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Individuals with severe motor impairments face challenges in performing
daily manipulation tasks independently. Existing assistive robotic systems
show limited accuracy (typically 85-92%) and low intuitive control,
requiring extensive training. This study presents a control system integrating
electrooculography (EOQG) signals with real-time computer vision feedback
for natural, high-precision control of a 4-degrees-of-freedom (4-DOF)
robotic manipulator in assistive applications. The system uses an optimized
K-Nearest Neighbors (KNN) algorithm to classify six eye-movement
categories with computational efficiency and real-time performance.
Computer-vision modules map object coordinates and provide feedback
integrated with inverse kinematics for positioning. Validation with 10 able-
bodied participants (aged 18-22) employed standardized protocols under
controlled laboratory conditions. The KNN classifier achieved 98.17%
accuracy, 98.47% true-positive and 1.53% false-negative rates. Distance-
measurement error averaged 1.5 mm (+ 1.6 mm). Inverse-kinematics
positioning attained sub-millimeter precision with 0.64 mm mean absolute
error (MAE) for frontal retrieval and 1.58 mm for overhead retrieval.
Operational success rates reached 99.48% for frontal and 97.96% for top-
down retrieval tasks. The system successfully completed object detection,
retrieval, transport, and placement across ten locations. These findings
indicate a significant advancement in EOG-based assistive robotics,
achieving higher accuracy than conventional systems while maintaining
intuitive user control. The integration shows promising potential for
rehabilitation centers and assistive environments, though further validation
under diverse conditions, including latency and fatigue, is needed.
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1. INTRODUCTION

The implementation of robotic systems to aid the elderly and individuals with disabilities in executing
daily living activities autonomously has yielded positive outcomes [1]-[7]. This investigation focuses on the
development of an EOG-controlled robotic manipulator system designed as an external assistive device for
individuals with severe motor impairments who retain ocular control[8]. Robotic manipulators and prosthetic
hands share similarities in design and function [8]-[12]. Robot manipulators provide a mechanism to bridge
the gap between disabilities marked by the lack of hand function and their environment, thus facilitating
individuals with disabilities to proficiently grasp and manipulate objects [9],[13]-[15].

The integration of biosignals into control systems for assistive robotic devices has significantly advanced
rehabilitation technologies [16]-[18]. Among various biosignal modalities, Electrooculography (EOG)
presents unique advantages for individuals with severe motor impairments, as ocular motor function is often
preserved even when limb mobility is completely lost [19][20]. EOG-based control systems translate eye
movements into mechanical commands through signal acquisition, processing, and implementation of control
strategies [21]-[25]. While alternative modalities such as Electromyography (EMG) have been explored, they
require residual muscle function that may not be available in conditions such as advanced amyotrophic lateral
sclerosis (ALS) or high-level spinal cord injuries [26][27]. Therefore, EOG represents a particularly suitable
control interface for the target user population of this study. Conventional assistive control systems typically
achieve 85-92% accuracy in laboratory settings [28], establishing the baseline for clinical viability. Recent
advances in machine learning and high-density sensing have demonstrated accuracies exceeding 95% in offline
evaluations [29]. However, measurable performance gaps persist during real-time closed-loop operation, with
accuracy drops of approximately 4% attributed to user adaptation, feedback effects, and context shifts [30].

Despite the promising potential of electrooculography (EOG) as a control modality for human—computer
interaction (HCI) and brain—computer interfaces (BCI), its practical adoption is still limited by several
challenges. Signal quality issues such as baseline drift, blink and fatigue artifacts, and high inter-subject
variability often degrade performance and require extensive calibration [31]-[37]. Real-time responsiveness
also remains problematic, as latency between ocular intention and system feedback can disrupt continuous
interaction and frustrate users [38]-[42]. Furthermore, scalability is constrained: most EOG applications
emphasize coarse binary commands, with relatively little progress toward fine motor decoding, precision
manipulation, or seamless transition from 2D to 3D spatial control [43]-[46]. Addressing these limitations
requires hybrid approaches that integrate EOG with complementary modalities like SSVEP, EEG, or eye-
tracking, alongside innovations in electrode design and edge processing, to enhance robustness, scalability, and
usability in real-world assistive and interactive systems [47][48].

Translating EOG-derived commands into precise spatial positioning requires robust inverse kinematics
algorithms to calculate joint angles that achieve accurate end-effector placement [49]-[51]. While analytical
and numerical solvers are commonly employed, their performance may be constrained by manipulator design
or operational velocity requirements [52][53]. The computational complexity inherent in inverse kinematics
presents a critical challenge for EOG-based systems, where latency must be minimized to maintain natural
interaction [54]-[62]. This computational constraint directly influences the selection of manipulator degrees of
freedom (DOF). Three-DOF configurations limit workspace reachability and approach angles, restricting
manipulation strategies for activities of daily living [63]. Conversely, six-DOF systems introduce kinematic
redundancy that increases computational burden and control complexity, potentially introducing unacceptable
delays in real-time EOG control loops where latency critically affects user experience [64]. A four-DOF
configuration represents an optimal balance, providing sufficient flexibility for common grasping tasks—
including approach angle variation and obstacle avoidance—while maintaining computational tractability for
real-time performance [65]-[68]. Recent advancements demonstrate that optimized DOF selection combined
with efficient inverse kinematics algorithms can enhance both operational precision and system responsiveness
in assistive manipulation applications [69]-[73].

