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ABSTRACT: To address the growing demand for assisted feeding in aging societies, our team developed an
intelligent feeding robot named “Xiao Xi”. This robot integrates multimodal interaction (voice control,
handheld button, foot pedal, and mechanical button), deep learning-based food recognition and mouth
positioning, and a novel spoon-chopstick integrated mechanism capable of handling both solid and semi-solid
foods. To systematically evaluate its clinical value, we enrolled 40 healthy elderly participants in a
randomized crossover trial, comparing a robot-assisted feeding session (RFS) with a human-assisted feeding
session (HFS). Outcome measures included food intake percentage, successful feeding percentage, average
feeding duration, QUEST 2.0 satisfaction score, and safety outcomes. RFS showed a lower food intake
percentage than HFS (adjusted mean difference = —33.90%, 95% CI: —35.57 to —32.23, p < 0.001) and
required a longer average feeding duration (adjusted mean difference = 2.78 s, 95% CI: 2.35 to 3.21, p <
0.001). No significant differences were observed in the successful feeding percentage or QUEST 2.0
satisfaction score. No adverse events occurred during either feeding condition. These findings suggest that
“Xiao Xi” is safe and acceptable for healthy elderly users, but its feeding efficiency remains lower than HFS.
Further optimization and validation in elderly individuals with real feeding assistance needs are required.

Keywords: Intelligent feeding robot; Multimodal interaction; Randomized crossover trial; Assistive
technology; Evaluation; Elderly
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1. Introduction

China is among the countries experiencing the fastest growth in its aging population worldwide. As
life expectancy increases and birth rates decline, projections indicate that the proportion of individuals aged
60 and above will increase significantly, from 12.4% (168 million) in 2010 to 28% (402 million) by 2040
[1]. This demographic shift will lead to a substantial increase in elderly individuals requiring care. From
2010 to 2050, China’s dependency ratio is expected to rise from 5.6% to 6%, with approximately 66 million
elderly people requiring care services [2].

The growing care demand has posed great pressure on both family caregivers and the formal care
system. The shortage of professional care workers has become a prominent contradiction in elderly care
services, and feeding assistance, as one of the most frequent daily care tasks, takes up a large amount of
care workers’ working time [3-5]. However, numerous individuals encounter eating difficulties,
particularly the elderly, stroke survivors, those affected by Parkinson’s disease, and individuals with hand
disabilities, frequently resulting in the loss of independent eating ability [6—9]. This loss of autonomy in
eating can lead to depression and self-blame, while simultaneously creating additional temporal and
financial burdens for families [10—12]. Restoration of independent eating capability would not only ensure
adequate nutritional intake but also substantially enhance mental well-being and quality of life [13].

In recent years, with the rapid development of intelligent robotics technology, feeding robots have
gradually entered the field of elderly care to assist in completing automatic feeding tasks, which is expected
to alleviate the contradiction between supply and demand of care services. We have witnessed the
development of various intelligent feeding aids by researchers globally, including smart spoons, assisted
feeding devices, and feeding robot systems [14—19]. Prior research has made notable contributions to
advancing robotic feeding capabilities. The Dutch RSI service robot (1982) established an early proof-of-
concept for robotic feeding assistance using a simple robotic arm [20]. However, as a general-purpose
platform rather than a dedicated feeding device, its feeding functionality remained rudimentary, constrained
by inadequate adaptive control for varying food consistencies, low positioning accuracy, and minimal user
interface options. Subsequently, Mike Topping from the United Kingdom developed Handyl, which
implemented feeding functions through switch-based user control. However, its large physical footprint
limited deployment in space-constrained care environments [21]. In 2016, Desin from the United States
introduced the Obi feeding robot, which gained attention for its compact dimensions and user-friendly
segmented plate system with button-based interfaces. Yet, its reliance on pre-programmed positioning and
lack of adaptive food recognition restricted its flexibility in complex meal configurations [22]. Meanwhile,
Japan’s My Spoon achieved enhanced precision through a five-degree-of-freedom robotic arm but suffered
from limited system integration and cumbersome operational procedures, reducing its intuitiveness for elderly
users [23]. More recently, hybrid brain-computer interface-based control systems have been proposed, but
the need to wear multiple biosignal acquisition devices poses practical challenges for daily use [24].

