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Human-centred design and fabrication of 
a wearable multimodal visual assistance 
system
 

Jian Tang1,2, Yi Zhu1,2, Gai Jiang1, Lin Xiao1, Wei Ren1, Yu Zhou    3, Qinying Gu    2, 
Biao Yan    4, Jiayi Zhang    4, Hengchang Bi5, Xing Wu5, Zhiyong Fan    2,3 & 
Leilei Gu    1,2,5,6 

Artificial intelligence-powered wearable electronic systems offer promising 
solutions for non-invasive visual assistance. However, state-of-the-art 
systems have not sufficiently considered human adaptation, resulting in a 
low adoption rate among blind people. Here we present a human-centred, 
multimodal wearable system that advances usability by blending software 
and hardware innovations. For software, we customize the artificial 
intelligence algorithm to match the requirements of application scenario and 
human behaviours. For hardware, we improve the wearability by developing 
stretchable sensory-motor artificial skins to complement the audio feedback 
and visual tasks. Self-powered triboelectric smart insoles align real users with 
virtual avatars, supporting effective training in carefully designed scenarios. 
The harmonious corporation of visual, audio and haptic senses enables 
significant improvements in navigation and postnavigation tasks, which are 
experimentally evidenced by humanoid robots and participants with visual 
impairment in both virtual and real environments. Postexperiment surveys 
highlight the system’s reliable functionality and high usability. This research 
paves the way for user-friendly visual assistance systems, offering alternative 
avenues to enhance the quality of life for people with visual impairment.

Developing artificial vision for blind people has been a long-standing 
human pursuit1. Wearable electronic visual assistance systems offer 
a promising solution for people with visual impairment or visually 
impaired people (VIPs), providing an alternative to medical treat-
ments and implanted prostheses. Instead of restoring natural vision, 
these devices compensate for vision loss by converting environmental 
information into other sensory modalities and feeding it into the brain 
to assist with daily tasks. Cutting-edge systems have enabled VIPs to 

perform essential visual functions such as navigation, recognition and 
intricate tasks such as locating misplaced keys2,3. Despite their evolving 
capabilities, these technologies have not seen widespread adoption 
within the VIP community4. The limited uptake can be largely attrib-
uted to usability challenges, including the cognitive and physical load 
in use, as well as the intricate training process required before usage.

The usability of a device hinges primarily on its performance.  
For visual assistance, this denotes how efficiently it delivers the 
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reducing collision risks in cluttered environment. The system updates 
the three-dimensional (3D) scene in real time as the VIP approaches to 
the target step-by-step while avoiding obstacles in path. The A-skins 
also assist with postnavigation tasks by controlling the hand–target 
distance, improving eye–hand coordination and thus task execution 
accuracy. Before moving to the real world, the VIPs are trained in a vir-
tual environment to master the system. Under the guidance of this sys-
tem, the VIPs can navigate through hallways with obstacles to complete 
daily tasks. Detailed discussion can be found in the following sections.

Customizing artificial vision
Accurate and quick extraction of key environmental information is 
pivotal in this system. The RGB-D sensors are integrated into 3D-printed 
glasses, and mounted on the heads of VIPs (Fig. 2a,b), allowing VIPs to 
perform tasks unencumbered. The RGB-D camera is selected as the 
main visual input for its powerful information-capturing ability and 
high portability (Supplementary Fig. 1). To achieve high wearability, we 
have used a compact Raspberry Pi microcontroller for resource-limited 
computing. The mobile object detection algorithm YoloV8n (ref. 19) 
stands out for its balanced high recognition performance and fast 
inference speed within this computational constraint (Supplementary 
Fig. 2).

Our foundation dataset is the extensive COCO dataset, and we 
have finetuned it to match the scenario of visual assistance and our 
environment (Supplementary Fig. 3a–c). The visual performance 
is noticeably improved. The revised model demonstrated superior 
mean average precision on our custom test dataset (revised 0.82, 
pretrained 0.59), and maintained comparable mean average precision 
on the COCO test dataset (revised 0.41, pretrained 0.46) (Fig. 2c and 
Supplementary Fig. 3d,e). This indicates that in addition to the 21 key 
objects, the system’s output capabilities can be expanded to the full 
range of 82 categories from the whole dataset. However, the increase 
in categories may reduce the accuracy. Ultimately, the VIPs are flexible 
to choose between visual breadth and accuracy on the basis of their 
individual needs.