Prior research has demonstrated the feasibility of EOG-based control in assistive applications, yet critical
gaps remain in transitioning from coarse control to precision manipulation. Earlier work developed a multi-
biosignal manipulator system combining EOG, jaw EMG, and flex sensors, achieving minimal errors in pick-
and-place tasks using fuzzy logic controllers [74]. However, this multi-modal approach limits applicability to
users with preserved muscle function beyond ocular control—excluding individuals with complete motor
paralysis. Subsequent research achieved 98.89% accuracy in EOG-controlled wheelchair navigation through
decision tree classification of eye movements and blinks [75]. While demonstrating EOG reliability, wheelchair
control addresses fundamentally different requirements than robotic manipulation. Wheelchair navigation
relies on discrete directional commands (forward, left, right, stop) with centimeter-level precision and
intermittent control actions [76][77]. Conversely, robotic manipulation demands continuous trajectory control
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in three-dimensional space with millimeter-level precision for successful object grasping and handling [78].
This transition presents significant challenges: increased spatial dimensionality (2D—3D), heightened
precision requirements from cm to mm, and continuous vs. discrete control paradigms. These translational
challenges motivate the development of enhanced control architectures specifically designed for EOG-based
precision manipulation tasks.

To address these identified gaps, the research contributions of this study are threefold. First, we introduce
an integration of EOG-based control with a dual-function camera system that not only provides intuitive real-
time visual feedback to the user but also enables accurate mapping of object coordinates within the workspace.
This integration directly mitigates the cognitive load associated with conventional EOG interfaces, which often
lack intuitive interaction. Second, we design and implement a 4-DOF robotic manipulator specifically
optimized for EOG-driven assistive grasping. The chosen configuration achieves an effective trade-off between
manipulation flexibility and computational efficiency, thereby supporting more complex approach strategies
without incurring the processing overhead that typically compromises responsiveness in EOG control loops.
Third, we develop a hybrid control architecture that combines eye-movement detection with automated object
recognition. This design substantially reduces the precision demands placed on the user by automatically
identifying and localizing objects, allowing EOG signals to function primarily as high-level intent commands
rather than low-level control inputs. Collectively, these contributions address critical gaps in current
approaches by reducing cognitive effort, enhancing control precision, and improving overall system usability.
In doing so, this work advances the development of assistive robotic technologies aimed at empowering
individuals with severe motor impairments who retain reliable ocular motor function.

This EOG-controlled robotic manipulator system is designed to address the needs of individuals with
severe motor impairments affecting hand function but with preserved ocular motor control, including
conditions such as advanced ALS, high-level spinal cord injuries, and severe cerebral palsy. The system enables
execution of activities of daily living (ADLs) such as object retrieval, manipulation of eating utensils, and
handling of personal items. By reducing dependence on caregiver assistance for routine tasks, the system has
potential to improve user autonomy and quality of life, which will be evaluated through controlled testing
protocols described in subsequent sections.

2. MATERIALS AND METHODS
2.1. System Architecture Overview

The proposed robotic manipulator control framework integrates all hardware and software components
essential for multimodal operation. The system combines an electrooculography (EOG) sensing module for
eye movement detection with a vision-based feedback system for real-time spatial awareness. The EOG
acquisition circuit, shown in Figure 1, captures ocular biopotentials from two active channels (CH1 and CH2)
referenced to ground. Each channel is amplified using a differential instrumentation amplifier (LT1167),
filtered through an active bandpass filter (LM324N, 0—10 Hz), and buffered (LM324N) to stabilize the signal
before digitization. The fixed-gain design was selected to maintain signal linearity, while periodic recalibration
ensured user-specific adaptation. To further enhance long-term signal stability, baseline drift was mitigated
through per-trial detrending and periodic recalibration of reference potentials, effectively compensating for
low-frequency fluctuations that may occur during prolonged operation. The processed analog signals are then
converted to digital form via a National Instruments USB-6009 (14-bit ADC) module and transmitted to the
processing unit through a Python-based serial interface. This architecture provides effective noise suppression,
baseline-drift compensation, and signal integrity for reliable feature extraction.

The overall system architecture integrates the EOG module, camera-based vision module, and 4-DOF
robotic manipulator under a unified control platform, as illustrated in Figure 2. The EOG signals are interpreted
using a K-Nearest Neighbor (KNN) classifier to map user gaze and voluntary blinks to corresponding robotic
actions, while the vision subsystem provides continuous spatial feedback for object localization and trajectory
verification. The robot chassis [79][80] is fabricated with thorough consideration for the sturdiness and minimal
weight of the material. The robotic manipulator structure, depicted in Figure 3, comprises four links and
corresponding rotational joints configured for optimal workspace flexibility and computational efficiency. The
link lengths are defined as L;= 90 mm, L, = 100 mm, L3 = 100 mm, and L, = 90 mm. The mechanical chassis
is fabricated from 3 mm aluminum for structural rigidity, while the end-effector components are produced from
resin of equal thickness to minimize weight. The 4-DOF configuration enables rotation about the z-axis and
articulated movement in three-dimensional space, providing sufficient maneuverability for object retrieval and
placement tasks without introducing excessive kinematic redundancy.

