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ABSTRACT

Collision interference detection is an important concern in the manual
installation of cable harnesses. Due to the complex and variable lay-
out of cable harness installations, hand assembly movements are prone
to collisions, contact, and other forms of interaction with surrounding
equipment. Furthermore, cable harnesses often need to be routed along
specific paths in visually constrained environments. Currently, there is
a lack of modeling in the extraction of hand motion parameters and
the data analysis of hand action intent. To address this challenge, we
propose a novel human-machine collaboration behavior measurement
model. This model not only provides a rapid solution for extracting
hand motion parameters but also delivers efficient and natural visual
feedback for the behavioral intent reflected by hand motion features. First,
we introduce a hand motion parameter extraction mechanism based on
a hand kinematics model. Second, we develop a virtual-to-real spatial
registration model specifically designed for visually constrained condi-
tions, enabling accurate recognition and 3D calibration of hand action
intent. A user study experiment demonstrates that the proposed model
outperforms traditional hand behavior measurement models in terms
of manual task efficiency, hand motion recognition accuracy, and the
naturalness of hand interactions. This improvement is particularly evident
in visually constrained environments, effectively addressing challenges
in obstacle avoidance and intent inference during spatially constrained
assembly tasks.
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1 Introduction

Cable harnesses, a type of flexible component, serve as the medium for energy and signal
transmission, acting as the “link” connecting electronic devices and subsystem modules [1]. Due to the
narrow wiring space inside an aircraft’s fuselage, the dense distribution of electronic components, the
wide variety of connectors, and their large quantity, there are numerous obstructive components along
the harness routing that hinder manual operations [2]. A survey by [3] in the past decade on the field of
intelligent assembly indicated that assembly/disassembly is indeed one of the primary manufacturing
operations where AR/MR assistance is commonly applied. However, due to the lack of effective
and accurate methods for classifying manual intent, MR-assisted systems often only use perspective
views to provide visual cues for hand movements behind obstructive components. This reliance on
physical contact poses a risk of damaging cable harness connectors. Therefore, it is necessary to explore
the advantages of new human-machine collaboration behavior models in supporting gesture intent
recognition.

In scenarios where visibility is restricted, flexible components impose limitations on gesture
recognition, and existing image processing models [4] struggle to achieve low latency and high
precision. Consequently, it is crucial to improve the accuracy of computer graphics algorithms. While
image preprocessing techniques, such as image enhancement and restoration, can improve the quality
of input images, they are not the optimal solution for enhancing gesture recognition quality [5,6].
On the other hand, gesture recognition methods based on convolutional neural networks (CNNs)
can improve the accuracy of intent classification in spatially constrained assembly tasks to some
extent, but they still face challenges in accurately classifying unstructured information such as images,
pictures, and video streams. Therefore, a target feature registration method is required to correct errors
in gesture recognition caused by hand occlusion [7]. Given the high-quality demands of assembly
processes in restricted visibility environments, the classification of gesture intent data should be more
rigorous. Understanding how to ensure the accuracy of gesture classification results and utilizing a
new human-machine collaboration model to correct hand operation errors to enhance accuracy is of
significant practical importance for advancing aircraft harness assembly toward intelligent recognition
of human intent and adaptive assembly guidance.

Our research aims to demonstrate that when an operator’s hand enters a visibility-restricted
assembly area, a weak AI agent can adaptively detect key installation details of flexible components by
analyzing the real-time occlusion relationship between the hand and the geometric space. This process
is designed to mitigate the confusion or fragmented perception caused by physical obstructions in
the operator’s field of view through a natural human-machine interface. Based on this, the human-
machine collaboration behavior detection model proposed in this study attempts to explain the data
mapping mechanism among occlusion relationships, gesture recognition, and operational intent.
While some researchers have explored gesture recognition within MR assembly guidance systems for
spatially constrained environments, concluding that accurate gesture recognition indeed enhances the
installation quality of precision components, existing blind spot gesture recognition often involves
perspective processing of gesture cues and occluding components. To our knowledge, no studies have
yet explicitly revealed the behavior collaboration mechanism between humans and wearable smart
devices under visibility-restricted conditions.