Despite these contributions, four persistent barriers impede the translation of feeding robots from
laboratory prototypes into practical, acceptable assistive devices for real-world elderly care. First, most
existing systems rely heavily on pre-programmed positioning and lack adaptive control for varying food
consistencies, resulting in suboptimal handling of diverse meals with mixed textures. Second, practical
deployment is frequently constrained by large physical footprints or low system integration that necessitates
multiple separate components and complex operating procedures, thereby reducing usability for elderly
users. Third, advanced interfaces such as BCI require users to wear cumbersome biosignal acquisition
devices, posing substantial daily usability challenges. Fourth, current research on intelligent feeding robots,
both domestically and internationally, primarily focuses on evaluating the robots’ intrinsic technical
performance, including aspects such as robotic arm control, positioning accuracy, and food target detection
processing speed [25-27], with less attention given to user-centered clinical outcomes in real-world meal
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scenarios. Technical metrics alone cannot adequately reflect a feeding robot’s performance in actual meal
scenarios, where food is randomly distributed, textures vary, and users have individual eating preferences.
A system that excels in engineering benchmarks may still achieve low food intake percentage, produce
uncoordinated or jerky feeding motions, or fail to deliver a satisfactory user experience when deployed with
older adults in real-world settings. Given these barriers, developing a feeding robot that simultaneously
addresses technical adaptability and user-centered clinical evaluation is necessary for translating laboratory
prototypes into practical care solutions.

2. Robot System Design

To bridge these gaps, we developed “Xiao Xi” (Figure 1), an intelligent feeding robot grounded in
human-centered design principles. The system integrates three key functional modules: (i) a multimodal
interaction module incorporating voice control, handheld buttons (Figure 2A), foot pedals (Figure 2B), and
mechanical buttons to accommodate diverse user capabilities; (ii) a deep learning-based visual perception
module that enables real-time food recognition and mouth localization for precise food delivery; and (iii) a
spoon-chopstick integrated end-effector that handles both solid and semi-solid foods, coordinated with a
robotic arm and rotating meal plate to enhance food acquisition from randomly distributed items. The entire
system features a lightweight, compact design (total weight < 5.0 kg) to facilitate deployment in space-
constrained care environments. To assess its real-world applicability, we enrolled 40 healthy elderly
participants in a randomized crossover trial to evaluate the effectiveness, safety, and user acceptance of
robot-assisted feeding sessions (RFS) compared with human-assisted feeding sessions (HFS).

el

Figure 1. Feeding Robot “Xiao Xi”(the four black buttons correspond to reset, food selection, feeding, and power on/off,
respectively).
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Figure 2. Multi-modal interaction. (A) Handheld button; (B) foot pedals.

2.1. Hardware Configuration

The “Xiao Xi” feeding robot mainly consists of a 4-DOF serial robotic arm, a rotating meal plate, and
a spoon-chopstick integrated end-effector [28]. The key innovation of the system lies in the spoon-chopstick
integrated end-effector (Figure 3). It consists of two half-spoon structures connected by a gear transmission
mechanism. When the two halves close, they form a complete spoon suitable for scooping gelatinous or
soft foods; when opened, they function as chopsticks for grasping solid foods. This dual-function design
enables the robot to handle diverse food types seamlessly without requiring tool changes, addressing a
major limitation of most existing feeding robots that rely on single-type end-effectors.

Figure 3. (A) Structure of the robot; (B) Structure of Spoon-Chopstick integrated end-effector.

2.2. Perception and Recognition Algorithms

Food Recognition: Single-dish recognition utilizes color-based segmentation. For practical multi-dish
scenarios with heterogeneous foods on one plate, an improved YOLOvVSs model was developed [29]. This
model significantly enhances detection performance for multiple simultaneously presented dishes.
Compared with the baseline YOLOvS5s and conventional single-task approaches commonly used in prior
feeding robot studies, the improved model achieved a mean Average Precision (mAP) of 0.848,
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representing an approximately 10% improvement (Table 1). It demonstrates strong capability in accurately
identifying and localizing multiple food types in a single view, effectively addressing the challenge of
randomly distributed foods in real meal settings.