The robot manipulator will manipulate the position of the end effector through rotation on the z-axis. This
mechanical configuration affords flexibility of movement in three-dimensional space, wherein each joint is
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capable of providing specific rotational degrees of freedom. This enables accurate calibration of the end
effector's movement with maximum reach. The precisely determined link length configuration will define the
robot's working space, its motion capabilities, and its proficiency in handling tasks in different environments.
With the combination of mechanical design and EOG signal-based control systems, this manipulator robot is
expected to provide an innovative solution in precise and responsive robotic motion control. The integrated
design ensures cohesive interaction between sensory input, computational processing, and mechanical
execution, forming the foundation for subsequent modules addressing vision-based distance estimation, inverse
kinematics computation, and EOG signal classification.
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Figure 1. Block diagram of the EOG signal acquisition and conditioning circuit
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Figure 2. Overall system architecture for the EOG—vision—based robotic control system

Figure 3. Kinematic Representation of a Robot Manipulator
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2.2. Vision-based Distance Measurement Algorithm

The visual data acquisition subsystem employs a Logitech C270 camera mounted at the base of the
manipulator to obtain real-time visual feedback for object localization and distance measurement. The optical
configuration features a 4 mm focal length and a 4.8 mm x 3.6 mm CMOS sensor, supporting a maximum
resolution of 1280 x 720 pixels. These specifications, verified through manufacturer documentation, ensure
adequate spatial sampling and image fidelity for the designated workspace. Proper positioning ensures that the
resulting image data is of the highest quality and accuracy for future analysis [81][82].

Prior to data acquisition, the camera underwent intrinsic calibration using a checkerboard pattern to
correct lens distortion and perspective error. The calibration process produced the intrinsic parameters (focal
length, principal point, and distortion coefficients), which were subsequently applied to undistort captured
frames and refine the geometric mapping between the real and image spaces. This calibration ensured accurate
metric consistency for all subsequent visual computations. Object distance was determined using the pinhole
camera model, which defines the proportional relationship between real-world dimensions and their
corresponding image projections. The distance d between the camera and the object is given by:

_fxR
or

d

)

where f denotes the effective focal length (in pixels), R represents the actual object height (in millimeters),
and r corresponds to the object height in the captured image (in pixels).

The geometric configuration underlying this relationship is shown in Figure 4, which depicts the
projection path from the object through the lens to the focal plane. The model illustrates how focal length, field
of view, and object scale interact to determine the perceived image size on the sensor plane. For validation, the
algorithm was tested using a red cubic target with known dimensions (30 mm x 30 mm x 30 mm) under uniform
illumination (500 lux). Object segmentation was performed in the HSV color space to maintain robust detection
across minor lighting variations. The measured distance values were compared against physical measurements
obtained from a laser rangefinder to verify accuracy. Although this study utilized a single standardized object,
the framework can be extended to multi-object environments through dataset expansion and adaptive feature
learning. This vision-based distance estimation algorithm provides the spatial reference input for the
manipulator’s inverse kinematics computation, ensuring that the end-effector executes precise positioning
within the camera’s calibrated coordinate space.

Focal Plane

Crapped e = - Cropped
Sensor v g ' “““““““ . Field of View

Facal Length

Figure 4. Geometric representation of the pinhole camera model

2.3. Inverse Kinematics for Robotic Manipulation

The inverse kinematic equation applies geometric principles to identify the joint angle of the robotic arm
necessary for securing the intended end effector position [69],[83][84]. The inverse kinematics formulation
determines the joint angles required to position the robotic manipulator’s end effector at a desired spatial
coordinate. The 4-DOF configuration was selected to achieve an effective trade-off between workspace
dexterity and computational simplicity. Three-DOF manipulators offer limited reachability and constrained
approach angles, while six-DOF configurations introduce redundancy that increases solution complexity and
control latency. The chosen 4-DOF structure ensures adequate flexibility for assistive manipulation while
maintaining computational efficiency for real-time EOG-based control.
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The inverse kinematic problem is decomposed into two planes of motion: the horizontal plane for base
rotation (6,) and the vertical plane for reach and orientation (6, — 8,). This decomposition simplifies the 3D
computation while preserving spatial accuracy. The top view of the manipulator, illustrated in Figure 5, defines
the geometric relationship for determining the base rotation angle 0: required to align the arm toward the target
coordinates (x;, y;). The radial extension D between the manipulator base and the target is calculated using
the Euclidean distance, as expressed in (2). The base rotation angle is then computed using trigonometric
relationships equation (3) to equation (4). Following the computation of the base rotation angle 6; in the
horizontal plane, the vertical configuration is analyzed to determine the remaining joint angles (6,, 65, and 6,).
The geometric relationships in the z—d plane are depicted in Figure 6, which illustrates the link dimensions
(L1—L,), the vertical offset Z-offset, and the trigonometric parameters used for spatial positioning of the end
effector.