2 Related Works

In visibility-restricted assembly environments, the quality of gesture intent recognition is crucial
for controlling human-machine collaborative behavior. For instance, when a hand moves behind a
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physical obstruction, it’s essential to overlay appropriate manual operation prompts based on gesture
recognition results to mark the installation area. This involves two key challenges: first, accurately
and in real-time identifying the positional relationship between the operator’s hand and the physical
obstruction; second, constructing a human-machine interaction channel that effectively presents
gesture intent information. Researchers have conducted exploratory studies in the following three
areas:

2.1 Hand Position Detection
Gesture motion capture is used to record the movements of the operator’s hand joints while per-

forming specified assembly actions [8]. Traditional motion capture techniques involve using specialized
sensors, such as inertial measurement units (IMUs) [9] and synchronized infrared cameras [10], to
collect data. These methods depend on sensor components or special markers attached to the wrist,
making them unsuitable for manual assembly scenarios with limited visibility. Recently, 3D motion
capture technology has evolved to use consumer-grade depth cameras to capture detailed hand joint
movements. Chu et al. [11] employed Leap Motion to track operator hand behavior data in blind spots
during space-constrained assembly tasks, allowing for the rough and rapid localization of assembly
positions in large unknown areas. Similarly, Yang et al. [12] mounted an Intel RealSense R200 depth
camera and Leap Motion controller on an HTC VIVE headset and utilized GPU parallel computing
to process hand dynamic occlusions, enabling users to operate a full-scale virtual milling machine
with bare hands. However, due to the limitations of hardware range and precision, these methods
can only provide a rough reconstruction of gesture action [13]. Furthermore, when depth cameras are
deployed in visibility-restricted environments, these approaches fail to meet the lightweight gesture
motion capture requirements for low-latency, high-precision tracking.

2.2 Operation Gesture Recognition
From the perspective of gesture recognition based on image sequences, these methods often

need to process a large amount of data, which proves inadequate in scenarios requiring low latency
and high real-time performance, such as cable harness installation. In contrast, methods based
on hand skeletal sequences are more robust to background changes and contain less redundant
information, making them more suitable for real-time demands in cable harness installation. These
methods typically rely on Recurrent Neural Networks (RNN) or Convolutional Neural Networks
(CNN) to identify gesture features in skeletal sequences [14,15]. Some researchers have suggested
that, due to CNN’s ability to extract high-level information, it can effectively capture both spatial
and temporal information in hand skeletal sequences [16,17]. Recently, scholars have used Graph
Convolutional Networks (GCN) for gesture recognition, extending traditional CNN applications
to data structures with arbitrary graphs [18]. They proposed a dynamic hand skeletal model called
Spatio-Temporal Graph Convolutional Network (ST-GCN), which automatically learns spatial and
temporal patterns in data, showing stronger representational and generalization capabilities. By using
ST-GCN for assembly action recognition, researchers successfully reduced redundant information in
gesture recognition. However, understanding subtle gestures remains a challenge in manual assembly
scenarios because the appearance of the foreground and background can be quite similar, leading
to significant differences in recognition performance. Therefore, in vision-constrained and spatially
complex environments, accurately recognizing gestures becomes a key issue in improving the efficiency
of human-robot collaboration.
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2.3 Immersive Human-Computer Interaction
Numerous studies have confirmed the advantages of advanced visual enhancement technologies

such as AR and MR in facilitating this specific assembly task. These technologies propose the
transparent presentation of occluded hand movements during the assembly process. Wang et al. [19]
developed a VR/AR-assisted system that uses Leap Motion for real-time gesture recognition to control
a virtual hand model, displaying components and hand movements that the operator cannot see
through VR glasses, creating an immersive environment. Feng et al. [20] developed an AR-assisted
collaborative assembly system (ARCoA), enabling operators to view their partner’s real-time hand
gestures behind steel plates. Recently, Chu et al. [11] designed an auxiliary assembly system for confined
assembly spaces, which provides the most useful information in an AR environment, prompting users
on body movements required during assembly when physical objects occlude the process. However,
these methods sometimes oversimplify usage conditions, overlooking behavioral changes and the
complexity of tracking during manual operations. Particularly in vision-constrained conditions, when
the operator’s hands are completely occluded, the lack of precise visual feedback for hand movements
can significantly affect the accuracy of manual operations.

