surface morphology.

Table 3: Experimental results for interaction recognition (where ‘C’ represents object category and ‘I represents

corresponding task).

Hand Hand Fusion  Fusion Fusion Fusion Fusion
Joints Vertex  Concat Sum Mean Max Min
Objects Interactions F1 F1 F1 F1 F1 F1 F1
C:Stapler T:Bindthepaper 0.89 0.89 0.96 0.91 0.92 0.93 0.94
~tap T:Pickandplace 0.85 0.86 0.95 0.89 0.91 0.92 0.93
T:Pickandplace 0.80 0.75 0.86 0.84 0.82 0.79 0.83
T:Pushtoycar 0.63 0.62 0.68 0.63 0.68 0.63 0.73
C:Toy Car -
T:Putitinthedrawer 0.47 0.45 0.63 0.67 0.45 0.43 0.48
T:Takeitoutofthedrawer 0.74 0.69 0.77 0.77 0.62 0.67 0.74
C:Scissor T:CutSomething 0.95 0.95 0.99 0.91 0.94 0.92 0.94
' T:Pickandplace 0.83 0.86 0.97 0.71 0.85 0.82 0.85
T:Openandclosethedoor 0.75 0.76 0.87 0.77 0.72 0.71 0.72
C:Safe T:Putsomethinginit 0.66 0.65 0.80 0.65 0.71 0.68 0.68
T:Takesomethingoutofit 0.54 0.53 0.74 0.56 0.59 0.67 0.61
T:Fillwithwaterbyakettle 0.60 0.56 0.59 0.56 0.96 0.83 0.77
T:Pickandplace 0.76 0.74 0.70 0.75 0.87 0.84 0.85
C:Mu T:Pickandplace(withwater) 0.67 0.63 0.47 0.45 0.40 0.40 0.47
g T:Pourwaterintoanothermug 0.75 0.71 0.68 0.85 0.89 0.81 0.85
T:Putitinthedrawer 0.50 0.52 0.40 0.45 0.54 0.46 0.57
T:Takeitoutofthedrawer 0.82 0.79 0.82 0.83 0.79 0.64 0.85
T:Clampsomething 0.85 0.86 0.84 0.83 0.82 0.86 0.74
C:Pliers T:Pickandplace 0.88 0.83 0.91 0.88 0.77 0.76 0.77
’ T:Putitinthedrawer 0.52 0.48 0.50 0.48 0.50 0.68 0.52
T:Takeitoutofthedrawer 0.70 0.66 0.76 0.74 0.73 0.67 0.63
C-Labto T:Openandclosethedisplay 0.92 0.90 0.93 0.95 0.95 0.94 0.96
“Laptop T:Pickandplace 0.87 0.83 0.88 0.92 0.90 0.89 0.93
T:Pickandplace 0.90 0.83 0.95 0.97 0.86 0.89 0.86
C:Lamp T:Turnandfold 0.97 0.95 1.00 1.00 1.00 1.00 1.00
T:Turnonandturnoff 0.89 0.87 0.94 0.97 0.81 0.84 0.80
T:Openandclosethedoor 0.81 0.79 0.78 0.79 0.76 0.77 0.63
. T:Openandclosethedrawer 0.85 0.82 1.00 0.89 0.82 0.87 0.79
C:Furniture .
T:Putthedrinkinthedoor 0.73 0.66 0.66 0.69 0.83 0.84 0.74
T:Putthedrinkinthedrawer 0.76 0.70 0.81 0.73 0.81 0.83 0.81
C:Kettle T:Pickandplace 0.96 0.96 0.94 0.92 0.96 0.97 0.95
’ T:Pourwaterintoamug 0.95 0.96 0.93 0.91 0.96 0.97 0.95
. T:Pickandplacetoanewposition ~ 0.54 0.52 0.51 0.45 0.57 0.53 0.45
C:Chair . . e
T:Pickandplacetooriginalposition 0.54 0.48 0.54 0.44 0.61 0.64 0.51
C:Bucket T:Pickandplace 0.77 0.77 0.90 0.87 0.86 0.88 0.89
’ T:Pourwaterintoanotherbucket ~ 0.84 0.84 0.93 0.91 0.89 0.91 0.92

