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Abstract —

This study presents a multimodal crane hand-
signal recognition framework that integrates helmet-
mounted binocular vision with wearable sensing.
Dual-view visual inputs are processed using Vision
Transformer models and augmented by a few-shot
visual prior based on Contrastive Language—Image
Pretraining (CLIP) to improve generalization under
unseen environments. In parallel, a hybrid CNN-
LSTM architecture is employed for sensor-based
recognition to capture temporal hand motion
patterns. During inference, left and right visual
predictions are first fused at the visual level, followed
by cross-modal fusion with sensor outputs using an
optimal transport formulation with a task-informed
cost matrix. Experimental results show that the
proposed fusion strategy maintains 92.93% accuracy
under unseen background conditions and 92.73%
accuracy under unseen background with low-light
conditions, demonstrating strong robustness and
reliability for crane hand-signal recognition in
realistic construction scenarios.
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1 Introduction

Crane hand signals serve as a critical communication
medium between signalers and crane operators, enabling
safe and efficient coordination in construction
environments.  Accurate  recognition of these
standardized gestures is essential for preventing
misoperation and ensuring on-site safety. However,
manual interpretation of hand signals remains error-
prone due to variations in gesture execution and operator
experience, which has motivated increasing interest in
automated crane hand-signal recognition systems.
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Existing gesture recognition approaches can be
broadly categorized into vision-based and wearable
sensor—based methods. Vision-based systems leverage
camera inputs and deep learning models to recognize
gestures from visual appearance, offering intuitive and
non-intrusive  sensing. ~ Wearable  sensor—based
approaches directly capture hand motion and finger
articulation through inertial and flex sensing, providing
reliable measurements of gesture dynamics. Each
modality offers complementary information, yet their
performance may degrade when deployed independently
under distribution shifts between training and real-world
operation. In particular, sensor-based methods, while
generally robust, can be sensitive to motion disturbances,
rapid gesture transitions, and interference from whole-
body movements, which introduce ambiguity in temporal
signals.

To address these challenges, this work proposes a
multimodal crane hand-signal recognition framework
that integrates helmet-mounted binocular vision with
wearable sensing. Dual-view visual predictions are
enhanced by a CLIP-based few-shot visual prior to
improve generalization under unseen conditions, and are
subsequently fused with sensor-based predictions using
an optimal transport formulation with a task-informed
cost matrix. By explicitly incorporating gesture
semantics into the fusion process, the proposed system
enables robust and reliable recognition performance
under unseen background and low-light scenarios.

2 Related works

2.1 Vision-based HGR

Vision-based methods represent a major research
direction for hand gesture recognition. Common optical
sensing modalities include RGB cameras [1], [2], [3], [4],
depth and RGB-D cameras [5], [6], [7], infrared sensors,
and stereo vision systems [1], [8]. By combining visual
observations with machine learning or deep neural
networks, these approaches have demonstrated strong



performance in recognizing hand gestures under
controlled conditions.
With the advancement of deep learning,

convolutional neural networks (CNNs) have become the
dominant backbone for image-based gesture recognition
[6]. Recurrent architectures such as Long Short-Term
Memory (LSTM) networks have further enabled
temporal modeling in video-based tasks [1], while 3D-
CNNs integrate spatial and temporal learning within a
unified framework, achieving high accuracy for dynamic
gesture recognition [S], [9]. More recently, Vision
Transformers (ViT) [4], [9] have attracted increasing
attention due to their ability to model global context via
self-attention, leading to improved robustness against
background variation and viewpoint changes.

In construction-related applications, vision-based
systems have been explored for crane hand-signal
recognition. Mansoor et al. employed YOLO-based
multi-view video analysis [1] to recognize standardized
crane gestures, while Wang et al. [5] achieved over 93%
accuracy using a 3D-CNN trained on RGB-D hand-
signal datasets. However, most existing vision-based
datasets adopt second-person viewpoints with fixed
external cameras, which limits their applicability in
outdoor and dynamic construction environments. First-
person vision datasets, such as EgoGesture [3], provide
an alternative by enabling wearable or body-mounted
data collection, offering better suitability for mobile and
real-world deployment.

