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ABSTRACT

Wrist-worn hand-object interaction (HOI) recognition is a critical capability for wearable rehabilitation
systems, assistive technologies,augmented reality and human-computer interaction applications. Compared
with fixed external cameras, wrist-worn wearable devices provide user-centered observations that are more
suitable for continuous real-world interaction monitoring. However, many existing wrist-worn HOI
recognition systems still face important challenges, including incomplete interaction representation caused
by single-view observations, viewpoint ambiguity, self-occlusion and the high computational complexity
of recent deep learning approaches. To address these limitations, this paper proposes a lightweight dual-
view framework for hand-object interaction recognition using synchronized palm-view and back-view
RGB images acquired from a wrist-worn dual-camera device. The proposed framework employs a shared
MobileNetV2 backbone combined with multi-level feature extraction to jointly capture fine-grained spatial
details and high-level semantic representations. To effectively integrate complementary information from
different network depths, a view-specific adaptive fusion mechanism is introduced to dynamically balance
intermediate and deep feature representations for each visual stream. The fused dual-view representation is
subsequently used for interaction classification. Experimental evaluation under the Leave- One-Participant-
Out (LOPO) cross-subject protocol demonstrates that the proposed framework achieves a mean accuracy
of 82.36% and a mean F1-score of 81.65% while maintaining low computational complexity suitable for
real-time wearable applications. Ablation studies further confirm the effectiveness of the proposed multi-
level feature extraction and adaptive fusion strategy. The proposed approach provides an effective balance
between recognition performance and computational efficiency for lightweight wearable HOI recognition
systems.

Keywords: Hand-object interaction recognition; Dual-view learning; Adaptive feature fusion; Lightweight
deep learning; Wrist-worn systems

INTRODUCTION

Wrist-worn hand-object interaction (HOI) recognition has emerged as an important capability for
wearable rehabilitation systems, assistive technologies, augmented reality (AR/VR), and human-robot
collaboration [1-3]. Accurate recognition of object manipulation enables intelligent systems to better
understand user intention and provide adaptive responses during real-world interaction scenarios.
Recent advances in deep learning have significantly improved visual recognition performance by
enabling automatic extraction of hierarchical feature representations directly from image data, overcoming many
limitations associated with traditional handcrafted feature approaches [4-8].

Among existing acquisition settings, wrist-worn wearable systems have attracted increasing attention due
to their portability, non-intrusive design and suitability for continuous real-world interaction monitoring.
Compared with fixed external cameras, wrist-worn devices provide observations that remain closely
aligned with the user’s hand movements during object manipulation while reducing dependency on
environmental setup and camera placement. Their compact and wearable nature makes them particularly
suitable for assistive technologies, rehabilitation systems and real- time human-computer interaction
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applications.

Existing hand-object interaction recognition methods have explored various sensing configurations,
including external cameras, egocentric wearable cameras, RGB-D systems and multi-modal sensing
approaches [9-13]. Despite recent progress, robust HOI recognition remains challenging in wrist-worn
settings due to several factors. First, many approaches rely on single-view observations, which may fail to
capture complete interaction information, including fine-grained finger articulation, object contact regions
and global hand posture. Second, viewpoint variation, illumination changes and inter-subject differences in
hand shape and manipulation style further degrade recognition performance [2, 14]. Finally, many recent
methods depend on computationally expensive architectures or temporal modeling strategies, limiting their
suitability for lightweight real-time wearable applications.

To address these limitations, this paper proposes a lightweight dual-view framework for hand-object
interaction recognition using synchronized palm-view and back-view observations acquired from a wrist-
worn dual-camera device. The proposed acquisition setup provides complementary visual information from
two synchronized viewpoints, where the palm-view stream captures detailed finger articulation and object
contact regions, while the back-view stream provides global hand posture and movement configuration. By
combining both visual streams, the proposed framework improves robustness against self-occlusion and
viewpoint ambiguity during fine- grained interaction analysis.

Based on this acquisition setting, a lightweight multi-level deep learning framework is developed using a shared
MobileNetV2 backbone combined with adaptive feature fusion. Intermediate and high-level feature
representations are extracted from different network depths to capture complementary spatial and semantic
information. An adaptive gating mechanism is then employed to dynamically balance the contribution of multi-
level features for each visual stream before dual-view fusion and interaction classification. The proposed
framework is designed to maintain low computational complexity while achieving strong recognition
performance suitable for wearable real-time applications.