(Continued)
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Table 3 (continued)

Hand Hand Fusion Fusion Fusion Fusion  Fusion

Joints Vertex  Concat Sum Mean Max Min

Objects Interactions F1 F1 F1 F1 F1 F1 F1
T:Pickandplace 0.86 0.85 0.91 0.90 0.88 0.83 0.91
T:Pickandplace(withball) 0.83 0.83 0.71 0.71 1.00 1.00 1.00
C:Bowl T:Putitinthedrawer 0.83 0.79 0.91 0.88 0.83 0.81 0.84
T:Puttheballinthebowl 0.77 0.69 0.73 0.85 1.00 0.95 0.84
T:Takeitoutofthedrawer 0.71 0.68 0.77 0.72 0.78 0.70 0.82
T:Taketheballoutofthebowl 0.76 0.82 0.78 0.82 0.92 0.84 0.90
T:Pickandplace 0.72 0.72 0.84 0.88 0.63 0.62 0.61
T:Pickandplace(withwater) 0.61 0.67 0.84 0.57 0.86 0.81 0.74
C:Bottle T:Pourallthewaterintoamug 0.37 0.41 0.47 0.42 0.62 0.44 0.57
T:Putitinthedrawer 0.45 0.43 0.61 0.68 0.49 0.40 0.56
T:Repositionthebottle 0.75 0.73 0.82 0.78 0.79 0.81 0.81
T:Takeitoutofthedrawer 0.58 0.65 0.73 0.69 0.68 0.77 0.76
T:Cutapple 0.86 0.85 0.92 0.90 0.92 0.93 0.93
C:Knife T:Pickandplace 0.93 0.92 0.96 0.94 0.91 0.93 0.93
T:Putitinthedrawer 0.62 0.63 0.65 0.65 0.52 0.60 0.56
T:Takeitoutofthedrawer 0.64 0.67 0.83 0.70 0.67 0.81 0.69
Average 0.77 0.75 0.82 0.78 0.80 0.80 0.79

The results indicate that some object categories are more difficult to classify because their associated
hand-motion patterns may exhibit similarities across different interactions. Fig. 6 presents the confusion
matrix obtained using the hand-joint feature set. Consistent with the quantitative results reported in Table 2,
Bottle achieved a relatively high Fl-score of 0.87, whereas Toy Car and Bucket showed lower performance,
with Fl-scores of 0.60 and 0.69, respectively. The Mug and Bowl categories achieved Fl-scores of 0.74 and
0.77, respectively, using the hand-joint representation. Fig. 7 presents the confusion matrix obtained using
the hand-vertex feature set. In this representation, Bottle and Mug perform well with Fl-scores of 0.88 and
0.77, respectively, while Safe is still relatively hard to classify with an Fl-score of 0.60. The results indicate
generally that hand-joint and hand-vertex representations are discriminative in different ways depending on
the object categories.

The confusion matrix for concatenation-based fusion feature set is shown in Fig. 8. The relatively high
diagonal responses suggest good discriminative performance for several object categories such as Bottle,
Bowl and Mug. Additionally, the confusion matrix indicates that some categories are misclassified with
others, such as Bowl and Bucket, implying that the hand-motion and geometric representation of these two
have some commonalities. The Furniture category is also more difficult to classify, with its features being less
distinguishing when represented as an interaction. As a whole, the concatenation-based fusion configuration
gets an average F1 score of 0.79 in the object classification task. It is important to note that this setup is not
always better than the other fusion strategies as minimum fusion (MF) results in a slightly better average
F1 score (0.80) as reported in Table 2. These results indicate that the effectiveness of a fusion strategy varies
across object categories and that no single fusion operator consistently provides the best performance.
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Figure 7: Confusion matrix for object recognition (hand vertex).
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Figure 8: Confusion matrix for object recognition (fusion concatenation).