3 Method
3.1 Hand Pose Perception

The key to gesture posture sensing lies in real-time positioning of any point on the fingers within
the palm’s coordinate system (reference coordinate system, see Fig. 1a). Specifically, each finger (except
the thumb) consists of three phalanges, one metacarpal bone, and three joints. The phalanges are
divided into distal phalanx, middle phalanx, proximal phalanx, and metacarpal, from fingertip (TIP)
to wrist. The joints from fingertip to wrist include the distal interphalangeal joint (DIJ), proximal
interphalangeal joint (PIJ), and metacarpophalangeal joint (MCJ). Unlike the other four fingers
(referred to as non-thumb fingers), the thumb lacks a middle phalanx and a proximal interphalangeal
joint but has an additional carpometacarpal joint (TMJ). A pair of inertial sensor data gloves is used
to obtain the data on the relationship between the position of any point on the fingers and the angles of
the finger joints. Kinematic equations are established for each finger, enabling the determination of the
position and orientation of any point on the fingers in the coordinate system of the palm. The process
of establishing the equations for the non-thumb fingers involves analyzing the relationship between
the rotation angles of the joints and the measurements from the inertial sensors. By using the rotation
angles of the joints and the lengths of the linkages, the positions and orientations of the points on the
non-thumb fingers in the palm coordinate system (reference coordinate system) are determined.

As illustrated in Fig. 1b, the non-thumb fingers can be treated as linkage mechanisms with three
degrees of freedom: flexion-extension for MCJ, PIJ, and DIJ. The linkages I0, I1, I2, and I3 represent a
metacarpal bone, proximal phalanx, middle phalanx, and distal phalanx, respectively. The coordinate
systems are established with the origin at the proximal end of each phalanx, and the X -axis pointing
towards the distal end. The linkage I0 is fixed, and its coordinate system {X0 Y0 Z0} serves as the base
coordinate system. In the simplified model of the fingers, the lengths of the four linkages, l0, l1, l2, and l3,
are known. The bending angles of the joints are defined as the rotation angles around a Z-axis of their
local coordinate systems relative to their parent objects, which are expressed in the world coordinate
system.

Due to the presence of only one sensor on each finger, the data glove can only capture the total
bending angle of each finger, which is the sum of θM (metacarpophalangeal joint angle), θP (proximal
interphalangeal joint angle), and θD (distal interphalangeal joint angle). When the fingers are fully
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extended, the rotation angles of each joint are 0°. When the fingers are clenched into a fist, the rotation
angles of each joint reach their maximum. Based on the flexion and extension angle ranges of finger
joints mentioned in Reference [21], we can derive the following approximate ranges:

0 ≤ θM ≤ 90◦

0 ≤ θP ≤ 120◦

0 ≤ θD ≤ 90◦
(1)

Figure 1: Gesture motion model construction

To estimate the individual joint angles, we can calculate them based on the proportional relation-
ship between the maximum range of motion for each joint and the maximum range of motion for the
finger as a whole.

θi = θi max

θmax

· θ (2)

where θ imax represents the maximum bending angle for the specific joint, θmax represents the maximum
bending angle for the finger, which is the sum of the maximum bending angles for all the joints, and
θ represents the current measurement value obtained from the sensor. By substituting the maximum
bending angle values for each joint into Eq. (2), we can obtain the relationship between the joint angles
and the real-time sensor measurements.⎧⎨
⎩

θM = 0.3 · θ

θP = 0.4 · θ

θD = 0.3 · θ

(3)
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Let the coordinate system {X 1, Y 1, Z1} be the coordinate system of the proximal phalanx bone I 1,
with its parent coordinate system being the metacarpal coordinate system {X 0, Y 0, Z0}. The origin of
the coordinate system is located at MCJ and has homogeneous coordinates [l0, 0, 0, 1]. The coordinate
system {X 1, Y 1, Z1} is rotated around a Z-axis of {X 0, Y 0, Z0} by an angle θM. According to robot
kinematics theory, we can obtain a transformation matrix 0

1T from the coordinate system {X 1, Y 1, Z1}
to the coordinate system {X 0, Y 0, Z0}.