In addition to the overall accuracy, visual assistance necessitates 
consistent target visibility despite changes in distance and perspec-
tive. To achieve omnidirectional detection, we further augmented the 
training dataset with images depicting objects from diverse angles 
and distances. Figure 2d showcases the notable enhancement in our 
model’s capability to identify a typical chair from various angles and 
distances, both before and after this modification. More instances are 
presented in Supplementary Fig. 4. Combined with the depth map, the 
position of the object relative to the camera can be extracted for further 
analysis (Supplementary Fig. 5).

Besides, we also addressed the real-life challenges of low ambient 
light and motion blur. The combination of RGB and infrared images 
ensures the system’s robustness to light changes (Supplementary 
Fig. 6). The embedded inertial measurement unit (IMU) is used to evalu-
ate the motion turbulence and select stable RGB-D frames for computa-
tion, avoiding inaccurate analysis from blurred images (Supplementary 
Fig. 7). Afterwards, we demonstrated the system’s visual capabilities 
using a humanoid robot. The task is to approach a target (apple) under 
guidance of artificial vision. The sequence highlights the system’s 
real-time visual recognition, setting a foundation for user-centred 
assistive technologies (Fig. 2e and Supplementary Video 1a).

Personalizing mobility algorithm
The phase after orientation is mobility, which refers to the ability to 
approach designated target while avoiding obstacles in the path. The 
effectiveness of this process hinges on two critical factors: AI’s compu-
tation of obstacle avoidance and the relay of computed information into 
human. The obstacle avoidance rules need to be robust, aligned with 
human behaviours. The feedback cues must be intuitive to minimize 
the cognitive load.

intended information to the user. This process can be further divided 
into two components: capturing information and relaying data into 
brain. Advanced artificial intelligence (AI) algorithms, such as vision 
foundation models and large language models, have shown promise 
in addressing the first issue by demonstrating a strong understand-
ing of human perception and the environment5,6. The challenge lies 
in crafting powerful yet compact algorithms that can operate on 
low-power computing units such as field-programmable gate arrays 
and microcontroller units (MCUs). The feedback strategy serves as 
the human–machine interface. Aligning encoding methodologies with 
the brain’s natural information processing mechanisms can streamline 
training processes and reduce cognitive burden. Particularly for visual 
assistance, the non-visual modalities have lower spatial bandwidth 
than vision, hindering information capacity and delivery speed7,8. 
Despite achievements in feedback strategies9–12, efficient feedback 
technology with high biocompatibility is still the bottleneck challenge. 
Harmonious integration of multiple modalities is crucial for effective 
information delivery through neuro-interfaces, requiring collabora-
tive efforts in human-centred AI and neuroscience-based encoding 
methodologies.

Moreover, device usability is heavily influenced by its wearability. 
Wearable visual assistance systems are intricate systems that amal-
gamate diverse hardware components. Conventional wearable visual 
assistance systems frequently encounter challenges related to bulki-
ness, weight and limited wearability13,14. Fortunately, recent strides in 
sensing materials, device architectures and integration technologies 
offer hope for enhancing wearability. An array of bio-integrated devices 
have been devised, including ultrathin artificial skins (A-skins) capable 
of continuous physiological sensing15, artificial throats for speech 
modulation16 and artificial eyes mimicking biological vision17. These 
devices are designed to seamlessly interface with the body, ensuring 
a conformal and stable contact that minimizes discomfort during 
wear. Moreover, they have exhibited natural and personalized human–
machine interaction by providing immersive feedback on the basis of 
individual threshold maps18. These advancements in skin electronics 
provide sophisticated sensing capabilities, improve wearability and 
bolster the privacy of VIPs through miniaturization.

In this work, we present a wearable visual assistance system 
aiming at enhancing the independent life of VIPs. Our focus is on 
enhancing human–machine fusion by aligning software and hard-
ware innovations. The system customizes visual input into audio 
and haptic feedback, ensuring high accuracy, low latency and adapt-
ability to diverse environments. It boasts an intuitive spatial cue audi-
tory output and navigation algorithms crafted to reduce cognitive 
burden. The strategic design and placement of A-skins assists with 
navigation and postnavigation tasks in harsh environments. Virtual 
reality (VR) training facilitates rapid and safe training. Triboelectric 
nanogenerator-based smart insoles synchronize movements across 
virtual and real worlds with minimal power consumption. Real-world 
testing by VIPs validates its efficacy in enhancing visual function and 
usability. This work represents a notable advancement in wearable 
visual assistance technology, promising broader adoption and an 
improved quality of life for VIPs.