The proposed framework is evaluated using a subject-independent Leave-One-Participant-Out (LOPO)
protocol on a dual-view hand-object interaction dataset collected using the proposed wrist-worn acquisition
system. Experimental results demonstrate that the proposed framework achieves strong recognition
performance while maintaining low computational cost under cross-subject evaluation conditions.

The main contributions of this paper are summarized as follows:

1.A lightweight dual-view framework is proposed for hand-object interaction recognition using synchronized
palm-view and back-view observations acquired from a wrist-worn dual-camera device.

2.A multi-level feature extraction strategy is developed to integrate intermediate and deep representations for fine-
grained interaction analysis.

3.An adaptive view-specific fusion mechanism is proposed to dynamically combine complementary multi-level
representations from the two visual streams.

4.Extensive experiments under the LOPO cross-subject evaluation protocol demonstrate the effectiveness,
robustness and computational efficiency of the proposed frame-work for wearable real-time HOI
recognition.

RELATED WORK
Hand-Object Interaction Recognition

Hand-object interaction (HOI) recognition has attracted significant attention in computer vision due to its
applications in human-computer interaction, rehabilitation systems, robotics and wearable intelligent
devices [1-3]. Compared with isolated hand gesture recognition, HOI recognition is more challenging
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because interaction understanding depends on both hand configuration and object-related contextual
information. In practical scenarios, severe occlusions, viewpoint variations, illumination changes and inter-
subject differences further complicate robust recognition [2, 14].

Early HOI recognition methods mainly relied on handcrafted features and conventional machine learning
techniques. Traditional approaches focused on hand segmentation object tracking, and geometric modeling
using RGB or RGB-D inputs [15-18]. Other works incorporated contextual information such as grasp type
and object attributes to better characterize manipulation actions [11, 19]. Although these methods
established important foundations for interaction analysis, their dependence on handcrafted representations
and multi-stage processing pipelines limited their generalization capability in unconstrained environments.

Recent advances in deep learning have signifi-cantly improved HOI recognition by enabling end-to-end
learning of discriminative visual representations [4—6]. CNN-based approaches have been widely adopted
for egocentric interaction under-standing, object localization and hand-object relationship modeling
[3,20,21]. In addition, several studies proposed multitask frameworks integrating hand pose estimation,
object detection and interaction recognition within unified architectures [12, 22, 23]. Temporal modeling
techniques based on recurrent networks, 3D convolutional networks and ConvLSTM architectures further
improved dynamic interaction analysis [9, 24—29]. Multi-modal approaches combining RGB, depth and
skeleton information have also been explored to improve robustness under challenging conditions [10, 30,
31].

Despite these advances, many existing HOI recognition methods rely on large annotated datasets, temporal video
modeling or computationally expensive architectures, which may limit their applicability in lightweight wearable
systems and real-time environments [3, 12, 23]. Furthermore, single-view observations often provide incomplete
interaction representations under occlusion and viewpoint variation, motivating the exploration of multi-view
learning strategies.

Multi-View Learning and Feature Fusion

Multi-view learning has been widely investigated to improve recognition robustness under viewpoint
variation and partial occlusion [10]. By combining complementary observations from multiple view-
points, multi-view systems can capture more complete spatial information and reduce ambiguity during
visual recognition tasks. Previous studies demonstrated that multi-view observations improve gesture and
action recognition performance by exploiting complementary visual cues across different perspectives [33—
35].

To integrate information from multiple view-points, several fusion strategies have been proposed. Early fusion
combines visual information before feature extraction, enabling the network to directly learn correlations
between views [36, 37]. Feature-level fusion merges intermediate representations extracted independently from
each view- point while preserving discriminative characteristics from individual views [38, 39]. Late fusion
combines predictions generated from separate visual streams [36, 40]. More recent approaches employ attention-
based or adaptive fusion mechanisms to dynamically emphasize the most informative representations according
to the input characteristics [41-43]. These methods demonstrated improved robustness in recognition tasks
affected by viewpoint ambiguity and occlusion.

However, many existing multi-view approaches rely on computationally intensive architectures or dense
temporal processing. In addition, several methods primarily focus on global representations without
explicitly exploiting complementary information from different feature levels.