Table 1. Detection Precision Comparison of YOLOvVS5s (baseline) and Improved YOLOVSs.

Detection Precision YOLOVSs (Baseline) Improved YOLOvSs
R-type dishes (AP) 0.779 0.892
G-type dishes (AP) 0.731 0.824
B-type dishes (AP) 0.714 0.805
mAP (Average accuracy) 0.744 0.848

Facial Detection and Mouth Localization: The Dlib library combined with OpenCV enables reliable
face detection and 68 facial landmark extraction (Figure 4). Mouth center position is calculated from key
landmarks, with binocular stereo vision providing 3D spatial coordinates. The system robustly tracks the
user’s mouth in real time, even with head movements, and selects the most prominent face when multiple
faces are detected.
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Figure 4. OpenCV-based 68-point face recognition. (A) Annotation of 68 facial keypoints; (B) 68-point landmarks tracked on
video faces.

2.3. Control Strategy and Trajectory Planning

The “Xiao Xi” feeding robot employs a vision-servo control strategy that tightly integrates real-time
mouth position recognition from the visual system with robotic motion planning and control. As shown in
the control architecture (Figure 5), the system takes the 3D mouth coordinates obtained from facial
landmark detection and binocular stereo vision as the primary input. This visual feedback is fused into a
closed-loop pipeline comprising trajectory planning, real-time interpolation, joint controller, and motion
execution, enabling dynamic adjustment to user’s head movements during feeding.

End-effector pos
FBK

Input: Trajectory | | Real-Time Ll Joint | | Motion Output:
Mouth Real-Time pos Planning Interpolation Controler Execution End-effector pos

Figure 5. Control Architecture.
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High-level task planning coordinates food grasping from the rotating meal plate and feeding actions,
while mid-level trajectory generation utilizes multi-segment linear interpolation to produce smooth, safe
paths. The low-level joint servo controllers ensure precise execution. For safety and user comfort, the final
feeding position is consistently maintained 20-30 mm in front of the detected mouth location. This vision-
based closed-loop approach allows the robot to continuously track and adapt to the user’s mouth position
in real time, achieving reliable and natural feeding motions in practical scenarios.

2.4. Safety Mechanisms

Safety is prioritized through hardware and software measures: force-limited servos with collision
detection, physical emergency stop buttons, software watchdog timers, fault recovery (e.g., re-localization
on detection failure), conservative feeding distance offsets, and physical design constraints to limit contact
forces. All experiments confirmed safe operation under realistic conditions.

This comprehensive system design provides the technical foundation for the subsequent user-centered
evaluation presented in this study.

3. Materials and Methods
3.1. Participants

Participants were recruited from the Sixth Affiliated Hospital of Sun Yat-sen University. The inclusion

criteria were as follows:

1. Age >60 years;

2. Ability to maintain a sitting position for >30 min;

3. Stable vital signs, absence of mental illness;

4. No severe cognitive impairment, Mini-Mental State Examination (MMSE) score >17, ability to
understand and comply with the trial requirements;

5. Willingness to provide informed consent.

Exclusion criteria included severe organ failure and an inability to feed orally.

3.2. Methods

The feeding scenario utilized a standardized 500-g meal comprising four dishes: shredded pork with
eggplant, scrambled eggs with tomatoes, mapo tofu, and broccoli. A random allocation sequence was
generated using SPSS version 25.0. Participants were assigned in a 1:1 ratio to one of two feeding sequences
according to this sequence. In sequence A, participants received RFS at lunch, followed by HFS at dinner.
In sequence B, participants received HFS at lunch followed by RFS at dinner. Each participant completed
both feeding conditions. Period and sequence effects were included in the statistical analysis to account for
potential lunch—dinner differences, order effects, learning effects, and fatigue.