Results
Overall system design
The wearable visual assistance system features an RGB-D (red, green, 
blue and depth) camera, artificial skins and a VR training platform 
interfaced via triboelectric smart insoles. It uses intuitive multimodal 
feedback to assist VIPs with daily tasks and provides VR training (Fig. 1a). 
As suggested by Fig. 1b, VIPs set a target via voice commands. AI algo-
rithms process RGB-D data to estimate the target’s orientation and 
determine an obstacle-free direction in real time. Bone conduction 
earphones deliver spatialized cues to guide users. The A-skins, worn on 
the wrists, enhance navigation by detecting lateral obstacles, effectively 
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Obstacle avoidance. This system achieves the robust obstacle avoid-
ance by analysing the depth data in front. To enable accurate detec-
tion of various obstacles, such as hanging, ground-level and sunken 
obstacles, we use a dual-method approach: a global threshold com-
bined with a ground interval. The global threshold method checks all 
pixels in the depth image, and pixels with depth within this threshold 
are considered as obstacles. However, to avoid misidentifying the 
ground as obstacle, the threshold value is limited. Particularly in visual 
assistance, large pitch occurs when users look down, further reducing 
the threshold value. Figure 3a(i) shows the relationship between field 
of view (FoV), user height and camera pitch. As a result, this method 
effectively detects hanging and tall obstacles, but struggles to detect 
obstacles that are low and far away.

As a complement, we introduced the ground interval method. 
This technique models the unobstructed ground as a monotonically 
increasing function along the vertical index of the depth image20. 
The presence of obstacles causes deviations in depth from the fitted 
ground curve. Supplementary Fig. 8 compares the effects of different 
fitting functions, ultimately selecting an exponential function due to 
its superior fit over a wide range. Supplementary Fig. 9a–f introduces 
its detailed process of obstacle detection. This method performs 

effectively under various conditions, including sensor angle, user 
height and ground slopes, with only slight variations in the working 
range (Supplementary Fig. 9g–i). To account for real-world variations 
in ground surfaces and sensor errors, this method requires careful 
calibration of the threshold height. To achieve this, we built a dataset 
from our own environment and selected the ground interval that can 
generate the highest detection rate, with details shown in Supplemen-
tary Fig. 10. With this method, we observed the highest detection rate 
of 95% at a threshold of 0.18 m.

On the basis of the results of obstacle detection, the path selec-
tion can be realized. The depth image is empirically divided into seven 
segments (in columns). Each segment is assessed for the presence of 
obstacles and the passable width. The segment without obstacles and 
requiring the smallest rotation is selected as the optimal direction 
(Fig. 3a(ii)). Supplementary Fig. 11 shows representative examples of 
estimating the optimal direction in real scenes. We further demon-
strated a complete navigation task, which has an obstacle in the path, by 
a humanoid to verify the orientation and mobility ability of this system 
(Fig. 3a(iii) and Supplementary Video 1b). The whole algorithm is based 
on infrared depth image, therefore, the navigation can be performed 
well, even in a completely dark environment.
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Fig. 1 | Overview of the wearable multimodal visual assistance system. 
a, Structure of the wearable system. The wearable visual assistance system 
includes an RGB-D camera, A-skins and a VR training platform. It uses intuitive 
multimodal feedback to assist VIPs with daily life tasks and provides VR 
rehabilitation training. b, Workflow of the system. It demonstrates the process of 

a representative visual assistance task. The system receives instructions from the 
VIP and then assists in navigating to the target of interest. The A-skin enhances 
navigation and provides postnavigation reach-and-grasp assistance. VR training 
helps the VIP understand and adapt to the system.
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Fig. 2 | Personalizing artificial vision. a, Hardware components of the artificial 
visual components. b, Schematic of workflow of the artificial vision. c, Tuning 
dataset to improve the overall detection rate. The model achieves high mAP 
specifically for the key 21 objects and high flexibility to expand to cover all the 82 
categories. The VIPs can balance between accuracy and object categories.  

d, Tuning dataset to improve omnidirectional detection. The area circled by the 
purple dashed line indicates its working range (confidence >0.5). The model 
exhibits an improved recognition rate across visual angles and distances, 
enabling a dynamic navigation process. e, A humanoid demonstrates dynamic 
processes of visually locating and approaching a target.
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Low-cognitive load audio feedback. Clear and intuitive feedback 
signals facilitate easy interpretation by the brain, resulting in a lower 
cognitive load. This holds particular importance for visual assistance, 
where visual information capacity predominates over other sensory 
modalities. Preserving the functionality of these modalities is also 
essential, as it ensures their inherent capabilities remain largely intact, 
even as some bandwidth is allocated for visual assistance. By adhering 
to these principles, we have achieved a harmonious integration of 
the system’s functionality with the user’s natural sensory processing.