0
1T =

⎡
⎢⎢⎣

cos θM − sin θM 0 l0

sin θM cos θM 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ (4)

Similarly, we can obtain the transformation matrix from the coordinate system {X 2 Y 2 Z2} of the
middle phalanx bone I 2 to the coordinate system {X 1 Y 1 Z1}, as well as the transformation matrix from
the coordinate system {X 3 Y 3 Z3} of the distal phalanx bone I 3 to the coordinate system {X 2 Y 2 Z2}.
From these, we can obtain the transformation matrices from the finger segment coordinate systems
{X 2 Y 2 Z2} and {X 3 Y 3 Z3} to the base coordinate system {X 0 Y 0 Z0} as follows:{

0
2T = 0

1T · 1
2T

0
3T = 0

2T · 2
3T

(5)

Let’s assume that the homogeneous coordinates of an arbitrary point P on finger segment
i (i = 1, 2, 3) in coordinate system are represented as Pi(Pi = [xi, yi, zi, 1]T). We can calculate the
coordinates of this point P0 in the base coordinate system as follows:

P0 = 0
i T · Pi (6)

From Fig. 1b, we can determine the homogeneous coordinates of MCJ in the coordinate
system{X 0 Y 0 Z0} as [I 0, 0, 0, 1]T , the homogeneous coordinates of PIJ in the coordinate system{X 1

Y 1 Z1} as [I 1, 0, 0, 1]T , the homogeneous coordinates of DIJ in the coordinate system{X 2, Y 2, Z2} as
[I 2, 0, 0, 1]T , and the homogeneous coordinates of TIP in the coordinate system{X 3 Y 3 Z3} as [I 3, 0,
0, 1]T . By substituting the homogeneous coordinates of PIJ, DIJ, and TIP into Eq. (5), we can obtain
the coordinates of these three points in the base coordinate system {X 0 Y 0 Z0}. Once we obtain the
coordinates of the joints in the fingertip (TIP) and reference coordinate systems, we can map the real
state of the hand onto virtual fingers in the digitally reconstructed space in real time.

Unlike the other fingers, the thumb can be simplified as a linkage mechanism with three degrees
of freedom: MCJ, DIJ, and TMJ. MCJ and DIJ rotate in the X–Y plane, while TMJ rotates in the X–Z
plane. In the data glove, three sensors are deployed at a thumb, which can measure the rotation angles
θM, θD, and θT for MCJ, DIJ, and TMJ, respectively. The linkages I0, I1, and I2 represent the metacarpal
bone, proximal phalanx, and distal phalanx, respectively. Coordinate systems are established with each
joint as the origin and the direction of each phalanx as the X -axis (see Fig. 1c,d).

To analyze the flexion-extension motion of a finger in a X–Z plane, we define the coordinate
system of the proximal phalanx as {X 1 Y 1 Z1} and that of the metacarpal as {X 0 Y 0 Z0}, with both
sharing the same origin. The thumb coordinate system is rotated by an angle θT around the Y -axis.
According to the principles of robotics, we can establish the transformation relationship between the
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two coordinate systems as follows:

0
1T =

⎡
⎢⎢⎣

cos θT 0 sin θT 0
0 1 0 0

− sin θT 0 cos θT 0
0 0 0 1

⎤
⎥⎥⎦ (7)

We define the coordinate system of the intermediate phalanx as {X 2 Y 2 Z2}. The transformation
matrix from {X 2 Y 2 Z2} to {X 1 Y 1 Z1} can be given as follows:

1
2T =

⎡
⎢⎢⎣

cos θM − sin θM 0 l1

sin θM cos θM 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ (8)

We define the coordinate system of the distal phalanx as {X 3 Y 3 Z3}. The transformation matrix
from {X 3 Y 3 Z3} to {X 2 Y 2 Z2} can be given as follows:

2
3T =

⎡
⎢⎢⎣

cos θD − sin θD 0 l2

sin θD cos θD 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ (9)

Once we have obtained the transformation matrices between the coordinate systems of each bone,
similar to the analysis principle for the other fingers, we can determine the transformation relationship
between each bone’s coordinate system and the base coordinate system. This allows us to determine
the pose of any point on the thumb in the base coordinate system. The specific calculation process
is similar to Eqs. (4) and (5). By analyzing the kinematic equations of the thumb and other fingers,
we can obtain real-time coordinates of each joint of the fingers in the hand coordinate system. These
coordinates will be transmitted to a digital scene, where the spatial position of the hand in the world
coordinate system is registered using a tracking device. This enables real-time tracking of the hand’s
posture in the digital environment.