4.1.2 Stage 2: Analysis of Interaction Recognition

In the first step, objects are detected, whereas, in the next step, interactions between objects are classified.
Object label detected from the stage 1 along with the feature vector is then passed to XGBoost classifier
for HOI recognition. Table 3 presents the results obtained through experimental setups for object specific
interaction recognition. These findings conclude that the classification accuracy for interactions involving
“Bucket”, “Kettle”, “Knife”, “Laptop’, “Lamp”, “Scissors”, and “Stapler” categories was high. Specifically, the
“Pick and place” interaction achieved high average Fl-score across multiple object categories with 91% F1
score on “Bowl’, 90% for “Bucket”, whereas, “Kettle” achieved 94%, “Knife” 96%, and “Lamp” achieved 95%.

Certain interaction classes exhibit comparatively low recognition performance under specific object
and feature configurations. For example, for the Mug category, the interaction “Put it into the drawer”
achieves an Fl-score of 0.40 using concatenation-based fusion, as reported in Table 3. On the other hand,
this interaction is not uniform in its performance, ranging between 0.40 and 0.57 for the Mug category
in Fl-scores. Furthermore, the same interaction demonstrates different performance when coupled with
different object categories, suggesting that the difficulty in recognizing the interaction depends not only
on the interaction-object combination, but also on the feature representation selected. The differences
observed indicate that similar or temporal overlapping hand-movement patterns might be more challenging
to differentiate with the extracted geometric features. Within the two-stage approach, errors from the first
object-classification stage can also be carried over to the second interaction-classification stage, which can
have an impact on the final prediction of the HOL. Fig. 9 presents the average Fl-score obtained across the
interactions associated with each object category.
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Figure 9: Object based Fl-score for interaction classification.

The two-stage architecture also introduces a potential error-propagation effect because incorrect object
predictions in the first stage can affect the subsequent object-specific interaction classifier. This issue is
particularly relevant for object categories associated with similar grasping or manipulation patterns, such
as bowl/bucket-like movements or drawer-related interactions. Therefore, although the two-stage design
improves average Fl-score by reducing the number of classes handled by each interaction classifier, its final
HOI prediction remains dependent on the reliability of the object-recognition stage.

4.2 Analysis of Single Stage HOI Recognition

In the single-stage HOI recognition approach, the combined object-interaction class is predicted
directly without first performing a separate object-classification stage. Features extracted from the hand
joints and hand vertices are provided to the XGBoost classifier to recognize 54 distinct HOI classes. Table 4
summarizes the results obtained using the individual feature representations and different fusion strategies.
Under concatenation-based fusion, interactions such as ‘Scissors: Cut something” and ‘Lamp: Turn and
fold” achieved Fl-scores of 0.89 and 0.92, respectively. The concatenation-based configuration achieved an
average F1-score of 0.64 across all 54 HOI classes. However, the results indicate that performance varies across
teature-fusion strategies, with minimum fusion yielding the highest overall average F1-score of 0.65. Several
interaction classes involving drawer-related activities exhibited comparatively low Fl-scores, suggesting that
interactions with similar hand-motion patterns are more difficult to distinguish in the single-stage setting.
These results indicate that the discriminative difficulty of HOI classes depends on both the object-interaction
combination and the selected feature representation, and no single fusion strategy is consistently superior
across all classes.
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Table 4: Experimental results for single stage HOI recognition (where ‘C’ represents object category and ‘T’ represents
corresponding task).