Page 2480
www.rsisinternational.org



http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,
MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue V, May 2026

“““““““““““““““““““““““““““““““““““ \ i |160° Wide-Angle FOV

Back Camera 4)@ /

2cm$

[ : Back View

é Palm View

Palm Camera —

(a) Wearable Device (b) Captured Views

Figure 1: (a) Custom-designed wearable dual-camera device showing the positioning of the back and palm
cameras at approximately 2 cm from the wrist. (b) Examples of captured images from the two viewpoints,
illustrating the back view and palm view with a 160° wide-angle field of view.

Multi-Level Feature Learning

Multi-level feature learning has become an important component of modern deep visual recognition
systems. CNNSs naturally learn hierarchical representations, where shallow and intermediate layers capture
local spatial patterns, while deeper layers encode high-level semantic information. Residual learning and
feature pyramid strategies demonstrated that combining features from multiple network depths improves
robustness in complex visual recognition tasks [44, 45].

For HOI recognition, multi-level feature integration is particularly important because subtle variations in
finger articulation, grasp configuration and object contact regions often determine the interaction category.
However, many existing approaches mainly rely on deep semantic representations while ignoring
intermediate spatial features that may contain important fine-grained interaction cues. Moreover, several
methods continue to depend on single-view observations or computationally expensive temporal
architectures, limiting their suitability for lightweight wearable applications and real-time deployment.

Another important challenge concerns subject-independent generalization. Variations in hand shape,
manipulation style and interaction execution across users can significantly affect visual appearance and
reduce recognition robustness. Consequently, there remains a need for efficient HOI recognition
frameworks capable of integrating complementary multi-view information while maintaining low
computational complexity and strong cross-subject generalization capability.

To address these limitations, this work proposes a lightweight dual-view multi-level feature fusion
framework for hand-object interaction recognition using synchronized palm-view and back-view ob-
servations. The proposed framework combines multi-level feature extraction with adaptive view- specific
fusion to effectively exploit complementary visual information while maintaining computational efficiency
suitable for wearable real-time applications.
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Figure 2: Overview of the proposed dual-view multi-level feature fusion framework for hand object
interaction recognition. The framework integrates dual-view inputs, multi-level feature extraction, adaptive
gating fusion and final classification

METHODOLOGY

Data Acquisition

The proposed framework employs a lightweight wrist-worn dual-camera device designed to capture
complementary visual information during hand-object interactions. As illustrated in Figure 1, two
synchronized wide-angle RGB cameras with an approximate 160° field of view are mounted on a wearable
wrist support to simultaneously acquire palm-view and back-view observations of the same interaction
instance. The back-view camera captures global hand posture and interaction context, whereas the palm-
view camera provides detailed information related to finger articulation, contact regions and manipulated
objects. The cameras are positioned approximately 2 cm from the wrist surface to maximize viewpoint
complementarity while maintaining a compact wearable configuration.

Let I° and I° denote the palm-view and back- view RGB inputs, respectively. Each synchro- nized
Image pair represents the same interaction captured from complementary viewpoints. This dual-view
representation enables the framework to exploit both fine-grained local interaction cues and global
contextual information while reducing ambiguities caused by self-occlusion and view- point variation. For
compatibility with the MobileNetVV2 backbone, all input images are resized to 224x224 pixels. During
training, data augmentation techniques including random resized cropping, color jittering, affine
transformations, Gaus- sian blurring and random grayscale conversion are applied to improve robustness
and reduce overfitting. Since the two images form a synchronized pair, identical augmentation parameters
are applied to both views to preserve spatial correspondence. The processed images are finally normal- ized
using ImageNet mean and standard deviation values before being passed to the network.

Network Overview

The proposed framework performs hand-object interaction (HOI) recognition using synchronized palm-
view and back-view observations. As illustrated in Figure 2, the framework consists of dual visual
streams, multi-level feature extraction, adaptive feature fusion and a lightweight classification module.
Let IP e R¥>*MWand IPe R¥>MW denote the palm-view and back-view RGB inputs, respectively. Both
visual streams are processed using a shared MobileNetVV2 backbone ®(-) to extract hierarchical feature
representations FP and FP. To preserve both local spatial details and high-level semantic information, multi-
level features are extracted from intermediate and deep network layers. An adaptive gating module then
generates compact view-specific representations vP3™M and v for the palm-view and back-view streams,
respectively. The resulting representations are subsequently fused to generate the final interaction
representation v, which is passed to the classification module for HOI prediction. The proposed framework
effectively exploits complementary multi-view information while maintaining computational efficiency
adapted to wearable real-time applications.
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Figure 3: Multi-level feature extraction and token generation from the MobileNetVV2 backbone
Multi-Level Feature Extraction