D= y(x)*+ (n)? @

Y1
L= tano
xl an 6; (3)
X1
6, =tan 1 — 4
1 e 4)
——
300°

/

\

\
—~— —

Figure 5. Top view illustration of robot in work area

¥

Zsetpoim ZoffsetI
L,

D

Figure 6. Side-view kinematic configuration of the 4-DOF manipulator showing joint angles 8, — 8, and link
parameters (L;—L4) within the z—d plane
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The z-axis offset is derived from the target height z-setpoint by subtracting the base link length L,, as
shown in equation (5). The resulting planar distance R, representing the distance between joints 2 and 4, is
computed using equation (6). The intermediate angles a, and a, are derived from triangular trigonometry as
in equation (7) and equation (8), and used to determine the shoulder angle in equation (9). The elbow and wrist
joint angles 65 and 68, are obtained using equation (10) and equation (11), completing the inverse kinematics
formulation for the 4-DOF manipulator.

Zofrset = Z Set point — Ly (%)
R= ’Zoffset2 + d? (6)
d
= -1 7
a = cos™' o (7
(L% + R? — L3?
a, = cos™! (T ®)
92 = al + az (9)
L% + L%~ R?
-1 2 3
= T e E— 10
04 cos < T ) (10)
6, = 180° — {[180° — (a, + T3)] —a,} (11)

The above analytical approach ensures that the system can compute inverse kinematics in real time
without resorting to iterative numerical solvers, thereby minimizing computational delay. Singularity
avoidance and joint-limit constraints were integrated within the control software to prevent configuration lock
and mechanical interference. This approach guarantees smooth, stable, and precise end-effector motion
consistent with the spatial inputs provided by the vision module.

2.4. EOG Feature Extraction and KNN Classification

After analog preprocessing and digitization through the EOG acquisition circuit, the recorded signals
from two channels (CH1 and CH2) were processed in a Python-based environment for segmentation, feature
extraction, and classification. The digitized signals were sampled at 250 Hz with 14-bit resolution using the
NI-USB6009 module, ensuring sufficient temporal precision for ocular event analysis. Each signal segment
corresponding to a single eye movement was isolated using a time-windowing process combined with zero-
crossing detection to identify the onset and offset of each event. Feature extraction was performed to represent
the temporal and intensity characteristics of the eye movements. Two primary parameters were obtained from
each channel: the amplitude (V},) and the duration (T,). The amplitude represents the maximum deviation from
the baseline potential, indicating the strength and polarity of ocular displacement, while the duration
corresponds to the time interval between the start and end of the movement, describing its duration. These
features were extracted across all movements, including blinks, to provide discriminative inputs for
classification.

The K-Nearest Neighbors (KNN) algorithm was employed to classify six categories of eye movement:
right, left, up, down, voluntary blink, and involuntary blink. Each feature vector was compared with all labeled
samples in the training dataset using the Euclidean distance metric, and the class label of each new observation
was determined by majority voting among the k nearest neighbors. The value of k was empirically optimized
to achieve a balance between classification accuracy and computational efficiency. The discrimination between
voluntary and involuntary blinks was based on amplitude—duration feature analysis, where intentional blinks
consistently exhibited higher peak amplitudes and longer durations. This separation was experimentally
validated during feature extraction, confirming robust differentiation across all participants. The complete
dataset, obtained from ten participants (aged 18—22) performing thirty repetitions for each movement, was
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divided into training (eight participants) and testing (two participants) subsets to evaluate cross-subject
generalization. The training dataset was used to construct the classification model, while the testing dataset
was applied for independent evaluation of recognition performance. The classification pipeline is summarized
in Figure 7, which outlines feature processing, distance computation, nearest-neighbor selection, majority
voting, and accuracy assessment across different k values. The corresponding classification accuracy and
confusion matrix results are presented and discussed in the Results section.

- i
[ STA RT)
\S ;

Input : dataset,

target

l

Adjust k —

h 4

Compute distance for each sample

Select k nearest neighbors

ﬁllccuracy no
crlterlon ?

yes
f/r ™
( END )
S /

Figure 7. Flowchart of the K-Nearest Neighbors (KNN) classification procedure

2.5. Experimental Procedure

The experimental procedure was designed to evaluate the integrated performance of the proposed EOG—
vision—based robotic control system under controlled laboratory conditions. The testing environment
maintained a uniform illuminance level of approximately 500 lux using ceiling-mounted LED panels to
minimize shadows and glare. This setup ensured stable performance for both EOG acquisition and vision-based
object detection, replicating realistic indoor lighting conditions. The operational workflow of the complete
system is illustrated in Figure 8. After initialization, the system continuously monitors the user’s eye activity
through the EOG acquisition module. A voluntary blink serves as the activation command, triggering the vision
subsystem to initiate a scanning process using the mounted camera. The live camera feed is displayed on the
user interface, allowing the user to observe detected objects within the manipulator’s workspace. Object
identification and coordinate extraction are performed in real time, and the detected object is subsequently
targeted for grasping.