2.2 Sensor-based HGR

Wearable sensor-based gesture recognition has
received extensive attention, particularly for scenarios
where visual sensing is unreliable. A wide range of
sensor types have been employed, including inertial
measurement units (IMUs) [9], [10], electromyography
(EMG) [11], [12], [13], [14], flex sensors [10], optical
sensors [15], radar [16], [17], [18], acoustic sensors [12],
and photoplethysmography (PPG) [19]. Among these,
IMUs are well suited for capturing dynamic gestures
through acceleration and angular velocity measurements
and are widely integrated into wearable devices. Mansoor
et al. [10] combined IMU and flex sensors within a glove
to classify crane hand signals, achieving 94.22%
accuracy using a CNN-LSTM architecture. Similarly,
Wang et al. [20] designed a ring-shaped accelerometer
for fine-grained hand and finger motion tracking,
demonstrating the adaptability of compact IMU-based
sensing.

EMG-based approaches measure muscle activation
signals and excel at capturing subtle finger motions and
postural changes. Neacsu et al. [14] reported 99.78%
accuracy across seven gesture classes using time-domain
EMG features and neural networks. Optical tendon-
sensing techniques and flex sensors have also been
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widely applied to detect finger bending and deformation
states.

Despite their effectiveness, single-sensor systems
face inherent limitations. IMUs are susceptible to
environmental drift, EMG signals are sensitive to
electrode placement and skin conditions, optical and
radar sensors are affected by lighting and interference,
and flex sensors struggle to capture dynamic transitions.

To address these challenges, multimodal fusion has
been extensively investigated. Prior studies have shown
that integrating complementary sensors, such as EMG
and ultrasound [12] or IMU and flex sensors [10],

significantly improves recognition accuracy and
robustness. Large-scale multimodal datasets and
attention-based fusion mechanisms [12], [21], [22]

further demonstrate the advantages of deep learning—
based multimodal gesture recognition in complex and
variable environments, including industrial and
construction scenarios.
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Figure 1. Hand signals for crane operations

3  System Overview

This section outlines the proposed multimodal crane
hand-signal recognition system. The framework
combines helmet-mounted binocular vision and wearable
sensing, with visual and sensor data processed by
dedicated recognition models. As shown in Figure.2,
dual-view visual predictions are first fused and
augmented by a CLIP-based few-shot visual prior,
followed by cross-modal fusion with sensor outputs
using an optimal transport formulation with a task-
informed cost matrix.

3.1 Hardware Design

The proposed system employs a multimodal
hardware setup that integrates a dual-view vision module
with a wearable sensor device to capture complementary
visual and motion information during crane hand-signal



execution.

As shown in Figure 3, a pair of cameras is mounted
on the helmet to provide first-person-view left and right
observations of the signaler’s hands. Each camera has a
diagonal field of view of 120° and a horizontal field of
view of 102°. The dual-camera setup forms an effective
horizontal field of view of approximately 186°, ensuring
full coverage of crane hand-signal motions. The first-
person, helmet-mounted binocular configuration reduces
gesture occlusion in real construction scenarios and
maintains a fixed viewing geometry relative to the hands,
which simplifies visual recognition and improves
robustness.
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Figure 2. Multimodal crane signal recognition
workflow.

In parallel, a wearable glove equipped with inertial
measurement units (IMUs) and flex sensors is used to
record hand motion and finger articulation signals. The
IMU is mounted on the dorsum of the hand to capture
overall hand movement, while flex sensors are placed on
the thumb, index finger, and middle finger to measure
finger bending during gesture execution.

A Raspberry Pi is used as the central edge node for
system coordination and data relay. Visual data captured
by the helmet-mounted cameras are stored locally on the
Raspberry Pi, while the wearable glove transmits sensor
data to the same node via Bluetooth from an embedded
microcontroller. The Raspberry Pi synchronizes and
aggregates multimodal data streams and subsequently
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uploads the collected data to a cloud server for offline
analysis and model evaluation.

camera
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(a) (b)
Figure 3. Multimodal hardware setup with

helmet-mounted stereo cameras and wearable
sensing gloves.

3.2 Data Structure and Preprocess

The visual and sensor modalities are processed
independently  during training.  Strict temporal
synchronization is applied only in the test dataset, where
each incoming sensor data sample triggers a
simultaneous capture from the left and right cameras,
forming a synchronized multimodal test instance. Data
were collected from 13 volunteers (3 females and 10
males) under approval of the University of Alberta
Research Ethics Board (Study ID: Pro00154164). For
training, data were acquired under varying conditions
depending on volunteer availability, including visual-
only samples, sensor-only samples, and partially
synchronized samples. Accordingly, the visual and
sensor models are trained separately, and multimodal
alignment is performed only at the testing stage for fusion
evaluation.