3.3. Feeding Procedure

All participants experienced both RFS and HFS. Prior to the experiment, all participants were
instructed to finish the entire 500 g meal under both conditions, unless the feeding process itself could no
longer proceed meaningfully (e.g., the robot ceased feeding upon consecutive empty spoons or when the
spoon contained minimal food, or the caregiver dropped the spoon). This instruction was applied identically
to both sessions. The specific procedures for each intervention are described below.
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3.3.1.RFS

The meal was presented on a designated plate, where the robot’s depth camera automatically identified

the food items (Figure 6A). Upon identification, the system displayed the relevant food items for the user.
Participants could select multiple interaction methods for feeding (Figure 6B).

Figure 6. Robot-assisted feeding procedure. (A) The robot recognizes the dishes; (B) The participant is being fed by the “Xiao Xi”.

For voice interaction, users activated the system with phrases “Xiao Xi, please help me get * number

food” or “Xiao Xi, I want to eat ****”_ After system acknowledgment, the selected food item was retrieved
and feeding commenced. The phrase “Xiao Xi, ’'m done” reset the robotic arm. Alternatively, subjects could
utilize handheld buttons, foot pedals, or mechanical buttons during feeding. The feeding process terminated
upon three consecutive empty spoons or when less than one-third of the spoon surface contained food.

3.3.2. HFS

The relatives provided the participants with identical types and weights of food as those used in the RFS.

3.4. Evaluation Indicators

3.4.1. Effectiveness Indicators

a.

Food intake percentage: This was calculated as (weight of food consumed/total weight of food on plate
before meal) x 100%. All food portions were pre-weighed using a digital scale (accuracy +1 g). After
each session, any leftover food on the plate and all food spilled onto the bib, tray, or surrounding area
were collected and weighed together to determine the remaining food weight, ensuring accurate
calculation of actual intake.

Successful feeding percentage: This was calculated as (number of successful attempts/total attempts
within the first 16 trials) X 100%. A feeding attempt was considered successful only when all three criteria
were met: (i) more than two-thirds of the food on the spoon surface was delivered to and consumed by
the participant; (ii) no food spillage occurred during transport or transfer; and (ii1) no robot malfunction
interrupted the process. If any criterion was violated, the attempt was recorded as unsuccessful.

Single feeding task duration: All feeding sessions were video-recorded using a high-definition camera.
Two independent evaluators reviewed the footage and extracted the duration of selected feeding attempts
using timing software, with the average of the two measurements used for analysis. The 5th, 10th, and
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15th feeding attempts were selected for analysis, and their average duration was calculated. For the RFS,
task time was measured from the moment the participant issued the command (voice, button, or foot
pedal) until the food was delivered to the participant’s mouth. For the HFS, task time was measured from
the moment the caregiver’s spoon began to move upward from the plate toward the participant’s mouth
until the food was delivered. This metric primarily reflects the robot’s feeding efficiency.

3.4.2. Interaction Indicators

Interaction satisfaction was assessed using the Quebec User Evaluation of Satisfaction with Assistive
Technology (QUEST 2.0) [25]. QUEST 2.0 is originally designed to evaluate user satisfaction with
assistive technology and related services. In the present study, it was used to assess participants’ satisfaction
with the overall feeding assistance experience under both feeding conditions. For the RFS, participants
rated their satisfaction with the feeding robot and the related service process. For the HFS, the same item
framework was applied to the HFS process, and participants rated their satisfaction with the assistance
method and service experience, including perceived comfort, convenience, safety, and overall acceptability.
The scale consists of 12 items and uses a 5-point Likert scoring system, with scores from 1 to 5 representing
satisfaction levels from very dissatisfied to very satisfied. The maximum total score is 60 points, with higher
scores indicating greater satisfaction. Because QUEST 2.0 was originally developed for assistive
technology assessment, its application to the HFS condition should be interpreted as a comparative measure
of feeding-service satisfaction.