Upon successful object recognition, the inverse kinematics module determines the joint angles required
to position the manipulator’s end effector. The manipulator then executes a trajectory toward the selected
object. During this process, users can fine-tune the end-effector position through directional gaze commands
(right, left, up, and down). Once the desired position is achieved, a second voluntary blink command is used to
perform grasping and initiate object release, completing the manipulation cycle. To prevent unintended actions
due to involuntary blinks or noise artifacts, a temporal refractory window of 300—500 ms was implemented
after each command to reject overlapping signals and maintain control stability. System performance was
evaluated through ten randomized object-retrieval trials conducted across ten predefined workspace
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coordinates. Each trial encompassed the full operational loop—object detection, positioning, grasping, and
placement. Performance metrics, including success rate, positioning smoothness, and response latency, were
recorded to assess the overall accuracy and stability of the control algorithm. These quantitative results are
presented and analyzed in the Results and Discussion section.

Eye gaze up ? Yes— Robot arm moves up [

Eye movement
detection

No

Robot arm moves
down

Eye gaze down ?

Voluntary eye

blinking ? No

No
Yes Eye gaze right ? Yes—p) Robot arm moves left [—
Object
detecti
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No Robot arm moves | |
Eye gaze left Yes—H right
b 4
Determine the No /@ary eye
position of the object blinking ?
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+ T
Center:mg the | Grab the object Yes
object

No i

Calculate object
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Place the object

Voluntary eye
blinking ?
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Figure 8. Flowchart of the integrated EOG—vision—based robotic control system

3. RESULT AND DISCUSSION
3.1. Object Distance Estimation Analysis

Analyses were conducted to evaluate the accuracy and consistency of the vision-based object distance
estimation system integrated into the EOG—vision robotic control architecture. A total of 30 measurement
points were obtained within a controlled laboratory environment, with target distances ranging from 120 mm
to 265 mm. Each distance measurement was performed three times under identical lighting conditions
(approximately 500 lux) to minimize random error and ensure repeatability. The Logitech C270 camera was
fixed throughout all trials, maintaining constant focal length calibration and optical alignment to ensure
consistent imaging geometry. The object—a red cube used for all experiments—was positioned sequentially
at predefined distances, and its centroid coordinates were detected using the image-based distance estimation
algorithm. This configuration allowed direct correlation between actual target distances and those estimated by
the camera system. The comparison between target and measured distances exhibited a strong linear
relationship, as illustrated in Figure 9. Regression analysis yielded a correlation coefficient of r = 0.999,
indicating a near-perfect linearity between the measured and target values. The regression line followed the
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relationship y=1.012x—1.44, confirming a minimal systematic bias in measurement. The resulting scatter
distribution demonstrated that all measured data points closely aligned with the ideal reference line (y = x),
suggesting the robustness of the system calibration and optical stability under the experimental setup.

Statistical evaluation of the results revealed a mean absolute error (MAE) of 1.5 mm with a standard
deviation of 1.6 mm, reflecting high measurement precision within the designated working range. The
maximum recorded error occurred at a distance of 140 mm (2.9%), attributed to slight nonlinearity in pixel-to-
depth conversion and reduced calibration accuracy near the image periphery. Conversely, zero-error
measurements were observed at multiple intermediate distances (180 mm, 185 mm, 195 mm, 205 mm, 225
mm, and 235 mm), verifying optimal accuracy in the camera’s central field of view. These findings confirm
the reliability of the vision-based distance estimation algorithm in short- to mid-range operations, which are
typical in assistive manipulation tasks. A paired-sample t-test was conducted to assess the statistical
significance of deviation between the target and measured distances. The result indicated no statistically
significant difference (p = 0.412, p > 0.05), demonstrating that the observed variations are within acceptable
measurement uncertainty limits. The visual correlation between target and measured data points is presented
in Figure 10, highlighting the strong linear relationship and minimal variance in depth estimation. These
outcomes confirm that the system’s camera-based measurement framework is sufficiently accurate for use in
the subsequent inverse kinematics computation and real-time positioning of the manipulator. Further
calibration refinement and multi-object validation are recommended in future work to enhance robustness
under non-ideal lighting and dynamic conditions.

| B Giren €0k

Distance: 211.46 mm

Figure 9. Real-time image-based distance measurement output showing the detected object (red cube) within the defined
region of interest (ROI) and corresponding distance display (211.46 mm)
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Figure 10. Correlation between target and measured object distances across 30 test points
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3.2. Inverse Kinematic Performance Accuracy

The inverse kinematics (IK) performance evaluation was conducted to assess the spatial precision of the
4-DOF manipulator in executing object positioning tasks under two retrieval configurations: Scenario 1
(Frontal Retrieval) and Scenario 2 (Top-Down Retrieval). Each experiment involved ten randomized target
points representing the manipulator’s reachable workspace limits. The experimental setups are illustrated in
Figure 11(a) and Figure 11(b), which depict the physical configurations used for frontal and top-down retrieval,
respectively. During testing, the end effector was commanded to reach predefined (x, y, z) coordinates derived
from the analytical trigonometric IK formulation described in the previous section. These evaluations aimed to
verify the manipulator’s ability to reproduce precise end-effector positions in both planar and vertical
orientations.