HOI Hand Hand Fusion Fusion Fusion Fusion  Fusion
Joints F1 Vertex F1 ConcatF1 SumFl1  Mean F1 MaxF1 MinF1
C:Stapler T:Bindthepaper 0.5 0.61 0.65 0.60 0.78 0.75 0.76
C:Trash Can T:Throwsomethinginit 0.58 0.61 0.68 0.59 0.49 0.51 0.54
C:Lamp T:Turnonandturnoff 0.75 0.72 0.81 0.77 0.85 0.70 0.76
C:Scissors T:Pickandplace 0.53 0.72 0.87 0.73 0.77 0.80 0.67
C:Pliers T:Clampsomething 0.73 0.74 0.61 0.69 0.69 0.73 0.66
C:Mug T:Pickandplace(withwater) 0.62 0.58 0.50 0.48 0.33 0.39 0.44
C:Safe T:Takesomethingoutofit 0.51 0.5 0.59 0.55 0.56 0.28 0.35
C:Kettle T:Pourwaterintoamug 0.81 0.78 0.80 0.86 0.84 0.87 0.83
C:Toy Car T:Pushtoycar 0.46 0.48 0.39 0.36 0.58 0.66 0.61
C:Storage Furniture
T-Putthedrinkinthedoor 0.68 0.59 0.54 0.66 0.59 0.68 0.53
C:Bowl T:Puttheballinthebowl 0.87 0.84 0.71 0.71 0.89 1.00 1.00
C:Knife T:Cutapple 0.67 0.71 0.69 0.65 0.82 0.76 0.69
C:Laptop T:Openandclosethedisplay 0.73 0.73 0.71 0.73 0.85 0.88 0.86
C:Bucket T:Pickandplace 0.6 0.58 0.61 0.68 0.72 0.64 0.71
. CiChair 0.47 0.49 0.48 0.43 0.41 045 058
T:Pickandplacetotheoriginalposition
C:Bottle T:Pickandplace 0.68 0.68 0.65 0.76 0.55 0.52 0.53
C:Mug T:Pourwaterintoanothermug 0.59 0.58 0.62 0.56 0.80 0.75 0.79
C:Storage Furniture
T:Openandclosethedoor 0.52 0.45 0.47 0.46 0.35 0.33 0.37
C:Pliers T:Putitinthedrawer 0.41 0.39 0.22 0.13 0.41 0.35 0.48
C:Scissors T:Cutsomething 0.41 0.83 0.89 0.76 0.86 0.88 0.79
C:Lamp T:Pickandplace 0.67 0.66 0.78 0.79 0.71 0.59 0.74
C:Knife T:Takeitoutofthedrawer 0.61 0.55 0.64 0.69 0.50 0.64 0.77
C:Bowl T:Pickandplace 0.64 0.67 0.76 0.74 0.70 0.70 0.72
C:Toy Car T:Pickandplace 0.58 0.55 0.64 0.55 0.61 0.53 0.55
C:Safe T:Openandclosethedoor 0.5 0.51 0.67 0.65 0.56 0.56 0.41
C:Mug T:Putitinthedrawer 0.38 0.44 0.20 0.35 0.29 0.34 0.33
C:Chair T:Pickandplacetoanewposition 0.48 0.49 0.37 0.28 0.36 0.39 0.45
C:Storage Furniture
T-Putthedrinkinthedrawer 0.67 0.65 0.58 0.76 0.61 0.63 0.75
C:Kettle T:Pickandplace 0.81 0.81 0.85 0.81 0.87 0.86 0.79
C:Bottle T:Takeitoutofthedrawer 0.54 0.59 0.75 0.83 0.71 0.79 0.76
C:Pliers T:Pickandplace 0.52 0.51 0.64 0.62 0.58 0.63 0.55
C:Mug T:Takeitoutofthedrawer 0.59 0.65 0.49 0.51 0.68 0.63 0.66
C:Lamp T:Turnandfold 0.8 0.8 0.92 0.82 0.95 0.80 0.90
C:Bowl T:Takeitoutofthedrawer 0.75 0.73 0.77 0.80 0.79 0.78 0.83
C:Toy Car T:Takeitoutofthedrawer 0.48 0.43 0.48 0.59 0.49 0.46 0.62
C:Knife T:Pickandplace 0.74 0.74 0.79 0.80 0.75 0.79 0.69
C:Safe T:Putsomethinginit 0.54 0.55 0.57 0.55 0.59 0.58 0.55
C:Trash Can T:Openandclose 0.66 0.69 0.80 0.68 0.67 0.54 0.64
C:Mug T:Fillwithwaterbyakettle 0.64 0.59 0.50 0.44 0.73 0.82 0.75
C:Bottle T:Repositionthebottle 0.7 0.66 0.78 0.72 0.66 0.60 0.68
C:Storage Furniture
T:Openandclosethedrawer 0.79 0.72 0.75 0.92 0.92 0.81 0.79
C:Pliers T:Takeitoutofthedrawer 0.53 0.55 0.67 0.70 0.58 0.59 0.54
C:Bowl T:Taketheballoutofthebowl 0.72 0.8 0.77 0.79 0.85 0.86 0.95
C:Toy Car T:Putitinthedrawer 0.36 0.36 0.30 0.28 0.19 0.36 0.32
C:Laptop T:Pickandplace 0.81 0.78 0.84 0.84 0.83 0.89 0.87
C:Knife T:Putitinthedrawer 0.46 0.49 0.41 0.43 0.56 0.65 0.48