3.4.3. Safety Indicators

a. Record adverse events, such as a malfunctioning robotic arm during feeding or a spoon causing injury
to the patient;
Monitor vital signs: document heart rate, blood pressure, and blood oxygen levels before and after feeding;
c. Assess symptoms: check for any occurrences of dizziness, headache, chest tightness, chest pain, or
difficulty breathing during feeding.

4. Statistical Methods

Statistical analyses were performed using R. Continuous outcomes were summarized as mean =+
standard deviation or median with interquartile range according to data distribution. Linear mixed-effects
models were used for food intake percentage, average feeding duration, and QUEST 2.0 satisfaction score.
Feeding condition, period, and sequence were included as fixed effects, and participant was included as a
random intercept. Successful feeding was analyzed as the number of successful attempts out of 16 attempts
using a generalized linear mixed-effects model with a binomial distribution. Effect sizes were calculated
using Cohen’s dz for paired continuous outcomes. Effect estimates were reported as adjusted mean
differences or odds ratios with 95% confidence intervals. Safety outcomes were analyzed using change
values calculated as post-feeding minus pre-feeding values. A two-tailed p-value < 0.05 was considered
statistically significant.

5. Results
5.1. Demographic and Clinical Baseline Data

The study included 40 participants, including 12 males (30%) and 28 females (70%). The median age
was 64 (63, 67) years, and the median MMSE score of the participants was 26 (26, 27) points; All
participants scored 0 points on the EAT-10 assessment, achieved FOIS level 7, and the 15-item Geriatric
Depression Scale (GDS-15) score was 1 (0, 1). These scores indicate that participants exhibited no
swallowing impairments and maintained good mental health status.
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5.2. Verification Results of Effectiveness and Interactivity

Mixed-effects models showed that RFS had a significantly lower food intake percentage than HFS
(adjusted mean difference = —33.90%, 95% CI: —35.57 to —32.23, p < 0.001). RFS also required a longer
average feeding duration (adjusted mean difference = 2.78 s, 95% CI: 2.35 to 3.21, p < 0.001). No
significant difference was observed in successful feeding percentage between the two conditions (OR =
0.93, 95% CI: 0.43 to 2.03, p = 0.860). QUEST 2.0 satisfaction scores were not significantly different
between RFS and HFS (adjusted mean difference = —0.80 points, 95% CI: —1.61 to 0.01, p = 0.054). No
sequence effect was detected for the main outcomes. A period effect was observed for the QUEST 2.0
satisfaction score. Detailed outcome comparisons are presented in Table 2, and the corresponding
distributions are illustrated in Figure 7.
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Figure 7. Comparison of effectiveness and human-robot interaction outcomes between RFS and HFS. (A) Food intake
percentage; (B) successful feeding percentage; (C) average feeding duration per attempt; (D) QUEST 2.0 satisfaction score. Data
are shown as paired observations for each participant, with group-level summaries presented as mean and 95% confidence
interval. HFS, human-assisted feeding session; RFS, robot-assisted feeding session.

Table 2. Effectiveness and human—robot interaction outcomes.

Effect

Outcome HFS RFS (RFS — HFS) 95% CI p Value Effect Size
Food intake percentage (%) 100.00£0.00 66.10+3.91 MD=-33.90 —35.57t0—-32.23 <0.001 dz=-8.68
Successful feeding percentage (%) 9591+£3.69 9559+3.59 OR=0.93 0.43 to 2.03 0.860 -
Average feeding duration (s) 531+£0.85 8.08+0.66 MD=2.78 2.35t03.21 <0.001 dz=2.51
QUEST 2.0 satisfaction score 58.30+1.22 57.50+1.61 MD=-0.80 —1.61 t0 0.01 0.054 dz=-0.37

Values are presented as mean =+ standard deviation. MD represents the adjusted mean difference; OR represents the odds ratio.
The effect estimate is calculated as RFS minus HFS for MD and RFS relative to HFS for OR. dz represents Cohen’s dz. HFS,
human-assisted feeding session; RFS, robot-assisted feeding session; CI, confidence interval.
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5.3. Results of Safety Verification