(a) (b)
Figure 11. Experimental setup for inverse-kinematics evaluation: (a) Frontal retrieval configuration; (b) Top-down
retrieval configuration

The mean absolute error (MAE) was computed as the average of absolute deviations across the X, Y, and
Z axes, while Average Accuracy represents the percentage agreement between commanded and measured
coordinates relative to the workspace span. In Scenario 1 (Frontal Retrieval), the manipulator achieved a MAE
of 0.64 mm and an average positional accuracy of 99.45%, indicating excellent alignment between theoretical
and experimental coordinates. The minimal deviation observed can be attributed to servo backlash, rounding
errors in inverse-trigonometric computation, and minor encoder quantization effects. In Scenario 2 (Top-Down
Retrieval), the manipulator achieved a MAE of 1.58 mm and average accuracy of 99.31%. Although slightly
lower, this performance remains within acceptable tolerances and reflects increased mechanical loading and
gravitational effects on the vertical-axis joints. A descriptive comparison between the two scenarios indicated
that the variation in positioning accuracy was minor and within expected tolerance limits.

To provide visual insight into the spatial correspondence between commanded and measured positions,
Figure 12(a) and Figure 12(b) present scatter plots for the frontal and top-down retrieval configurations,
respectively. Both plots exhibit a strong linear correlation (R? = 1.000 and 0.999) between target and measured
coordinates, confirming the high fidelity of the implemented kinematic model. The close clustering of points
along the diagonal identity line demonstrates that the end effector accurately follows intended trajectories, with
only slight deviations near the workspace boundaries. These minor discrepancies are likely caused by nonlinear
servo torque characteristics and small projection errors when operating near kinematic limits.

As depicted in Figure 11(a), the frontal retrieval configuration demonstrates the manipulator’s capability
to extend horizontally with smooth lateral control and minimal vertical offset. In contrast, Figure 11(b)
illustrates the top-down retrieval configuration, where the manipulator performs vertical descent toward the
object, introducing higher torque demands and requiring tighter joint synchronization. Collectively, the
photographic and analytical evidence confirms that the developed inverse kinematics formulation is robust
across orientations, offering consistent, repeatable sub-millimeter positioning accuracy suitable for assistive-
robotic applications. These findings also establish a quantitative basis for the subsequent system-integration
tests, in which EOG-based control commands are applied to the same manipulator under identical workspace
constraints.
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Figure 12. Scatter plots of target versus measured coordinates: (a) Frontal retrieval; (b) Top-down retrieval

3.3. Effectiveness of KNN in EOG Signal Classification

The K-Nearest Neighbors (KNN) algorithm was applied to classify six eye movement categories: right,
left, up, down, voluntary blink, and involuntary blink. The recorded EOG signals were preprocessed through
differential amplification and bandpass filtering (0—10 Hz), then digitized at 250 Hz using the NI USB-6009
interface. Data from ten healthy participants were used, divided in an 8:2 ratio for training and testing sets.
Each movement was repeated thirty times per participant, producing a balanced dataset for supervised learning.
The extracted features included amplitude (V},) and duration (T, ), which represent signal intensity and temporal
length of each ocular movement. Table 1 lists the average 1}, and Td for all movements. Horizontal gazes
generated clear bipolar responses between channels, while vertical movements showed smaller amplitude
differences. Blinks produced the largest V, values, with voluntary blinks lasting longer than involuntary ones—
confirming that amplitude—duration features effectively distinguish intentional from reflexive responses.

The influence of the K value on recognition performance was analyzed, as summarized in Table 2. The
highest classification accuracy was achieved when K = 3, providing the best balance between bias and variance.
Smaller K values caused sensitivity to noise, while larger values led to over-smoothing of decision boundaries.
This optimization ensured consistent classification while maintaining low computational cost, which is crucial
for real-time robotic integration. The final evaluation results are presented in Table 3, showing an overall
classification accuracy of 98.17%, with a True Positive Rate (TPR) 0f 98.47% and a False Negative Rate (FNR)
of 1.53%. The confusion matrix indicates that the most frequent misclassification occurred between upward
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gaze and voluntary blink, with 11 samples confused. This error likely arises from similar transient waveforms
caused by eyelid motion when subjects look upward. Despite this overlap, recognition of horizontal and
downward movements remained highly consistent, confirming the stability of the feature extraction process.

Compared to previous EOG-based systems—such as those by [85] and [86], which achieved accuracies
between 92-96%—the proposed method demonstrates superior reliability under controlled laboratory
conditions. The improvement may result from the use of dual-channel input and well-tuned preprocessing
stages. Nonetheless, the dataset remains limited to ten participants under stable lighting, so future validation in
dynamic or noisy environments is recommended. Overall, these findings confirm that amplitude—duration
analysis combined with KNN provides a robust framework for distinguishing voluntary from involuntary eye
movements. This classification outcome forms the foundation for integrating EOG-based commands with
robotic manipulation, as discussed in the following section.