3.2 Space-Constrained Assembly Guidance
In spatially constrained human-machine environments, even with pre-processing to enhance target

images, issues like incomplete capture of hand images and inaccurate extraction of gesture shapes may
still occur. To address these challenges, we propose an automatic mechanism for recognizing gesture
intent between the hand and obstructing components, catering to the needs of both partially obstructed
and fully obstructed gesture recognition, as shown in Fig. 2.

This mechanism employs a 3D reconstruction and point cloud segmentation technique based
on edge computing to real-time extract unstructured behavior data such as the physical distances of
3D targets in human-machine collaboration environments, including hands, cable harnesses, brackets,
fasteners, and mounting plates. As shown in Fig. 3a, HTC VIVE Tracker is a position tracking sensor
designed to be used in conjunction with two tracking base stations. The Tracker utilizes precise laser
signals emitted by the two base stations to perform spatial localization, determining its own pose
within the coordinate system defined by the base stations. Noitom Hi5 2.0 motion capture glove, in
addition to being used with the Tracker, also incorporates 12 inertial sensors located at the center of the
palm and the joints of each of the five fingers. Each inertial sensor can detect rotational angles along
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three axes. In position tracking, multiple bones of the palm are treated as rigid bodies, and their sizes
can be measured. {X 0 Y 0 Z0} represents the operator’s hand coordinate system. {X t Y t Zt} represents
the tracker’s origin coordinate system, which is determined when the VIVE tracker is powered on.
{X H Y H ZH} represents the coordinate system of HoloLens 2 glasses, which is set by the device itself at
startup. Assembly guidance instructions are rendered in the glasses based on this coordinate system.
{X W Y W ZW} represents the world coordinate system of the entire scene, which is used to establish the
connection between the real environment and the virtual environment. In this paper, the coordinate
system of fixed artificial markers in the scene is considered as the world coordinate system. Once
the scene is determined, this coordinate system remains unchanged. Besides, this system addresses
the issue of coordinate system unification for pre-reconstructed 3D targets in virtual reality space
using Bundle Fusion-based manual identification detection and PnP positioning technology. Building
on this, a background point cloud segmentation algorithm based on octree spatial retrieval and a
foreground adhesion point cloud segmentation strategy based on supervoxels are proposed. These
methods accurately segment independent point clouds of various targets from constrained visibility
scenes, achieving high-quality reconstruction of physical scenes into corresponding digital mirror
scenes. Subsequently, when the operator wears HoloLens 2 and performs real-time scanning and
reconstruction of the target task scene, the digital mirror scene created in a VR space will also be
activated (see Fig. 3b). During this process, the system uses ray-casting detection to determine whether
there is a real-time reconstructed 3D point cloud model between the target hand and the VR camera.
If the ray encounters a physical object along its path, the area of the hand’s surface where this object
is projected is marked as 1, while areas not triggering the collision detection remain marked as 0.
For scenarios where hand movements are too small to capture detailed operations from the physical
perspective, the operator can move a HoloLens 2 to adjust VR camera within the digital mirror scene
to a more suitable angle for collecting additional information.

Figure 2: Gesture intention recognition mechanism

As shown in Fig. 4a, we developed HCBM using HoloLens 2 and HTC VIVE Pro2. By setting up
positional tracking through artificial markers and trackers, the system enables real-time interaction
between the physical scene and the digital mirror scene. Hand motion images are captured by the VR
camera placed in the digital mirror scene, and these images are sent to a cloud server via the shared
service module of the VR device. The cloud server performs calculations and processing on the images,
outputting gesture intent recognition results. If there is any deviation in the gesture intent recognition
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results, the virtual and real spaces can be corrected using a spatial registration algorithm. On the other
hand, the system architecture of HCBM is shown in Fig. 4b.