No adverse events occurred during either feeding condition. No participant reported dizziness,
headache, chest tightness, chest pain, dyspnea, or feeding-related injury. Small fluctuations in vital signs
were observed after feeding. In the within-condition analysis, systolic blood pressure increased slightly
after RFS, and heart rate increased slightly after HFS. The between-condition comparisons of change values
showed no significant differences in systolic blood pressure, diastolic blood pressure, heart rate, or oxygen
saturation. The absolute magnitude of these changes was limited, and all vital signs remained within
acceptable physiological ranges. These findings indicate that RFS was well tolerated by healthy elderly
participants under the present experimental conditions. The results are presented in Table 3.

Table 3. Safety outcomes.

p within Between-Condition A p Between
Condition 95% CI) A
SBP, mmHg HFS 122.30£10.34  124.15+11.76 1.85+4.86 0.105

Outcome  Condition Before Feeding After Feeding A

0.80

20+ 12, 85+ 13. .65 £ 3. . .
SBP, mmHg RFS 121.20+12.55 123.85+13.08 2.65+3.80 0.006 (-1.73 10 3.33) 0.515
DBP, mmHg HFS 75.75+5.10 76.10+4.71  0.35+£2.62 0.557
—-0.75
.65 4. 25+ 2. —0.40 £+ 3. . .
DBP, mmHg RFS 76.65 £ 4.34 76.25 +£2.65 0.40+3.03  0.562 (~1.98 10 0.48) 0.218
Heart rate, bpm  HFS 75.85+9.50 77.80+ 820 195+4.14 0.048
-1.15
Heart rat RF 35+8.1 A5+6. .80 £2. 232 2
eart rate, bpm S 76.35+8.10 77.15+£6.98  0.80+2.89 0.23 (-3.39 t0 1.09) 0.297
SpO2, % HFS 97.05£1.10 97.20+£0.95 0.15+1.53 0.666
SpO», % RFS 96.95 +0.89 97.15+1.14 020+ 1.11 0.428 0.05 0.878

(=0.62 t0 0.72)
Values are presented as mean =+ standard deviation. A was calculated as the after-feeding value minus the before-feeding value.
p within condition represents the pre—post comparison within each feeding condition. Between-condition A represents the
adjusted difference in change values between RFS and HFS. HFS, human-assisted feeding session; RFS, robot-assisted feeding
session; SBP, systolic blood pressure; DBP, diastolic blood pressure; SpO», peripheral oxygen saturation; CI, confidence interval.

6. Discussion

The loss of independent eating ability significantly affects self-efficacy and autonomy [30,31], often
triggering helplessness, social withdrawal, and increased caregiver burden [32—-34]. Intelligent feeding
robots offer a promising solution, yet evidence on their real-world performance against HFS remains scarce.
This study evaluates “Xiao Xi”, a feeding robot distinguished by two design features: (i) the integration of
multimodal interaction with deep learning-based perception and a spoon-chopstick mechanism adapted for
Chinese cuisine; and (ii) a user-centered, randomized crossover design comparing RFS with HFS using
clinically validated outcome measures in a real meal scenario. Unlike previous investigations that have
relied largely on engineering benchmarks, this evaluation emphasizes operational effectiveness, user
satisfaction, and safety under realistic conditions.

6.1. Key Findings and Performance Comparison

In this randomized crossover investigation, we compared RFS with HFS under standardized meal
conditions. The results showed that RFS was less efficient than HFS, as reflected by a lower food intake
percentage and a longer average feeding duration. This finding indicates that the current robot system still
has limitations in completing a full meal as efficiently as human assistance. The lower food intake
percentage may be related to insufficient real-time tactile feedback and adaptive spoon control, which may
limit the robot’s ability to retrieve scattered food residues, scrape the plate, and adjust spoon orientation
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during delivery. The longer feeding duration may also reflect the sequential nature of robot operation,
including food recognition, food acquisition, trajectory planning, and delivery. In contrast, human
caregivers can flexibly adjust food collection strategies, feeding angle, speed, and spoon orientation through
visual and tactile feedback.