(Continued)
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Table 4 (continued)
HOI Hand Hand Fusion Fusion Fusion Fusion  Fusion
Joints F1 Vertex F1 ConcatF1 SumFl1 MeanFl MaxFl MinF1
C:Bucket
T:Pourwaterintoanotherbucket 0.66 0.66 0.69 0.66 0.67 0.73 0.72
C:Bottle T:Pourallthewaterintoamug 0.32 0.4 0.45 0.36 0.49 0.33 0.42
C:Bowl T:Takeitoutofthedrawer 0.66 0.68 0.59 0.58 0.50 0.51 0.67
C:Bottle T:Putitinthedrawer 0.43 0.44 0.41 0.58 0.46 0.37 0.36
Average 0.60 0.61 0.64 0.62 0.64 0.63 0.65

5 Time and Performance Analysis: Single Stage HOI Recognition vs. Two Stage HOI Recognition

We have compared performance in terms of accuracy, F1 score and computational time per sam-
ple. Fig. 10 presents this comparison of the computational time with performance measures. In the two-stage
approach, object classification is performed first and is followed by object-specific interaction recognition in
the second stage. Due to these two stages, the inference time is 1.29 ms per sample for hand joint, whereas,
1.08 ms for hand vertex and 1.30 ms for fused feature vector of both hand joints and vertices. This approach
achieved an average Fl-scores of 73% for hand joint data, 73% for hand vertex data, and 81% for fused
feature vector. On the other hand, the single-stage approach recognizes the interaction directly without object
detection and it has a less inference time of 0.51 ms for hand joint data, 0.52 ms for hand vertex data, and
0.57 ms for fused feature set. However, it has been observed that although the inference time is reduced but
the accuracy and F1 scores are also reduced. With single stage, proposed method achieved Fl-scores of 60%,
61%, and 64% for hand joint, hand vertex, and fused feature vector respectively. The single-stage method
demonstrates reduced performance due to its simultaneous classification of all 54 classes, whereas the two-
stage method benefits from fewer classes per classification step, facilitating improved differentiation between
object categories and their corresponding HOls.
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Figure 10: Time and performance analysis: two stage HOI recognition vs. single stage HOI recognition.
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Generally, training and classifying interactions within specific object categories proves more manage-
able compared to global recognition approaches. Joint interaction labels may exhibit significant inter-class
similarities across different categories, leading to misclassification and subsequently reducing methodolog-
ical performance. The experimental evaluations show that the two stage process is much better than the
single stage process in situations where the output label is very accurate. On the other hand, the single-
stage technique is very effective in applications that require fast decision making and suitable for real-time
applications where computational speed is important.

The proposed HOI recognition method is based on compact statistical descriptors rather than deep
visual feature extraction. As a result, the feature extraction and inference pipeline is lightweight under
the reported experimental setting. However, this study does not provide a direct runtime, memory, or
energy comparison with representative transformer-based, graph-based, or multimodal deep HOI models.
Therefore, computational advantages should be interpreted within the scope of the reported implementation
and hardware configuration rather than as a universal claim over all deep-learning methods.

6 Computational Complexity Analysis

Let T denote the number of frames in a video segment, ] the number of hand joints, V' the number of
hand vertices, C the number of descriptor channels, and S the number of temporal statistical features. The
7D transformation is linear in the number of points and frames, requiring O(T (] + V')C) operations. The
temporal aggregation step computes statistical descriptors over the channel-wise temporal signals and scales
approximately as O( T'CS) after pooling over joints and vertices. XGBoost inference depends on the number
of trees N and tree depth D, giving an approximate prediction complexity of O(ND) per sample. This anal-
ysis indicates that the proposed pipeline scales linearly with the number of frames and hand points during
feature construction, while classifier inference remains efficient for compact segment-level descriptors.