Auditory sense ranks as the second most dominant in humans and 
is often leveraged to convey high-density information in wearable visual 
aids21–24. Yet, auditory overload can cause discomfort during use23,24. 
The present design mitigates this challenge by using biocompatible 
encoding strategies to convey high-level scene information such as 
the result of path directions. We conducted a turn-to-target experi-
ment to find the proper audio feedback with 12 VIPs. We compared 
three feedback approaches—spatialized cues, 3D sounds and verbal 

instructions—using metrics such as final heading error and trial time 
to evaluate the performance. Figure 3b(i) and Supplementary Fig. 12a 
illustrate a typical task sequence, with the statistical results shown 
in Fig. 3b(ii) and Supplementary Fig. 12b,c. Spatialized cues exhibit 
the least heading error and minimal time cost, rendering them the 
preferred choice in our design. In contrast, 3D cues vary continuously 
with different azimuths, which can complicate distinction and lead to 
imprecise direction perception. While verbal instructions use simple 
and interpretable words, they require longer playback time, resulting 
in slower responses.

Developing complementary artificial skins
AI-powered artificial skins hold great promise in fields for human 
health25–27. Haptic feedback leverages the skin’s vast surface area and 
broad neuronal receptor distribution, making it an excellent medium 
for sensory rehabilitation28. However, its relatively low information 
density makes it challenging for visual assistance alone.
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Here we developed a stretchable A-skin to complement audio 
feedback. The A-skin is an integrated sensory-motor device assisting 
the artificial vision by providing near-distance alerting (Fig. 4a and 
Supplementary Fig. 13). The system’s core component is a compact 
time-of-flight (ToF) sensor (Supplementary Fig. 14). When the dis-
tance is smaller than a predefined threshold, the actuator vibrates 
to stimulate the skin. The actuator is designed as a slim, lightweight 
polyethylene terephthalate (PET) cantilever for energy efficiency. 
Micropyramid arrays at the actuator’s tip can enhance stimulation of 
skin mechanoreceptors, further reducing power demand (Fig. 4a). 
Note that a deliberate gap is maintained between the driving circuit 
and the skin, which facilitates the actuator’s vibration while promoting 

air circulation in between. This air circulation improves skin comfort, 
breathability and thus long-term wearability.

The A-skin is also strategically positioned to enhance usability. 
The placement is guided by the classical cortical homunculus, which 
are exaggerated human figures illustrating the proportion of the brain 
devoted to the sense of touch in each part of the body (Supplementary 
Fig. 15)29. The A-skins should be placed on regions with more sensory 
but fewer motor activities, aiming to achieve high sensitivity without 
interfering with normal motion tasks. On the basis of these considera-
tions, the actuator, along with the driving circuit, is placed on the wrist. 
The sensor is positioned on the back of index or middle finger, with its 
function changing on the basis of the finger’s status (bent or straight).
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Figure 4b illustrates the A-skin’s first function of navigation assis-
tance. In this mode, the VIP’s hands hang naturally at their sides, with 
sensors on the extended fingers detecting lateral obstacles, thereby 
expanding the visual angle (Fig. 4b(i)). This setup is particularly useful 
for navigating complex environments. Figure 4b(ii) shows a scenario 
where the VIP passes through a narrow corridor. When the distance to 
the left wall is below the threshold, vibration from the left wrist prompts 
the participant to move right and vice versa for the right side. This 
mechanism helps keep the VIPs centrally aligned on their path, enhanc-
ing safety. The threshold ranges from 5 to 40 cm. A larger far-end value 
indicates a higher level of safety, while a smaller value allows for more 
flexibility. The VIP can personalize this threshold to suit their needs. 
The angular monitoring range of the ToF sensor can be slightly tuned. 
A subtle forward rotation enables the sensor to capture anterolateral 
information, improving the capacity to anticipate obstacles ahead. In 
addition, the time from obstacle detection to haptic feedback genera-
tion is only 18 ms (Supplementary Fig. 16), enabling quick response 
and dynamic obstacle avoidance. Figure 4b(iii) shows a user evading 
a person approaching to him rapidly from the left, with details shown 
in Supplementary Video 2a.