Table 1. Eye movement signal extraction feature
Signal Feature

Label Eye movement Amplitude (V,)) Duration (T )
Chl Ch2 Chl Ch2

1 Right 082V -123V 4ms 6ms

2 Left 1,17V 128V 7ms 6ms

3 Up 208V -140V 10ms 8ms

4 Down 203V 1.74V 8 ms 8 ms

5 Voluntary blink 234V -1.56V  8ms 7ms

6 Involuntary blinking -1.37V  -094V  3ms 3 ms

Table 2. K-Value variations and their corresponding accuracy rates
K Value Accuracy

3 94.79%
5 94.38%
7 98.17%
9 92.92%
11 93.12%

Table 3. Confusion matrix KNN Classification

Target ——— Prgd'ct"’;‘ = TPR  FNR  PRECISION

1 120 0 0 0 0 0 100% 0% 100 %

2 0 120 0 0 0 0 10% 0% 100 %

30 0 109 0 11 0 90.8% 920% 100 %

4 0 0 0 120 0 0 100% 0% 100 %

5 0 0 0 0 60 0 100% 0% 84,51 %

6 0 0 0 0 0 60 100% 0% 100 %
Accuracy 98,17%

3.4. Assessment of Control Capabilities in Robot Manipulator

The integrated EOG—vision—manipulator control system was experimentally implemented to evaluate its
operational reliability and responsiveness under real-time closed-loop conditions. The evaluation procedure
followed the automated workflow illustrated in Figure 8, beginning with user eye-activity monitoring and
object localization, and concluding with the successful transfer of the object to a designated location. Each
cycle of operation consisted of the user intentionally performing an eye-blink command to initiate scanning,
visual confirmation of the detected object through the camera interface, and subsequent robotic retrieval and
placement. All experiments were conducted in a controlled indoor environment under uniform illumination (=
500 lux) to minimize the effects of lighting variability on both EOG and vision subsystems.

System performance was assessed by commanding the manipulator to retrieve and place objects at ten
randomized target points within its reachable workspace. Each operation was evaluated based on trajectory
smoothness, task completion time, and operational success rate. To ensure objectivity, smoothness was defined
quantitatively using temporal and kinematic thresholds derived from the mechanical characteristics of the
servomotors. Each servo provides a positional resolution of 0.29° per step, corresponding to approximately 0.5
mm of linear displacement for a 100 mm link. Consequently, trajectory deviations within 2 mm correspond to
encoder errors below four steps (Smooth), deviations between 2—4 mm represent moderate synchronization
delays (Fairly Smooth), and deviations exceeding 4 mm indicate accumulated mechanical play or latency (Less
Smooth). These spatial thresholds were cross-validated with empirical completion times—Smooth <5 s, Fairly
Smooth = 5-7 s, and Less Smooth > 7 s—derived from the average joint velocity of 354°/s and control-loop
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latency. This servo-based calibration ensures that the smoothness metric accurately represents measurable
system performance rather than subjective observation.

The experimental results, summarized in Table 4, show an overall success rate of 99.48% for frontal
retrieval and 97.96% for top-down retrieval configurations. Frontal retrieval consistently exhibited smoother
motion trajectories and shorter completion times, reflecting lower gravitational loading and reduced
synchronization demand across the manipulator joints. In contrast, top-down retrieval presented slightly higher
trajectory deviation due to vertical torque compensation and joint backlash when operating near the upper
workspace limit. Nonetheless, all operations remained within sub-millimeter precision and below the
acceptable 2 mm threshold, confirming stable end-effector control and high mechanical repeatability.
Statistical comparison of the trajectory deviations revealed no significant difference between the two
configurations (p > 0.05), validating the reliability of the proposed kinematic and control model.

The comprehensive evaluation confirms that the developed EOG-driven robotic system can perform
coordinated eye-controlled manipulation with high positional accuracy and repeatability. Minor deviations
observed under vertical actuation conditions suggest areas for future improvement, including adaptive torque
compensation, dynamic recalibration under varying loads, and incorporation of real-time fatigue adaptation
algorithms. While current results were obtained under ideal laboratory conditions, future validation in
unstructured environments—with dynamic lighting and user variability—is expected to enhance robustness
and clinical applicability. Collectively, these findings demonstrate that the proposed control framework
achieves a consistent balance between responsiveness, precision, and usability, establishing a robust foundation
for next-generation assistive robotic systems designed for individuals with severe motor impairments.

Table 4. Quantitative Evaluation of System Performance Under Frontal and Top-Down Retrieval Scenarios

Trial Scenario Target Point Completion Time Trajectory Deviation Smoothness Succe
No. 8 (s) (mm) Category ss (%)
1-5  Frontal Retrieval Rand‘;‘;‘ (- 38-47 1.1-19 Smooth 99.48

Top-Down Random (6 — .
6—-10 Retrieval 10) 54-69 25-38 Fairly Smooth 97.96

3.5. Discussions

The experimental outcomes demonstrate that the proposed EOG-vision—based control framework
achieves reliable performance in real-time robotic manipulation. The KNN classifier obtained a mean accuracy
of 98.17%, outperforming conventional EOG-based control systems reported by [85] and [86], which ranged
from 92-96%. This improvement is primarily attributed to the dual-channel signal acquisition, optimized
bandpass filtering (0—10 Hz), and amplitude—duration feature extraction that effectively separate voluntary and
involuntary blinks. Despite the high classification rate, misclassification between upward gaze and voluntary
blink (9.2%) indicates partial overlap in waveform morphology due to eyelid artifacts, suggesting that adaptive
thresholding or temporal gating could further enhance reliability.