To obtain discriminative yet efficient visual representations, the proposed framework employs Mo-
bileNetV2 as a shared lightweight backbone for both palm-view and back-view streams. MobileNetV2 is
selected due to its favorable trade-off between recognition performance and computational efficiency, making
it compatible with wearable real-time applications.

Given the synchronized inputs I° and I°, the shared backbone ®(-) extracts hierarchical feature
representations for each visual stream:

FP = d(lp), FP = d(lb)
(1)

Instead of relying only on the final deep representation, the proposed framework extracts features from
multiple network depths to preserve both local spatial details and high-level semantic information. As
illustrated in Figure 3, intermediate feature maps capture fine-grained interaction patterns related to
finger articulation, object boundaries and contact regions, whereas deeper feature maps encode higher-
level interaction semantics. For each visual stream, the backbone produces an intermediate feature
map Fm and a deep feature map Fq. Global average pooling is then applied to obtain compact feature
vectors:

Zm = GAP(Fn), zda = GAP(Fq)
(2)

Since the extracted representations have different dimensions, lightweight linear projection layers are used
to map them into a unified embedding space:

Vmid = WmZm + bm, Vdeep = Wazd + bd (3)

where Wmn and Wq denote learnable projection matrices and bm and bg are bias terms. The projected
representations Vmia and Vgeep are subsequently used as inputs to the adaptive fusion module.

Adaptive Feature Fusion

The discriminative importance of intermediate and deep feature representations may vary depending on the
interaction type, viewpoint conditions and object appearance. To dynamically balance the contribution of
different representation levels, the proposed framework employs an adaptive gating module for each visual
stream, as illustrated in Figure 4. Given the projected intermediate and deep representations Vmid and Vdeep,
adaptive gating weights are computed as:
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@ = MLP([Vmid; Vdeep]) 4)

where [;] denotes feature concatenation and « = [wmid; wdeep] represents the learned fusion weights
associated with the intermediate and deep representations, respectively. To obtain normalized adaptive
weights, a softmax operation is applied:

[OCmid, OCdeep] = Softmax(w) (5

The final view-specific representation v'®" is then computed as a weighted combination of the two feature levels:

VIEW = amid © vmid + adeep O Vdeep (6)
MLP Gate
Wons Linear
Vnnig € R DIL] L
Wimid + Vdeep] W= [w id>» Wd ] View
’ MLP Gate = e Softmax Token ‘L
o Gelu
€
Vdeep .:DF Wgeep vview - Rd J(
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Figure 4: View-specific adaptive gating mechanism for combining mid-level and deep-level feature
representations

where (O denotes element-wise multiplication. This adaptive formulation enables the framework to
dynamically emphasize either fine-grained spatial information or high-level semantic representations
according to the characteristics of the interaction. After adaptive fusion, the palm-view and back-view
representations are concatenated to generate the final interaction representation:

VvV = [Vpalm; Vback] (7)

By adaptively balancing multi-level representations for each visual stream, the proposed fusion strategy
effectively exploits complementary information from both viewpoints while maintaining low
computational complexity appropriate for lightweight wearable applications.

Classification

The fused representation v is passed to a lightweight classification module composed of two fully connected
layers with GELU activation and dropout regularization. The classifier transforms the fused representation
into the final hand-object interaction prediction scores. The network is trained end-to-end using the cross-
entropy loss function. The resulting output scores correspond to the predicted hand-object interaction
categories.

EXPERIMENTS AND RESULTS
Experimental Setup
Dataset Description

The experiments are conducted on a dual-view hand-object interaction dataset collected using the proposed
wrist-worn acquisition system. Each interaction instance consists of synchronized palm-view and back-
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view RGB image pairs captured simultaneously from complementary viewpoints. Example interaction
samples from the proposed dataset are illustrated in Figure 5. The dataset contains 13 hand-object
interaction categories involving four commonly manipulated objects: pen, mouse, book and phone. The
interaction types include grasp, hold, pinch and support actions. Data were collected from 10 participants
under varying hand configurations and interaction styles to ensure cross-subject diversity. Overall, the
dataset contains 26,894 synchronized interaction samples with a near-uniform class distribution, as
summarized in Table 1. The diversity of subjects, viewpoints and interaction patterns provides a challenging
evaluation scenario for cross-subject hand-object interaction recognition under varying occlusion and
viewpoint conditions.