Figure 3: Human-computer collaboration in assembly scenarios

4 Experimental Methods and Results

The main problem encountered by a human-machine model without full occlusion gesture
recognition capability (T model) during blind assembly is the inability to obtain feedback on the
operator’s hand position in blind spots, which we have already confirmed in our previous research
on the mixed reality system for unobstructed gesture recognition. We attribute this to two main
risks: firstly, in adjacent areas, there may be line-holes similar to the target object, making it easy to
mistakenly insert wiring harnesses into incorrect positions, causing damage to corresponding electrical
equipment. Secondly, when the target object is located in the inner edge area of the assembly, the
difficulty of graphic rendering increases significantly. Even after repeated attempts, it is difficult or
impossible to accurately determine whether the target position has been reached effectively. Especially
in cases of visual obstruction, operators need to rely on trial and error to locate the assembly holes,
compensating for the lack of spatial positioning information.

To verify the applicability of the proposed model in space-constrained assembly tasks, we invited
102 developers from a smart technology company in Shanghai, China, to participate in the experiment.
The participants included 64 males and 38 females, aged between 21 and 48 years (M = 50.5 years,
SD = 26.1). Their professional backgrounds varied, including industrial design, intelligent science and
technology, electrical engineering and automation, and artificial intelligence. Prior to the experiment,
we provided all participants with a detailed explanation of the study’s academic ethics, personal
privacy security, and related issues. We also trained all participants to ensure they understood the
task objectives and operational procedures. We used a between-subjects experimental design, with
48 participants evenly divided into two groups. Each group was randomly assigned to test either T
model or HCBM. The experiment was conducted in a controlled environment. To avoid learning
effects, participants randomly selected 10 out of 68 visually identical cable harnesses, differing only
in power connectors, for the assembly task. After the experiment, participants completed the IEMQ
questionnaire (see Table 1).
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Figure 4: Human-computer collaboration behavior measurement model
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Table 1: Dimensions and measurement items of IEMQ

Feedback (Q1–Q5) Immersion (Q6, Q7) Challenge (Q8–Q12) Interaction (Q13,
Q14)

Control (Q15,
Q16)

-The instructions I
provide can receive
real-time feedback
from the current
system.

-I find the task
content very
appealing.

-During task
execution, effective
hints will be provided
to guide me in
overcoming
challenges.

-The task execution
system is adaptable
to different gesture
poses (grasping,
gripping, etc.).

-In the task, I can
use strategies
according to my
own preferences.

-I receive timely
feedback on the
completion status of
each operation
during the task.

-My thinking is
influenced by the
changes in the task
progress.

-After completing
some subtasks, my
skills and
understanding of the
task goals are
enhanced.

-The task execution
system is adaptable
to different
environments,
including
un-occluded,
partially occluded,
fully occluded.

-In case of task
interruption, it is
possible to
quickly restore to
the normal state.

-New tasks are
promptly provided to
me within the task.

-I am motivated
when I see an
improvement in my
technical skills
during the task.

-I can observe my
status information at
any time within the
task.

-The task interface is
simple and easy to
understand.

-I can receive
notifications in a
timely manner when
the game provides
me with positive or
negative feedback.

-The interactive
operations are easy
to get started with.

We conducted a statistical analysis of the time taken for visual guidance during cable harness
installation using two human-machine collaboration models (T model and HCBM). The results
showed that T model had the longest average assembly time (102.41 s), while the HCBM had the
shortest average assembly time (74.02 s). Compared to the T model, HCBM further reduced the
average assembly time by 27.7%. Additionally, the results of a one-way analysis of variance (ANOVA)
indicated that there was a statistically significant difference in overall average assembly time at the
α = 0.05 significance level (F(1, 46) = 12.421, p = 0.022 < 0.050). Additionally, based on Hikin’s
questionnaire development methodology, we designed a questionnaire to measure the interaction
experience for the human-machine interface. This questionnaire is based on the eight dimensions of
Gameflow model and has been modified to account for the specific features of the HCBM interface.
With input from experts in the field of user experience, we identified the dimensions for evaluating
the interactive experience of the interface’s visual encoding, including feedback, sense of immersion,
challenge, interactivity, and sense of control. Each question item was rated on a 5-point Likert scale
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(1 representing “strongly disagree” and 5 representing “strongly agree”). Analysis using the Wilcoxon
signed-rank test (α = 0.05) indicated statistically significant differences (p < 0.01) between the paper-
based checklist and a MR system across these five dimensions.