For the vision modality, the left and right camera
streams are treated as two independent image datasets
during training. The right-view dataset contains 7,519
images, while the left-view dataset contains 7,748 images;
both datasets are split into 70% for training, 20% for
validation, and 10% for testing. Visual data were
collected across multiple environments, including office
spaces, campus-scale mock construction settings, and a
real construction site. No explicit temporal alignment
between the two camera views is required during training,
as fusion is performed at the inference stage.

For the sensor modality, time-series signals from the
IMU and flex sensors are segmented into fixed-length
samples using a sliding-window strategy to preserve
temporal dynamics [23]. Each glove records nine sensor
channels per time step, including gyroscope
readings(Gy, Gy, G,), accelerometer readings(A,, 4, 4,),
and flex sensor measurements from the thumb, index
finger, and middle finger(flex,, flex,, flex;). Sensor
samples are constructed using a window size of five



consecutive time steps at a sampling rate of 30 Hz. Data
from the left and right gloves are combined, resulting in
a 90-dimensional feature vector per sample. In total,
41820 sensor samples are obtained using a semi-
automatic annotation procedure. Specifically, a custom
software interface developed in Visual Studio is used to
synchronize data acquisition between the wearable
device and the host computer. During data collection,
participants are instructed to continuously perform
different gestures rather than holding fixed poses. At the
moment a gesture is initiated, the corresponding label is
manually triggered through the interface and appended to
the incoming sensor data stream. This process enables
the recording of complete gesture transitions, including
intermediate motion states, allowing the sequences to
capture both global hand motion and finger articulation.

3.3 Visual Recognition

The visual recognition module is built upon Vision
Transformer (ViT) models to classify crane hand signals
from helmet-mounted camera images. The left-view and
right-view camera streams are treated as two independent
visual inputs during training, and separate ViT models
are trained for each camera. This design accounts for
viewpoint-specific appearance differences and avoids
imposing strict synchronization constraints between the
two camera views at the training stage.

Each ViT model adopts a ViT-Base architecture with
a patch size of 16 and an input resolution of 384 x 384.
Raw RGB images are resized to 384 x 384 and
normalized using a mean and standard deviation of 0.5
for all channels before being fed into the network. The
classification head outputs camera-specific gesture
classes, which are subsequently mapped to a unified
gesture label space during inference.

Model training is conducted wusing standard
supervised learning procedures. Specific training
configurations, including the loss function, optimizer,
learning rate, batch size, and training epochs, are
summarized in Table 1. By decoupling visual model
training from cross-view fusion, the proposed design
maintains a simple and scalable training pipeline while
enabling robust late fusion under real-world deployment
conditions where partial visibility or asymmetric hand
occlusion may occur.

Table 1. Configuration of the Vision Transformer (ViT)
models for visual hand-signal recognition

Configuration
Backbone architecture ViT-Base
Batch size 256
Number of output class 18
Loss Function Cross-Entropy Loss
Optimizer Adam
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Learning rate 0.0001
Training epoch 25
Early stop 3

3.4 Few-shot CLIP-based Visual Prior

To complement the supervised ViT models, a CLIP-
based few-shot recognition module is introduced to
enhance generalization under limited or distribution-
shifted visual data. Instead of conventional fine-tuning,
this module adopts a prototype-based inference scheme
built upon pretrained vision—language representations.

For each camera view, a small reference set is
constructed, where 10 labeled images per gesture class
(10-shot) are collected and organized by class. These
images are encoded using a pretrained CLIP visual
encoder, and the resulting feature vectors are L2-
normalized. A class prototype is then obtained by
averaging the normalized embeddings of the
corresponding 10 samples, followed by normalization.
This process yields one prototype per gesture class for
each camera view. The configuration of the CLIP few-
shot recognition module is summarized in Table 2.

Table 2: Configuration of the CLIP-based few-shot
recognition module.

Component Setting
CLIP backbone ViT-L/14
Input image size 336*336

Shots per class 10

Mean of normalized
embeddings
Similarity metric Cosine similarity

SoftMax temperature 10

Prototype construction

During inference, a test image is encoded by the same
CLIP encoder and classified by measuring cosine
similarity to all class prototypes. The similarity scores are
scaled by a temperature parameter and converted into a
probability distribution using a SoftMax function. The
resulting CLIP-based prediction is incorporated as an
auxiliary enhancement branch and combined with the
ViT-based visual output at the probability level in the
subsequent fusion stage.