Table 1: Class-wise distribution of interaction samples in the proposed dual-view hand object interaction
dataset

Class ID Interaction #Samples
C0o1 Grasp Pen 2092
C02 Hold Book 2052
Co3 Hold Mouse 2059
Cco4 Hold Pen 2059
C05 Hold Phone 2051
CO06 Pinch Book 2071
Co7 Pinch Mouse 2095
Co08 Pinch Pen 2077
C09 Pinch Phone 2060
C10 Support Book 2052
Cl1 Support Mouse 2059
C12 Support Pen 2110
C13 Support Phone 2057

Total — 26,894

Evaluation Protocol

To evaluate the cross-subject generalization capability of the proposed framework, a Leave-One-
Participant-Out (LOPQO) cross-validation protocol is adopted. The dataset contains interaction samples
collected from 10 participants. In each evaluation fold, the samples from one participant are used for testing,
while the remaining participants are used for training. This process is repeated across all participants and
the final performance is reported as the average across the 10 folds. The LOPO protocol ensures strict
subject-independent evaluation by testing the model on unseen users, providing a reliable assessment of the
framework under varying hand shapes, interaction styles and manipulation patterns.
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Figure 5: Each interaction instance is represented by synchronized palm and back views, highlighting
complementary visual information for different grasp types and manipulated objects

Implementation Details

The proposed framework is implemented using the PyTorch deep learning library and trained using GPU
acceleration. The network is trained for 20 epochs with a batch size of 32 using the AdamW optimizer. The
initial learning rate is set to 3 x 10~°, with a weight decay of 5 x 107°. A cosine annealing learning rate
scheduler is employed to gradually reduce the learning rate during training. Cross-entropy loss with label
smoothing 0.1 is adopted to improve generalization.

During training, synchronized data augmentation is applied to both visual streams. The images are
normalized using the ImageNet mean and standard deviation values. For evaluation, images are resized to
224x224, normalized using ImageNet statistics and tested without augmentation. Experiments are
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conducted under the Leave-One-Participant-Out (LOPO) cross-validation protocol, where each participant
is used once as the test subject while the remaining participants are used for training.

Table 2: Cross-subject performance of the proposed method under the Leave-One-Participant-Out (LOPO)
protocol

Fold Acc (20) F1 (%0) Precision (%0) Recall (20)
1 89.95 90.57 89.89 89.94
2 87.26 89.04 87.38 87.00
3 71.50 81.31 72.02 70.63
4 76.49 81.91 76.75 76.71
5 91.28 92.57 91.57 91.06
6 86.73 89.21 86.73 86.32
7 63.09 77.65 63.65 59.42
8 86.99 88.63 86.71 86.20
9 84.63 88.86 84.85 83.61
10 85.68 88.58 85.77 85.58
Meanzstd 82.36 £ 8.61 86.83 £ 4.55 82.53 £ 8.43 81.65 +9.42

Evaluation Metrics

The performance of the proposed framework is evaluated using accuracy, macro-averaged precision, recall
and F1-score. Accuracy measures the overall proportion of correctly classified interaction samples, while
precision, recall and F1-score provide a more comprehensive evaluation of the recognition performance
across all interaction categories. The macro-average strategy computes each metric independently for every
class and then averages the results, ensuring equal contribution from all categories regardless of sample
frequency. This evaluation protocol provides a balanced assessment of the framework under the cross-
subject LOPO setting. In addition, confusion matrix analysis is performed to investigate class-wise
recognition behavior and identify common misclassification patterns between visually similar hand-object
interaction categories.

Quantitative Results
LOPO Cross-Subject Performance

To evaluate the cross-subject generalization capability of the proposed framework, experiments are
conducted using the Leave-One-Participant-Out (LOPO) evaluation protocol described in the previous
section. The model is trained using data from nine participants and evaluated on the remaining unseen
participant across all 10 folds.