The inverse kinematics (IK) evaluation confirms the analytical model’s precision, achieving sub-
millimeter mean absolute error (MAE) of 0.64 mm in frontal retrieval and 1.58 mm in top-down retrieval
configurations. This result demonstrates a >99% positional accuracy, which is superior to previously reported
low-cost EOG-controlled manipulators that typically operate within 3—5 mm tolerance. The minor deviation
between the two configurations reflects mechanical backlash and gravitational effects in vertical motion but
remains within acceptable tolerance for assistive applications. These findings validate that the 4-DOF
manipulator design provides an optimal trade-off between dexterity and computational efficiency, supporting
real-time responsiveness without kinematic redundancy.

Integration of vision-based distance measurement improved spatial awareness by providing reliable
object localization, with a mean absolute error of 1.5 + 1.6 mm and correlation coefficient r = 0.999. The
pinhole camera model calibration successfully minimized optical distortion, yielding accurate mapping
between real-world and image coordinates. Compared to manual depth estimation or single-camera monocular
systems, this result indicates a 2—3x improvement in measurement precision, enabling consistent grasping
alignment and smooth end-effector trajectories.

At the system level, overall manipulation success rates reached 99.48% (frontal) and 97.96% (top-down).
This confirms that the hybrid EOG—vision—IK approach ensures stable control and task completion even under
varying approach angles. The observed completion time difference (3.8—4.7 s vs. 5.4-6.9 s) is consistent with
servo torque and load variations. Notably, all trajectories were categorized as “Smooth” or “Fairly Smooth,”
corresponding to mechanical deviations below 4 mm, reinforcing that the servos can deliver repeatable
precision at moderate speed when synchronized via analytical IK.
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From an application standpoint, these results establish the feasibility of intuitive EOG-based assistive
manipulation for users with preserved ocular control but limited limb mobility. The system’s robustness under
controlled laboratory illumination (=500 lux) suggests potential adaptability to clinical or rehabilitation
settings, where consistent lighting can be maintained. However, further validation is needed under dynamic
lighting and user-fatigue conditions to assess signal drift, calibration longevity, and cognitive load. The
combination of high classification accuracy, sub-millimeter positioning, and near-perfect task success rate
demonstrates a significant advancement over previous EOG-only control paradigms, offering a foundation for
next-generation assistive robotic interfaces.

4. CONCLUSIONS

This paper presented a multimodal control framework integrating Electrooculography (EOG) signals with
camera-based visual feedback for intuitive and precise robotic manipulator control. The proposed system
achieved 98.17% classification accuracy and sub-millimeter end-effector precision (0.7-1.58 mm MAE),
outperforming conventional EOG-based methods that typically achieve 85-92% accuracy. The integration of
vision-based spatial mapping (1.5 + 1.6 mm error), inverse kinematic computation, and EOG signal
interpretation (TPR: 98.47%, FNR: 1.53%) established a synergistic multimodal control mechanism, in which
complementary sensing modalities provided precision and reliability beyond those of single-modality systems.

From a theoretical standpoint, this work advances the concept of bio-signal-driven multimodal fusion in
assistive robotics. The findings indicate that systematic fusion of EOG and visual information yields superior
performance compared to independent modalities, that a 4-DOF manipulator configuration represents an
optimal balance between kinematic reach and computational tractability for real-time control, and that a hybrid
automation scheme combining autonomous perception with user-intent-driven actuation can reduce cognitive
load while preserving user agency. These contributions collectively provide a foundation for adaptive and user-
centered robotic systems that bridge neural intent and precise motor execution.

Experimental evaluation was performed under controlled laboratory conditions (500 lux illumination, n
= 10 healthy participants, aged 18-22, standardized object set). The training dataset (n = 10, 8:2 train—test
partition) and limited trial duration (<30 min) constrain the assessment of long-term adaptability and inter-
subject variability. Consequently, additional validation across diverse clinical populations (e.g., ALS and high-
level SCI), illumination conditions (200—1000 lux), and extended operation (>2 h) is required prior to clinical
translation. System limitations were identified in four primary domains: illumination sensitivity (maximum
2.9% error), signal degradation from ocular fatigue, user-specific calibration dependency, and computational
latency from concurrent processing. Addressing these constraints will necessitate the implementation of
adaptive illumination compensation, fatigue-resilient feature extraction, transfer-learning-based calibration,
and hardware acceleration achieving sub-50 ms response latency.

Future research will emphasize clinical-scale validation in uncontrolled environments, incorporating
longitudinal evaluations of accuracy, stability, and user adaptation over extended sessions (2—4 h). Although
quantitative fatigue data were not collected in this study, prior EOG-based control research has reported
measurable performance degradation during prolonged operation, underscoring the importance of fatigue-
adaptive recalibration mechanisms. The development of adaptive learning algorithms for online calibration,
fatigue detection, and transfer learning is anticipated to enhance system robustness and usability. Furthermore,
integrating multimodal feedback and performing comparative assessments with alternative control paradigms
such as EMG, BCI, and SSVEP will provide quantitative benchmarks for performance, user preference, and
long-term operability. Establishing validated performance baselines under both controlled and semi-natural
conditions defines a concrete trajectory toward clinical translation. Ultimately, the integration of adaptive
intelligence, optimized embedded architectures, and systematic clinical validation is expected to advance next-
generation assistive robotic systems that restore functional autonomy for individuals with severe motor
impairments.
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