3.5 Sensor-Based recognition

For sensor-based gesture recognition, a hybrid CNN—
LSTM architecture [23] is adopted to jointly model local
feature patterns and temporal dependencies in hand
motion signals. As illustrated in Figure 4, the network
employs a dual-head one-dimensional convolutional
structure, in which two parallel Conv1D branches extract
complementary feature representations from the same
input sequence. Each branch consists of a convolutional



layer followed by batch normalization and max pooling,
enabling multi-scale feature extraction while improving
training stability and robustness.
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Figure 4. Architecture of proposed hybrid CNN-
LSTM Model

The features generated by the parallel CNN branches
are subsequently integrated and fed into an LSTM layer
to capture temporal dependencies across the gesture
execution process. To further emphasize salient temporal
patterns, a Global Max Pooling layer is applied before the
fully connected layers. The final classification is
performed using a SoftMax layer to produce probability
distributions over 18 predefined crane hand-signal
classes. The hyperparameters used for training the CNN—
LSTM model are summarized in Table 3

Table 3. Hyperparameters of the sensor-based hand
gesture recognition model.

Component Setting
Optimizer Adam
Loss function Categorical cross-
entropy
Learning rate 0.001
Early stop patience 10
Batch size 64
Max epoch 300
Classes 18

4 Fusion Strategy

This section presents the fusion strategy used to
combine dual-view visual predictions and wearable
sensor outputs at the probability level for robust crane
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hand-signal recognition.

4.1 Visual-level Fusion

At the visual level, gesture recognition is performed
independently for the left and right helmet-mounted
cameras, with each view producing a discrete class
prediction and a corresponding class probability
distribution. The binocular visual outputs are then fused
using a rule-driven strategy based on crane hand-signal
operation standards. When the predicted gesture pair
conforms to a valid operational combination, a
semantically consistent fused gesture, including
composite gestures, is generated directly. If the predicted
combination does not match any predefined operation
rule, the fusion falls back to probability aggregation,
where the final visual prediction is determined by
averaging the class probabilities from both views and
selecting the most probable class.
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CAM Right

CLIP Right

Ftused =
arg maxPruseacc)
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Piee + P,
= Notm. (L2 - right

1P i3 i £
CLIP prob. ViT prob.
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Figure 5. Visual fusion workflow.

In parallel, a few-shot CLIP-based visual branch
performs prototype-based classification for each camera
view, and its left-right outputs are fused using the same
operation-rule-driven mechanism. The fused CLIP
probabilities are subsequently integrated with the ViT-
based visual probabilities at the probability level via
weighted averaging (0.6 for ViT and 0.4 for CLIP),
producing a unified visual representation that is
forwarded to the multimodal fusion stage. The overall
visual recognition and fusion workflow is illustrated in
Fig. 5.

4.2 Cross-Modal
Transport

Fusion via  Optimal

To integrate visual and wearable sensor predictions,
the final multimodal fusion is formulated using an
Optimal Transport (0T) framework. Let
pY and p® denote the class probability distributions
produced by the visual recognition module and the



sensor-based model, respectively, where C is the number
of gesture classes.

Rather than directly averaging probabilities, the
fusion is defined as the computation of a Wasserstein
barycentre [24] that minimizes the transport cost between
the fused distribution and each modality:

arg gg%( Z Wi Wew (P, pm)) M
m efv,s}

where A¢ denotes the probability simplex, w, and
wg are modality weights, and W¢y(:,)is the entropy-
regularized Wasserstein distance defined over a
predefined cost matrix C

The cost matrix Cyis constructed using a rule-based
semantic decomposition of crane hand signals. Each
gesture is represented along three dimensions: primary
motion, hand motion pattern, and direction. The
transportation cost is reduced by 0.2 for each shared
dimension. For dual-hand gestures, shared sub-motions
are treated as part of the motion dimension and are not
considered as an additional reduction.

For safety-critical considerations, the transportation
cost between Stop/Emergency stop and all other gestures
is strictly set to 1, as misclassification of these signals is
unacceptable in crane operations. The pair (Stop,
Emergency stop) is then assigned a reduced cost of 0.3 to
reflect their nearly identical operational meaning while
preserving their distinction. Similarly, gesture variants
that convey the same operational intent (e.g., Boom up
hoist down 1/2) are assigned a cost of 0.2.

The resulting barycentre P*represents a consensus
distribution that balances visual and sensor evidence
while respecting domain-specific gesture semantics. The
final prediction is obtained by selecting the class with the
maximum probability in P*.