The quantitative results are summarized in Table 2. The proposed framework achieves a mean accuracy of
82.36% and a mean F1-score of 81.65%, demonstrating strong recognition performance under the subject-
independent evaluation setting. The framework also achieves high precision and recall values, indicating
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stable classification performance across different interaction categories and participants.

The results demonstrate that the proposed dual-view framework effectively captures complementary
interaction information from the palm and back views while maintaining robustness to variations in hand
appearance, manipulation style and viewpoint conditions. Despite the challenging cross-subject evaluation
setting, the framework maintains consistent recognition performance across most participants, highlighting
the effectiveness of the proposed multi-level feature extraction and adaptive fusion strategy.

Comparison with Baseline Methods

To evaluate the effectiveness of the proposed framework, comparisons are conducted with several widely
used lightweight convolutional neural network architectures, including MobileNetV2, MobileNetV3,
ShuffleNetV2, Ghost-Net, EfficientNet-BO, MobileViT, SqueezeNet and MnasNet. All models are
evaluated under the same LOPO cross-subject protocol using identical training settings and preprocessing
strategies to ensure a fair comparison.

Table 3: Performance comparison between the proposed method and baseline convolutional neural
network architectures in terms of mean accuracy (mAcc), mean F1-score (mF1), mean precision, mean
recall and test loss under the LOPO cross-subject evaluation protocol

Method mAcc (20) | mF1 (26) | mPrec (20) | mRec (%20) Loss

MobileNetV2 80.60 +£10.60 | 79.58+11.80 | 85.62*6.16 80.82 £ 10.43 1.03+£0.27
MobileNetV3-Small | 68.74 £12.27 | 66.73+13.46 | 74.71+9.06 68.99 + 12.26 1.33+£0.28
MobileNetV3-Large | 76.33+11.75 | 75.06 +12.69 | 82.63+8.14 76.57 +11.54 1.17+0.32
ShuffleNetV2 75.04+£12.63 | 73.57+14.11 | 79.58+11.30 | 75.24+12.43 1.16 £0.32
GhostNet 73.88+16.95 | 71.99+18.83 | 78.72+13.32 | 74.21+16.81 1.22+0.44
EfficientNet-BO 77.75+13.18 | 76.18 +14.72 83.08 £9.35 77.97 +13.05 1.11+0.35
MobileViT 77.07+£1229 | 75.73+14.12 | 8281+6.61 77.40 +£12.12 1.14+0.34
SqueezeNet 75.35+14.72 | 73.86+16.24 | 78.93+12.50 | 75.67 +14.57 1.20+£0.37
MnasNet 77.69+10.77 | 76.83+11.80 | 83.33x7.31 77.94 +10.74 1.17+£0.26
Proposed Method | 82.36 £ 8.61 | 81.65+9.42 | 86.83 +£4.55 | 82.53 +£8.43 1.01 +0.27

Since the proposed framework operates on synchronized dual-view inputs, all baseline architectures are
adapted to the same two-view setting. Feature representations extracted from the palm-view and back-view
streams are combined using feature concatenation before classification.

The quantitative comparison results are summarized in Table 3. The proposed framework achieves the best
overall performance among the evaluated lightweight architectures, obtaining a mean accuracy of 82.36%,
a mean Fl-score of 81.65% and a mean precision of 86.83%. In comparison, MobileNetVV2 achieves
80.60% accuracy, while EfficientNet-BO and MobileViT achieve 77.75% and 77.07%, respectively. The
proposed framework also achieves the lowest test loss among most evaluated methods.

These results demonstrate that the proposed multi-level feature extraction and adaptive fusion strategy
effectively improve recognition performance under the cross-subject evaluation setting. Despite its
lightweight design, the proposed framework achieves superior recognition performance.

Page 2488
www.rsisinternational.org



http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,
MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue V, May 2026
Computational Complexity Analysis

To evaluate the efficiency of the proposed framework, a computational complexity comparison is
conducted using the number of parameters, FLOPs and inference latency. The results are summarized in
Table 4. The proposed framework requires only 2.53M parameters and 0.65 GFLOPs, remaining
comparable to lightweight architectures such as MobileNetVV2 and Mnas-Net while being substantially less
complex than EfficientNet-BO and MobileViT. The framework achieves an average inference latency of
16.94 ms, supporting real-time execution for wearable hand-object interaction recognition. Although
SqueezeNet achieves lower latency due to its compact architecture, its recognition performance is
significantly lower. In contrast, models such as GhostNet and EfficientNet-B0 exhibit higher computational
cost and inference latency without providing superior recognition performance. These results indicate that
the proposed framework provides an effective trade-off between recognition accuracy and computational
efficiency for lightweight dual-view HOI recognition.