Figure 4c illustrates the system’s second function of assisting with 
postnavigation tasks. The A-skin enhances the glasses’ depth sensor by 
extending its effective range (Fig. 4c(i)). Figure 4c(ii) depicts a typical 
reach-and-grasp task. During reaching, the user’s fingers bend forward 
while the sensor dynamically measures the distance to the object. On 
reaching the threshold distance, the vibrator signals the VIP to shift from 
reaching to grasping. The vibration ceases with this gesture change, pro-
viding a clear reminder. The threshold can be personalized to the VIPs’ 
habits, enabling quick and safe task completion. Besides, the ToF sensor 
directly faces the object, circumventing the hand–object obstruction 
issue. Its small FoV and rapid response facilitate precise hand–object 
alignment (Supplementary Video 2b). With meticulous design in struc-
ture, placement and function, the A-skin enhances the artificial vision 
while maintaining high integration level and thereby better utility.

Metaverse training and testing
Simple yet efficient training enables instinctive use of rehabilitation 
tools including visual assistance. The emerging metaverse assists train-
ing by providing immersive experience, enabling efficient fusion of the 
human–machine–environment at low cost and injury risk. We devel-
oped a VR training platform, whose workflow is schematically shown 
in Fig. 5a. Briefly, the avatar in the virtual environment, aligned with 
the RGB-D camera, identifies virtual obstacles and guides the VIP’s 
movement in the real world. Their movements are captured by smart 
insoles, synchronizing the avatar’s actions. This dynamic loop creates 
an interactive learning environment for the VIPs (Supplementary Video 
3). The audio feedback can provide high level of immersion30, while the 
smart insoles offer a private and energy-efficient way to monitor the 
user’s movement. Their detailed structure and training process are 
shown in Supplementary Fig. 17. The motion control approach was 
validated by a sighted participant, who wore the device and traversed 
designated paths (Fig. 5b and Supplementary Fig. 18).

On the basis of the above preparation, we proceeded to on-body 
testing. We recruited a group of VIPs (n = 12) from diverse backgrounds 
(Supplementary Table 1), and meticulously designed three distinct sce-
narios for efficient training and validation. Scenes 1 and 2 are two fun-
damental scenarios for training. The first is a basic in-room task where 
a VIP can directly see their target, requiring VIPs to avoid obstacles on 
the basis of directional feedback (Fig. 5c(i)). The second represents a 
typical cross-room task scenario, where VIPs cannot directly see the 
target. They need to navigate to an intermediate target (the table) 
before approaching the final target (Fig. 5d(i)). These scenarios were 
randomly alternated during training, with each scenario trained seven 
times. The first (pretest) and last (posttest) sessions of each scenario 
were conducted in the real world using the wearable system.

Figure 5c(ii) shows a representative participant who walked slowly 
and collided with the environment during early sessions. This might 
be due to a lack of trust in the system or unfamiliarity with the feed-
back, leading to misinterpretation. As training progressed, the partici-
pant navigated faster and more smoothly, with fewer collisions. This 
improvement persisted when the scene layout was changed and when 
transitioning to real-world settings. Statistically, there was a significant 
improvement after training in various metrics such as walking speed, 
walking time, walking distance and collisions (Fig. 5c(iii)). Additional 
details can be found in the Supplementary Information (Supplemen-
tary Fig. 19). Figure 5d(i) shows the sequential navigation setup, which 
does not require global map-based path planning. Although the final 
target is initially obscured, VIPs can reach it through a series of interme-
diate targets. After training, a representative VIP showed fewer turns 
and walked faster and more smoothly (Fig. 5d(ii)). Statistical results 
for more VIPs are shown in Fig. 5d(iii) and Supplementary Figs. 20 
and 21. These results proved that VR training improves mobility in the 
real world.

Our virtual environments, although basic, encompass crucial ele-
ments such as target search, linear movement and turning, with com-
plex scenarios being combinations of these fundamentals. Through 
repeated training sessions, VIPs acquire proficiency in interpreting 
system feedback and making informed navigation choices guided by 
provided cues. To ensure that enhancements stem from skill develop-
ment rather than mere scene memorization, we introduced random 
variations during training procedures, including altering the train-
ing sessions, modifying scene layouts and introducing rest intervals 
between sessions.