7 Limitations

Although Fuse3D demonstrates the usefulness of geometry-enriched hand kinematics for HOI
recognition, several limitations should be noted. First, the method depends on MANO-based 3D hand
reconstruction from RGB observations; therefore, reconstruction errors, occlusion, and inaccurate hand-
pose estimation may propagate into the extracted descriptors and affect classification performance. A
dedicated noise-perturbation or MANO reconstruction-error sensitivity analysis was not included in the
present study and will be considered in future work.

Second, channel-wise mean pooling introduces an explicit information-compactness trade-off. Pooling
across the 21 joints or 778 MANO vertices yields stable fixed-length temporal signals and substantially
reduces dimensionality, but it removes point identity, local anatomical relationships, mesh connectivity,
and finger-level surface structure. Fuse3D should therefore not be interpreted as a topology-aware or
dense-morphology method. Its vertex stream contains global coordinate and motion statistics derived from
dense surface sampling. Interactions that depend on fine local articulation, similar global hand trajectories,
or object appearance may remain difficult to distinguish. Topology-aware mesh models, anatomically
partitioned pooling, and finger-specific descriptors are important future extensions.

Third, the proposed representation intentionally focuses on hand kinematics and does not directly use
object appearance, texture, color, or scene context. This design improves compactness and interpretability,
but it can limit discrimination between object categories that involve similar grasping and motion patterns.
This limitation is visible in relatively challenging categories and drawer-related interactions, where hand
motion alone may not provide sufficient object-specific evidence.
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Fourth, the experiments were performed on the HOI4D data set using the 5-fold evaluation protocol
reported. In the present study cross-dataset validation and fully subject-independence evaluation were not
conducted. These assessments are significant for generalization to unseen subject, environment and data sets
and will be discussed later in this work.

Fifth, despite the reported low computational complexity, it is not confirmed that the proposed method
is lightweight in terms of run-time, memory usage, and energy consumption compared to recently reported
HOI recognition systems based on trans-formers, graphs, or multimodality. Hence, statements of computa-
tional efficiency should be restricted to the time needed for the model to make an inference in the proposed
method and cannot be regarded as a direct superiority statement over any other deep-learning method.

Finally, the privacy preserving nature of the method needs to be taken with a pinch of salt. Fuse3D
minimizes reliance on features of the object’s appearance in the classification process but it depends on RGB
video input for hand-pose reconstruction. Thus, the method can alleviate some of the appearances-related
dependency but cannot ensure privacy without any visual sensing nor ensure the absence of visual sensing.

8 Conclusion and Future Directions

This study proposed Fuse3D, a geometry-enriched hand-kinematic framework for human-object
interaction recognition using 3D hand joints and MANO surface vertices extracted from egocentric video
streams. The seven-channel descriptor is a deterministic coordinate-derived nonlinear expansion, not a
rotation-invariant representation. Mean pooling across joints or vertices generates global temporal signals,
after which statistical descriptors and lightweight XGBoost classifiers are applied. The pooled vertex descrip-
tor summarizes kinematics derived from the complete MANO surface sampling but does not preserve mesh
topology or detailed local morphology.

Experimental evaluation on HOI4D showed that fused joint and vertex descriptors improve recognition
performance compared with individual streams, and the two-stage framework achieved an average Fl-score
of 81% under the reported 5-fold evaluation protocol. The single-stage framework provided faster inference
but lower recognition performance, indicating a trade-off between computational speed and classification
accuracy. The results support the discriminative value and complementarity of compact global joint-derived
and mesh-derived kinematic signals for segment-level HOI recognition; they should not be interpreted as
evidence that local hand-surface morphology is retained.

Future work will focus on subject-independent and cross-dataset validation, direct comparison with
recent transformer-based, graph-based, and multimodal HOI methods, and sensitivity analysis of MANO
reconstruction errors through controlled perturbation experiments. Additional ablation studies will also be
conducted to isolate the contribution of the original 3D coordinates, the appended geometric descriptors,
temporal feature groups, and different fusion strategies. Future work will additionally investigate anatom-
ically partitioned pooling, finger-specific trajectories, and topology-aware mesh models to retain local
articulation when required. Further research will also explore integrating object appearance, object pose,
and sensor-based tracking to improve recognition of interactions that cannot be reliably distinguished from
hand motion alone.
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