Despite these efficiency limitations, the successful feeding percentage did not differ substantially
between RFS and HFS. This suggests that once the robot acquired food and delivered it to the mouth, the
feeding action itself was generally reliable. Therefore, the main limitation of the current system appears to
lie in food acquisition efficiency and adaptive control rather than in the basic ability to deliver food to the
mouth. QUEST 2.0 satisfaction scores were also comparable between the two feeding conditions,
suggesting that healthy elderly participants showed good acceptance of RFS. This may be partly explained
by the autonomy, novelty, and multimodal interaction options provided by the robot, which may have
compensated for its slower feeding process.

The crossover design may be affected by order effects, learning effects, fatigue, and differences
between lunch and dinner. Therefore, period and sequence effects were included in the statistical model.
No sequence effect was detected for the main outcomes, suggesting that the order of RFS and HFS did not
substantially influence the main findings. However, a period effect was observed for the QUEST 2.0
satisfaction score, indicating that subjective satisfaction may have been influenced by meal period, prior
task experience, or adaptation to the feeding procedure. This result should be interpreted cautiously.

Overall, these findings indicate that “Xiao Xi” has achieved acceptable basic feeding reliability, user
satisfaction, and short-term safety in healthy elderly participants, but its feeding efficiency remains lower
than HFS.

6.2. User Feedback and Directions for Interaction Optimization

The feedback collected during the validation phase provided crucial insights for optimizing human-
robot interaction. Users were permitted to select their preferred interaction modes, and their feedback was
systematically collected. Although voice control offered convenience, the necessity for repeated commands
with each feeding cycle increased user fatigue, adversely affecting the overall experience. Some
participants suggested a “continuous feeding mode” where the robot would automatically proceed to the
next desired food item after each successful delivery, only requiring interruption when changing food type.

Despite the robot’s high accuracy in recognizing standard Mandarin, it demonstrated limitations with
regional dialects such as Cantonese, potentially hindering technology adoption among linguistically diverse
populations. Future iterations should incorporate multilingual and dialect-specific speech recognition
modules adapted to various regional linguistic and cultural contexts.

6.3. Limitations and Future Directions

This study has several limitations. First, the exclusive enrollment of healthy elderly participants
without swallowing or feeding disorders limits the generalizability of our findings to clinical populations,
including stroke survivors, patients with Parkinson’s disease, and individuals with upper limb motor
impairments, who represent the ultimate target users of this technology. Future studies in these specific
populations are essential before clinical application can be recommended. Second, the modest sample size
and single-session protocol constrain conclusions regarding long-term usability, user adaptation, and the
durability of outcomes. Extended trials with larger cohorts and repeated feeding sessions are needed to
address these gaps. Third, the absence of multimodal sensor data, such as robotic arm motion trajectories
and food recognition accuracy, limits objective and quantitative assessments of technical performance in
the current study.
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Based on this study’s findings and limitations, several future development directions are proposed.
First, feeding efficiency needs further improvement, which can be realized by integrating force-torque
sensors for adaptive scooping and optimizing the deep learning-based food recognition model for dynamic
path planning to maximize food retrieval [35-37]. Second, further optimizing interaction modes to reduce
operational fatigue and balancing technical complexity and user-friendliness is still crucial for achieving
accurate and humanized robotic feeding services in real scenarios [25,38]. Third, to promote real-world
application, the system’s speech recognition should add support for Chinese regional dialects and multiple
languages to improve accessibility for linguistically diverse elderly groups. Fourth, most importantly, strict
verification among target clinical groups, including stroke survivors, Parkinson’s patients, and people with
upper limb motor impairments, is necessary to confirm the generalizability and clinical value of assisted
feeding robots.

7. Conclusions

In healthy elderly participants, “Xiao Xi” demonstrates high user satisfaction, and no adverse events
were observed under the present experimental conditions; however, improvements in feeding efficiency are
necessary. It is important to note that these findings are preliminary and limited to healthy older adults;
further validation in populations with actual feeding impairments is required.
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