To further confirm the training benefits, we created scene 3—a 
untrained, intricate maze structure as the validation scene. After train-
ing in scenes 1 and 2, VIPs were promptly transitioned to scene 3 for 
evaluation. Participants were required to navigate the maze to locate 
a key object (a chair) at the exit (Fig. 6a(i) and Supplementary Fig. 22). 
Before training, the majority of novices (9 out of 12) experienced col-
lisions or could not independently complete the task. However, all 
participants who underwent training successfully accomplished the 
task, as depicted in Supplementary Video 4 and Supplementary Fig. 23. 
Substantial improvements across various metrics are illustrated in 
Supplementary Fig. 24. These results demonstrate that the training 
in scenes 1 and 2 laid the groundwork for navigating complex scenes, 
indicating the cross-scenario robustness of our system.

In comparison to the traditional white cane, the system showcased 
smoother turning and more efficient pathfinding, as evidenced by 
the traces in Fig. 6a(ii). Further traces are available in Supplementary 
Fig. 25. Statistical analysis revealed that walking speed with the wear-
able system was on par with cane usage31,32. The navigation time and 
walking distance were significantly reduced by approximately 25%. 
The incorporation of A-skins notably decreased collision incidents 
(Fig. 6a(iii)).

Our structured training and validation on scenes 1 to 3 demon-
strate the effectiveness of the wearable system. To further assess its 
impact across diverse real-world environments with a broader partici-
pant pool, we engaged an additional eight VIPs in real-world testing 
across four varied scenarios: indoor and outdoor environments, static 
and dynamic obstacles, work-related and daily living scenarios, and 
a comprehensive task mirroring real-world challenges (Fig. 6b(i),(ii) 
and Supplementary Fig. 26). The proficient completion of these tasks 
underscores the system’s effectiveness in meeting real-life challenges. 
Detailed overview of these representative tests can be found in Sup-
plementary Videos 5–8.

After all experiments, the VIPs completed the System Usability 
Scale, which is widely used for system usability evaluation32,33. They 
gave the wearable system average usability scores of 79.6 (Supplemen-
tary Table 2), corresponding to the 85th in a distribution of 5,000 com-
mercial and research devices34. In open-ended questions, participants 
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reported that the wearable system provided intuitive feedback and 
engaging training games.

Discussion
We engineered a human-centric, wearable visual assistance system by 
synergizing advancements in AI and hardware. It caters to the unique 
needs of VIPs while ensuring minimal physical and cognitive strain. 
The integration of audio and haptic components offers effective visual 

support. The audio segment focuses on processing intricate data within 
a frontal 70° field using AI algorithms but operates at a slower update 
rate of 250 ms per cycle. In contrast, the A-skin element swiftly handles 
sparse information, particularly detecting side obstacles at an update 
rate of 18 ms per cycle. The system mirrors the human eye configura-
tion, allocating a central region for detailed processing and a peripheral 
area for surveillance. By blending dense and sparse data processing, 
fast and slow response rates, and front-side observation capabilities, 

Real
person

Designed trace
Real trace

a

Perceive
and navigate

Earphone

Take a stepTake a step

Avatar

Training

Feedback

Virtual world 4

3

2

1

0

0 1 2
Distance (m)

3 4

Interface Real world

D
is

ta
nc

e 
(m

)

Smart insoles

b

Real-world pretest

Sp
ee

d 
(m

 s
–1

)

Real-world posttestVR training 

(ii)c (i)

Collision Collision

Speed (m
 s

–1)

0.1

0.3

0.6

1 m
Start

Target

……

Pre-/posttest

VR training

O1
O2

W2

W1

(iii)

0.5

0.4 Ti
m

e 
(s

)

D
is

ta
nc

e 
(m

)

C
ol

lis
io

n

40

Sp
ee

d 
(m

 s
–1

) 0.5

0.4

0.3

12

10
4

2

0

8

6

20

0.3
Pre 1 2 3 4 5 Post

Training conditions
Pre 1 2 3 4 5 Post

Training conditions
Pre 1 2 3 4 5 Post

Training conditions

Pre 1 2 3 4 5 Post

Training conditions

Pre 1 2 3 4 5 Post

Training conditions

0.1 (28%) 14 (44%) 1.5 (90%)*** *** ** **

12 VIPs

1.62 (19%)

d (i)
0.1 (27%)***

1 m

Pre

Speed (m s–1)
0.1 0.3 0.6

Post

Start

Target 

Visually 
blocked

Prompt to 
target

(ii) (iii)