Table 4: Computational complexity and efficiency comparison of the evaluated models in terms of
parameters, FLOPs and inference latency

Method Params FLOPs Latency

MobileNetV2 2.88 0.65 16.19 + 2.00
MobileNetV3-Small 1.23 0.12 15.21 + 0.90
MobileNetV3-Large 3.47 0.47 19.24 + 3.20
ShuffleNetV2 1.78 0.30 2391 +1.74
GhostNet 4.56 0.31 32.51+1.89
EfficientNet-BO 4.67 0.77 32.06 + 2.09
MobileViT 5.27 2.84 29.55+3.73
SqueezeNet 0.99 0.53 6.16 £ 0.40

MnasNet 3.76 0.67 15.45 + 0.65
Proposed Method 2.53 0.65 16.94 + 1.30

Ablation Study

To evaluate the contribution of the different components of the proposed framework, an ablation study is
conducted under the LOPO cross-subject evaluation protocol. The study investigates the impact of multi-
level feature extraction and different feature fusion strategies while maintaining the same backbone
architecture and training configuration across all variants.

The quantitative results are summarized in Table 5. Using only deep features achieves a mean accuracy of
79.64% and an F1-score of 78.87%, indicating that high-level semantic representations alone are insufficient to
fully capture fine-grained interaction patterns. Incorporating both intermediate and deep features improves
recognition performance, with concatenation and summation strategies achieving 80.36% and 81.63% accuracy,
respectively.
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Table 5: Ablation study evaluating the impact of multi-level feature extraction and fusion strategies on
cross-subject recognition performance under the LOPO protocol

Variant mAccuracy (%) [mF1-score (%) Params (M)| Latency (ms)
Deep only 79.64 78.87 2.46 16.95 +1.99

Mid+Deep+Concat 80.36 79.92 2.50 1758 +2.44

Mid+Deep+Sum 81.63 80.89 2.47 17.31 +2.59

Mid+Deep+Shared Gate 79.82 78.93 2.50 16.30 +£ 1.46

Mid+Deep+Separate 82.36 81.65 2.53 16.94 + 1.30
Gate(Proposed)

The shared adaptive gating mechanism achieves 79.82% accuracy, suggesting that a single gating function
is insufficient to model the distinct characteristics of the palm-view and back-view streams. In contrast, the
proposed separate gating mechanism achieves the best overall performance with 82.36% accuracy and an
F1-score of 81.65%, while maintaining low computational complexity and real-time inference latency.

These results demonstrate that the proposed view-specific adaptive fusion strategy enables more effective
integration of complementary multi-level representations for dual-view hand-object interaction recognition.

Qualitative Analysis
Confusion Matrix Analysis

To further investigate the classification behavior of the proposed framework, the aggregated confusion
matrix obtained from the 10-fold LOPO evaluation is presented in Figure 6. Most predictions are strongly
concentrated along the main diagonal, indicating effective recognition performance across the majority of
interaction categories.

Aggregated Confusion Matrix - 10-Fold LOPO
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Figure 6: Aggregated confusion matrix obtained from the 10-fold Leave-One-Participant-Out (LOPO)
evaluation, illustrating the classification performance of the proposed method across the 13 hand object
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interaction categories, with correct predictions concentrated along the main diagonal

Several categories exhibit particularly high recognition accuracy. For example, support mouse (1924),
support phone (1968) and support book (1866) achieve a large number of correct predictions. Similarly,
strong recognition performance is observed for hold mouse (1818), hold pen (1787) and hold phone (1746).
These interactions are generally characterized by more stable hand configurations and clearer object
visibility.

Despite the overall strong performance, several informative misclassification patterns are observed. In
particular, confusion occurs among visually similar pinch-related interactions, especially between pinch
pen and pinch phone (475 samples), as well as between pinch mouse and pinch phone (370 samples).
Additional confusion is observed be- tween hold and pinch interactions involving the same object category,
such as pinch book misclassified as hold book (205 samples). These patterns reflect the fine-grained nature
of the task and the difficulty of distinguishing subtle differences in finger articulation and object appearance
under partial occlusion.