P =

5 Result

5.1 Experiment setup

During testing, sensor and visual data were strictly
synchronized at the sample level. Each fixed-length
sensor window triggered a simultaneous capture from the
dual helmet-mounted cameras, and multimodal inference
was performed on the aligned sensor—image pairs.

To evaluate generalization, all test images were
collected in previously unseen environments with
entirely new backgrounds. In addition, 50% of the test
images were subjected to low-light processing to
simulate challenging visual conditions commonly
encountered on construction sites.

5.2 Result and discussion

Table 4 summarized the recognition performance of

different models under test distribution, unseen
background, and unseen background with low-light
conditions.

Table 4: Overall accuracy comparison under different

conditions
Model Test New New
distribution  background background
with low
light
ViT (L) 91.22% 90.69%
ViT (R) 91.02% 81.98%
ViT (Dual -- 82.20% 66.87%
cameras)
CLIP -- 72.73% 68.73%
CV Fusion -- 84.73% 68.73%
Sensor 98.94% 92.41% 92.41%
Multimodal -- 92.93% 92.73%
Fusion
Sensor 98.94% 87.81% 87.81%
Degradation
Fusion -- 89.55% --
(sensor
degraded)
The proposed multimodal fusion framework

effectively withstands interference from challenging
conditions, maintaining 92.93% accuracy in unseen
background scenarios and 92.73% under combined
unseen background and low-light conditions. These
results highlight the effectiveness of integrating
complementary visual and sensor modalities for robust
crane hand-signal recognition in maintaining reliable
performance when visual quality degrades.

To further evaluate the reliability of proposed fusion
framework under sensor-degradation conditions, we
conduct an additional experiment using a rapid gesture
transition scenario, where frequent motion transitions are
intentionally introduced by requiring participants to
perform each gesture immediately followed by a Stop
gesture, completing all gestures within one minute. This
scenario reflects realistic operational disturbances where
sensor signals are less stable.

Compared with prior RGB-D-based approaches (e.g.,
93.3% reported in [5] using a third-person setup), the
proposed method achieves comparable performance with
a more lightweight and occlusion-robust design,
benefiting from low-dimensional sensor inputs and a
first-person perspective with reduced hand occlusion.

Purely vision-based methods exhibit noticeable
performance degradation when evaluated on new
environments and under low-light constraints. Notably,
the fusion of CLIP and ViT within the visual pipeline
improves recognition accuracy by 2.53% compared to
ViT alone, demonstrating that large language models can
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enhance visual generalization when combined with task-
specific visual models.
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Figure 6. Per-class recall and Fl-score of the
multimodal fusion model under unseen
background and low-light conditions

Figure 6 presents the per-class recall and F1-score of
the final multimodal fusion model under unseen
background and low-light conditions. High and balanced
performance is observed across all 18-crane hand-signal
classes. The fusion strategy goes beyond confidence
averaging by incorporating an optimal transport—based
formulation with a task-informed cost matrix, which
accounts for gesture similarities and asymmetric
misclassification risks, enabling more reliable decision-
making when visual and sensor predictions disagree.

6 Conclusion and Future work

This paper presents a robust multimodal crane hand-
signal recognition system that integrates dual-view visual
perception and wearable sensor sensing through a
principled late-fusion strategy. By combining Vision
Transformer—based visual recognition, CLIP-based few-
shot visual priors, and a CNN-LSTM sensor model, the
proposed framework effectively addresses the challenges
posed by new environment backgrounds and low
illumination. The experimental results demonstrate that
the multimodal fusion approach consistently outperforms
single-modality methods, maintaining high recognition
accuracy under challenging conditions.

A key contribution of this work lies in introducing a
domain-informed multimodal fusion paradigm for crane
hand-signal recognition. By embedding standardized
operational knowledge into the fusion process, the
proposed framework goes beyond generic data-driven
aggregation and enables more structured and
interpretable decision-making in complex construction
environments.

1188

Future work will focus on further improving system
robustness and practical deployment. On the visual side,
more efficient binocular vision strategies, such as joint
training or feature-level fusion, will be explored to better
exploit complementary viewpoints while controlling
computational cost. On the sensor side, challenges
related to user-specific gesture styles, long-term IMU
drift, and interference from whole-body motion will be
investigated. Additional adverse conditions, including
motion blur and rapid gesture transitions, will also be
considered. Through continued advances in visual
modeling, sensor reliability, fusion strategies, and
system-level  extensibility  (e.g.,  environmental
perception and safety monitoring such as hazard
detection and warning for workers entering dangerous
zones), future work aims to build a more reliable crane
hand-signal recognition system for real construction
environments.
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