VR trainingPre/posttest

Two turns
One turn

Training scene 1: direct navigation to target

Training scene 2: indirect navigation to target

1 m1 m

1 m

12 VIPs

Fig. 5 | Metaverse for immersive training. a, Workflow of VR training.  
b, Verification of the VR platform by comparing the real and reconstructed 
traces. c, Training process in scene 1: direct navigation. (i) Scene schematic. 
(ii) Representative training process. (iii) Statistical results. After training, the 
VIPs (n = 12) completed the tasks fast and smoothly with fewer collisions. The 
instantaneous speed (depicted by colour darkness) and curve smoothness reflect 

their increasing confidence on the system. d, Training process in scene 2: indirect 
navigation. This is to show the navigation to an initially unseen target without the 
need of global map. (i) Scene schematic. (ii) Representative trace before and after 
training. (iii) Statistics of walking speed of all the 12 VIPs (*P < 0.05, **P < 5 × 10−3, 
***P < 5 × 10−4, two-way ANOVA: random effect, participant; fixed effect, training 
condition).

http://www.nature.com/natmachintell


Nature Machine Intelligence | Volume 7 | April 2025 | 627–638 635

Article https://doi.org/10.1038/s42256-025-01018-6

the system efficiently monitors a broad area with minimal power usage 
and low latency. In terms of hardware, the system introduces a flexible 
sensory-motor A-skin and self-powered triboelectric smart insoles, 
offering better wearability compared to conventional rigid devices. 
Experiments with VIPs showed significant increases in various metrics. 
The system’s personalized algorithm and lightweight hardware provide 
insights for user-friendly wearable visual assistance systems.

The system showcases an overall cycle time that aligns with human 
reaction time (200–300 ms), as illustrated in the time sequence out-
lined in Supplementary Fig. 27. Operating at 4 Hz, the system consumes 
6.4 W of power (Supplementary Fig. 28). Further analysis indicates that 
within one cycle, the RGB-D camera consumes the most energy (0.85 J 

per cycle, 56% of the total energy). Additionally, a substantial portion 
of the power is allocated to support the Raspberry Pi system (0.45 J per 
cycle, 29% of the total energy). The A-skin consumes roughly 0.1–0.2 W 
of power depending on whether the actuator is activated or not. The 
system consumes less energy than many existing systems14,24,32, how-
ever, the overall energy consumption exceeds that of biological visual 
systems35. Transitioning to advanced cameras such as biomimetic 
eyes36–38 and energy-efficient application-specific integrated circuit 
chips in lieu of Raspberry Pi could further mitigate the overall power 
consumption.

Overall, the system stands as a promising research prototype, set-
ting the stage for the future advancement of wearable visual assistance. 
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Envisioned as an open-source platform, it welcomes interdisciplinary 
collaborations to drive its progression, including enhancements in 
vision models, integrated wearable electronics, insights from neuro-
science and personalized generative training environments. Crucially, 
the participation of a broader, more diverse group of VIPs is vital for 
advancing navigation aids tailored to their specific needs.

Methods
Overall system hardware
A Depth Camera D435i (Intel RealSense) is mounted on a 3D-printed 
glasses frame. It is connected to a Raspberry Pi 4 Model B microcon-
troller via USB. All computations are performed locally, without the 
need for remote server or other services. Audio cues (50 millisec-
onds spatialized cues or verbal instructions) are delivered through 
a wireless bone-conducting earphone (OpenRun Pro, Shokz). The 
system is powered by a commercial lithium-ion battery. Excluding 
the battery, the entire system weighs 195 g. The smart insoles include 
a three-axis magnetometer (HMC5883l, Adafruit) and triboelectric 
sensors. Angle and pressure data are used to estimate walking and 
rotation. A humanoid robot (TonyPi Pro, Huaner Electronic Technol-
ogy) was used in the demonstration. Its head camera was replaced 
with D435i and demonstration-related functions were programmed 
into its operating system.