Overall, the confusion matrix demonstrates that the proposed framework effectively distinguishes most
interaction categories while maintaining ro- bustness under cross-subject and multi-view evaluation
conditions.

Feature Representation Analysis

To further analyze the learned feature representations, a t-SNE visualization is conducted using feature
embeddings extracted from the proposed model at different training stages under the LOPO evaluation
protocol. The visualization includes samples from all 13 interaction categories and is illustrated in
Figure 7.
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Figure 7: t-SNE visualization of the learned feature representations at different training stages: Epoch 1,
Epoch 10 and Epoch 20 for a representative subject under the LOPO evaluation protocol

At Epoch 1, the feature representations already exhibit an initial level of class separation, indicating that the
framework quickly captures meaningful interaction patterns from the dual-view inputs. However, several clusters
remain relatively dispersed with partial overlap between visually similar interaction categories.

As training progresses, the feature distributions become progressively more structured and compact. At Epoch
10, clearer separation between interaction categories is observed, indicating improved discriminative
representation learning. By Epoch 20, the feature embeddings form well-defined and compact clusters with
reduced inter-class overlap, demonstrating that the proposed framework learns semantically meaningful
representations for fine-grained hand-object interaction recognition.
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Scalability Across Backbone Architectures

To further investigate the scalability of the proposed framework, additional experiments are conducted by
replacing the lightweight MobileNetV2 backbone with the higher-capacity ConvNeXtV2-Tiny architecture
while preserving the proposed multi-level feature extraction and adaptive fusion strategy. In addition, the
standalone ConvNeXtV2-Tiny backbone is evaluated under the same LOPO protocol to analyze the
contribution of the proposed framework beyond the backbone architecture itself.

The results are summarized in Table 6. The standalone ConvNeXtV2-Tiny backbone achieves a mean
accuracy of 86.95% and a mean F1-score of 86.25%, demonstrating strong capability for fine-grained hand-
object interaction recognition. When integrated into the proposed framework, the performance further
improves to 87.84% mean accuracy and 86.98% mean F1-score, highlighting the effectiveness of the
proposed multi-level feature extraction and adaptive fusion strategy in exploiting complementary dual-view
information. Compared with the lightweight MobileNetVV2-based configuration, the ConvNeXtV2-Tiny-
based framework achieves higher recognition performance, but with increased computational complexity,
as the number of parameters rises from 2.53M to 28.07M. These results demonstrate that the proposed
framework is flexible and scalable across different backbone architectures, enabling adaptation to various
computational and performance requirements.

CONCLUSION

This paper presented a lightweight dual-view framework for hand-object interaction recognition using
synchronized palm-view and back-view observations acquired from a wrist-worn device. The proposed
approach combines multi-level feature extraction and adaptive feature fusion to effectively capture both
fine-grained interaction details and high-level semantic information from complementary viewpoints.

To improve representation learning, the frame- work integrates intermediate and deep features extracted
from a shared MobileNetV2 backbone and employs a view-specific adaptive gating mechanism to
dynamically balance their contributions. Experimental results under the Leave-One-Participant-Out
(LOPO) cross-subject evaluation protocol demonstrate that the proposed framework achieves strong
recognition performance while maintaining low computational complexity suitable for real-time wearable
applications.

The ablation study confirms the effectiveness of the proposed multi-level fusion strategy and the importance
of the separate adaptive gating mechanism for palm-view and back-view streams. Additional experiments
further demonstrate the scalability of the framework across different backbone architectures.

Overall, the proposed framework provides an effective and computationally efficient solution for dual-view
hand-object interaction recognition and shows strong potential for future wearable intelligent systems,
human-computer interaction and assistive technology applications.

Table 6: Performance comparison of the standalone ConvNeXtV2-Tiny backbone and the proposed dual-
view framework with different backbone architectures under the LOPO protocol

Configuration mAcc (%20) mF1 (26) |Params (M)
ConvNeXtV2-Tiny 86.95 86.25 28.26
Proposed (MobileNetVV2 backbone) 82.36 81.65 2.53
Proposed (ConvNeXtV2 backbone) 87.84 86.98 28.07
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