5 Discussion

Cognitive resource efficiency was evaluated from two aspects: effective target fixation and
subjective mental workload. In the analysis of time-on-interest data, the use of HCBM significantly
reduced fixation errors caused by difficulties in understanding task intent, thereby reducing the
accumulation of short-term mental workload. This was confirmed through operator feedback in
face-to-face interviews. From the perspective of subjective mental perception, the T model used only
visual element layouts (such as wireframes or lines) to represent specific 3D spatial areas, leading to
confusion among operators regarding the physical occlusion relationships of certain components. This
may have been due to the lack of visual encoding standards for spatial areas, causing local operators to
overlook certain details in the task intent, such as color-coded annotations in blind assembly operation
trajectories that indicate the importance of distance. Additionally, operators struggled to easily identify
the logical relationship between the operation trajectory and the surrounding wireframes, resulting
in a rapid increase in cognitive load. In contrast, HCBM supported a more intuitive visual encoding
format, where annotation instructions were encoded through the MR interface into assembly guidance
instructions that were easier to distinguish. This reduced the cognitive load for local personnel in
understanding the spatial range of invisible areas. By integrating visual element layouts with visual
depth cues from special graphic hints, operators were encouraged to observe subtle changes in
surrounding components related to the target component, prompting them to allocate attention to
other visual areas to anticipate changes in task conditions. Although this initially increased their
mental workload, the positive effects of scaling cues quickly mitigated this issue.

In the context of aircraft harness installation, HCBM outperformed the T model in terms of both
time consumption and user experience, showing significant differences and advantages. Specifically,
we found that HCBM effectively avoided multiple manual operations, reduced the number of errors,
and minimized feedback discrepancies. Some participants mentioned that using the T model for
searching and validation was time-consuming, leading to significant accumulation of physical and
mental fatigue in subsequent tasks, reduced immersion, and a lack of suitable challenge. HCBM sig-
nificantly improved the execution efficiency of space-constrained assembly tasks, providing necessary
visual guidance at the right moments, lowering the barrier to mastering new interaction skills, and
making the interaction process more convenient and user-friendly. The study results indicate that
the implementation of the enhanced aircraft harness assembly model is effective. The digital twin-
driven system integration solution facilitates the development of intelligent assembly workshops by
enabling the convergence of cyber-physical systems, industrial big data computation, and human-
machine interaction. Ensuring consistency in data formats within the manufacturing execution system
effectively reduces the diversity of data carriers and the complexity of data visualization. This
supports the flow of manufacturing data throughout the upstream and downstream processes of the
workshop, making real-time tracking and traceability across the product lifecycle possible. It is worth
noting that, considering different industrial application scenarios, the corresponding human-machine
collaboration assembly methods should be adjusted based on the specific context. This requires more
extensive data analysis to evaluate the overall efficiency of human-machine collaboration systems and
the effectiveness of human-machine interaction. Although we demonstrated the broad applicability of
MR in harness assembly under full-occlusion gesture conditions, MR may not be the optimal solution
for non-space-constrained assembly tasks. Manufacturing workshops should choose the most suitable
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assembly assistance methods according to the characteristics of their product manufacturing processes
to avoid unnecessary waste of human, material, and financial resources.

6 Conclusions and Future Works

This study proposes a HCBM that integrates deep vision technology to address issues in tra-
ditional gesture recognition and the perception of virtual and real scenes. It employs mixed reality
technology to guide users in performing correct manual operations. To accurately identify and
calibrate hand occlusion relationships, a specialized virtual and real space registration model for
fully occluded gestures was developed. Additionally, an assembly data enhancement algorithm that
integrates mixed reality and multi-channel interaction technology was proposed to standardize manual
operations. Compared to a T model, HCBM significantly reduced working time and effectively
improved the level of collaboration between humans and robots during the assembly process. In
summary, fully occluded gesture recognition not only reduces workload but also enhances recognition
accuracy and work efficiency, providing a new solution for human-robot motion collaboration under
limited visibility conditions.
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