Preparation of artificial skins
The electronic components, including the ToF (VL53L0X, STMicro-
electronics) sensor, MCU (ATMEGA328P-AU, Microchip Technology 
Inc.) and other components are integrated on flexible PET substrate 
by a flexible printed circuit board fabrication process. For the actua-
tion system, a thin permanent magnetic (thickness 0.5 mm, diameter 
5 mm) is fixed on bottom of PET substrate. A single layer copper coil 
(diameter 5 mm) is fixed on a narrow PET belt to form the vibrator. 
The copper coil is electrically connected to the output of MCU. The 
stretchable connection between the ToF sensor and control circuit 
is fabricated by printing silver particles onto a PDMS (polydimethyl-
siloxane) substrate (sylgard 184) by the material printer (Scientific 3, 
Prtronic). It is further packaged by another PDMS layer to improve the 
flexibility and stretchability.

Fabrication of triboelectric smart insoles
The triboelectric smart insole was fabricated by 3D printing of con-
cave pyramid array (100-μm bottom diameter, 200 μm in pitch). The 
microcones on PTFE (polytetrafluoroethylene) were prepared by hot 
embossing PTFE film (30 μm) against the mask for 2 min at 170 °C under 
a pressure of roughly 10 kg cm−2. The Al mesh was manually weaved by 
aluminium fibres (100 μm in diameter), which were then covered by an 
aluminium film of 100 μm. Small springs (1 mm in diameter) were used 
to separate the Al mesh and PTFE substrate. The electronic signal was 
conducted from the aluminium electrode.

Participants
The minimum number of participants with visual impairment was 
estimated using a power analysis of data from a pilot study. The mean 
walking speeds of novices and those trained were 0.283 and 0.336 m s−1, 
respectively, and the standard deviation is 0.038 m s−1. The power 
analysis used a power of 0.9 at a significance level of 0.05. The power 
analysis recommended 9 participants and 12 were selected to provide 
a factor of safety in case data from any participants were found to be 
unusable during later analysis. We recruited an additional eight VIPs 
in the real-world test. A total of 20 VIPs participated in the experiment. 
The participants were selected randomly from diverse backgrounds, 
such as education, age, gender and personal habits. All participants had 
no experience with similar assistive devices, minimizing the effect of 
previous knowledge that participants may have had. All participants 
were further blindfolded to avoid the residual vision of some VIPs. 

All participants were volunteers and provided written informed con-
sent before completing the protocol (IRB HRP AD01V01), which was 
approved by the Shanghai Jiao Tong University Institutional Review 
Board. Consent was obtained for the publication of identifiable images 
and videos of the research participants. The detailed information about 
the participants with visual impairment is shown in Supplementary 
Table 1.

Metaverse rehabilitation training and real-world navigation 
experiments
Unity (v.2020.3.36f1) was used to build the virtual environment. Camera 
and ray casts are used to simulate the RGB-D camera. Scene 1 features 
two parallel walls and two obstacles. The walls are 2.5 m apart and 1 m 
high, while the obstacles are 1.2 m wide and 1 m high. Scene 2 includes a 
table in the upper left corner, a chair in the upper right and surrounding 
walls 1 m high. The chair is invisible from the starting point due to wall 
obstructions. Collisions are simulated with a collision sound effect. 
During the pretest and posttest, we built the virtual scenarios in the 
real world, using the wearable system for navigation.

To avoid the influence of scene memorization, scenes 1 and 2 were 
randomly alternated during the training sessions, and the layouts of 
these scenes were randomly mirrored. After each session, a 2-min break 
was given, during which participants could ask and answer questions. 
These measures ensured that participants did not repeatedly train on 
the exact same scene configuration.

To evaluate the training effect, scene 3 was devised for validation. 
It consisted of a maze, and the total path length was approximately 25 
m. A table was placed as a landmark. After training in scenes 1 and 2, the 
VIPs proceeded directly to scene 3, which was entirely new and had not 
been previously encountered. Participants wore hats with tags on them, 
and an Ultra-Wideband system recorded the tags’ two-dimensional 
positions at a rate of 50 Hz. Average walking speed was calculated by 
dividing the total path length by the completion time. Collisions were 
counted whenever a participant made contact with walls or obsta-
cles. The training regimen was meticulously organized to guarantee 
that users attained consistent performance levels without excessive 
exertion.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All the data required to assess the conclusions of the article are avail-
able via Figshare at https://doi.org/10.6084/m9.figshare.26103583 
(ref. 39) and are available for reuse for ethical and scientific purposes.

Code availability
The exemplary scripts for data processing and analysis for this study 
are available in the GitHub repository at https://github.com/Jian-
Tang2000/wearableSystem (ref. 40).
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