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ARTICLE INFO ABSTRACT

Control systems for six degree of freedom (6-DOF) robotic manipulators
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motion stability in repetitive execution and increase computation overhead
due to repeated numerical refinement. This paper proposes a Multi-Layer
Perceptron (MLP)-based inverse kinematics approach that provides
Multilayer Perceptron; (.ie.terrr.lin.istic feed—forward prediction while er}forcing .feasibility through
Joint-Limit Constraints; joint-limit constraints. Although the robot is described as a 6-DOF
Pick and Place; manipulator, the IK mapping in this study targets five actuated revolute
Pybullet joints, while the sixth joint corresponds to the gripper and is excluded from
the learning target. An end-to-end pipeline is developed covering URDF-
based dataset generation, constrained learning with a bounded output layer,
and deployment in both simulation and physical experiments. The
proposed model is evaluated using end-effector point testing and pick and
place motion execution in PyBullet, compared with a Jacobian-based
numerical IK baseline implemented in IKPy (warm-start), the proposed
method improves the success rate from 40% to 65% (t = 10mm), reduces
the mean Cartesian position error from 18.38 mm to 4.28 mm, and
decreases pick/place end points error from 44.2/53.86 mm to 13.8/25.6
mm, respectively. The average runtime per target is reduced from 20 ms to
7.46 ms. These results indicate that the proposed MLP-based IK offers a
practical accuracy efficiency trade off for real time pick and place
applications.
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1. Introduction

Industrial automation in the industry 4.0 era increasingly demands robotic systems that are accurate,
repeatable, and adaptive for high-throughput manipulation tasks such as pick and place [1]-[5]. Among
various robotic platforms, six-degree-of-freedom (6-DOF) manipulators are widely adopted because they
provide sufficient dexterity to reach target poses across a workspace while maintaining operational
flexibility in constrained environments [6]-[10]. In practical deployments, however, manipulation
accuracy and stability are strongly influenced by how reliably the controller convert an end-effector
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Cartesian target into feasible joint commands under hardware limits, nonlinearities, and repetitive motion
requirements [11]—[15].

A key computational component in manipulator control is inverse kinematics (IK), which maps
desired Cartesian targets to joint angles [16]-[21]. Classical IK approaches include analytical
formulations for specific structures or numerical/iterative solvers such as Jacobian-based methods [22]—
[27]. Despite their generality and ease of integration, iterative IK solvers can be sensitive to initialization,
may require iterative refinement with non-uniform computation time, and can yield variable solutions in
repetitive task [28]—[31]. In pick-and-place operations, such variability may increase positioning error
near workspace boundaries, lengthen cycle time, and raise the risk of collision in cluttered workspace
[31]-[35]. These challenges motivate IK solutions that are computationally efficient, stable for repeated
execution, and consistent with kinematic constraints.

Recently, learning-based IK has been explored as an alternative to classical solvers by directly
approximating the inverse mapping from end-effector positions to joint configurations [36]-[40]. While
promising, many approaches still face practical limitations, including limited enforcement of joint limits
during inference, difficulty handling periodicity in revolute joints, and insufficient validation under
sequential pick and place motion [41]-[44]. Moreover, reported speed accuracy trade-offs are sometimes
confounded by system level execution settings (e.g., trajectory discretization and controller update rate)
rather than changes in the underlying model itself [45]-[47].

Learning based IK can be implemented with various function approximators (e.g., MLPs graph
based models, or sequence models) [48]. In this work, we choose an MLP backbone because the problem
is a low dimensional continuous regression from Cartesian position (x, y, z) to small set of actuated joint
angles (g1, 92, 93, 94, q5) making a fully connected regressor a natural and lightweight choice. Compared
to more complex architecture, an MLP offers fast and deterministic inference that is well-suited for real-
time control loops, while remaining expressive enough to approximate the nonlinear kinematic mapping
over the reachable workspace [49], [50]. Prior learning-based IK studies have reported that MLP-style
regressors can reduce inference latency relative to iterative solvers, and that feature encoding and explicit
constraint handling can improve accuracy and feasible [51], [52].

Motivated by these gaps, this paper proposes an end-to-end MLP based inverse kinematics pipeline
for a 6-DOF robotic manipulator model described in URDF [53]-[55]. In our implementation, IK
learning focuses on the five actuated positioning joints, while the remaining joint corresponds to the
gripper mechanism and is excluded from the IK mapping [56]—[58]. The proposed method integrates (i)
URDF-based dataset generation using a numerical IK solver to obtain paired Cartesian targets and joint-
angle labels over a bounded workspace [59], (ii) data preprocessing with global normalization and
Fourier feature encoding of Cartesian inputs to improve representational capacity [60], and (iii) a
constraint aware network design (ResMLPBound) that bounds predicted joint angles within URDF-
defined limits [61]. Comprehensive validation is conducted through end effector point testing, trajectory-
based evaluation under different execution presets that vary controller level settings (without modifying
network weights), and comparison against a Jacobian-based numerical IK baseline implemented in IKPy
[62], followed by validation on a physical manipulator.

Building on these observations, we design a practical learning-based IK pipeline that combines
scalable dataset generation, constraint aware learning, and deployment-oriented evaluation. We
demonstrate its effectiveness through simulation and physical experiments, and provide a baseline
comparison against a standard numerical IK solver. Our contributions are summarized as follows:

e We present an end-to-end MLP-based IK pipeline for URDF-defined manipulators covering dataset
generation, training, and deployment in simulation and on a physical robot.

e We introduce a constraint-aware bounded output formulation that enforces URDF joint limits by
design, improving feasibility at inference time.
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e We provide comprehensive evaluation on point -wise targets and continuous motion (trajectory and
pick and place), including system level accuracy throughput trade offs under controller level
execution presets.

e  We benchmark against a Jacobian-based numerical IK baseline (IKPy, warm-start) under identical
workspace and joint limit constraints using success rate, error metrics, and runtime.

2. Method
2.1. System Overview

This study proposes an end-to-end inverse kinematics framework based on a Multi-Layer
Perceptron (MLP) for a six-degree-of-freedom (6-DOF) robotic manipulator, as illustrated in Fig. 1. The
objective is to map Cartesian end-effector target positions to physically feasible joint configurations in a
stable and computationally efficient manner for pick and place applications. The framework integrates
dataset generation, data preprocessing, MLP-based learning, and deployment within a unified pipeline.

The dataset is generated using the robot URDF model and a numerical universal inverse kinematics
solver to obtain paired end-effector positions an joint-angle configurations across the reachable
workspace. Although the robot has six joints, the IK mapping in this works predicts the five actuated
positioning joints, while the sixth joint corresponds to the gripper and is excluded from the leraning
target. The cartesian inputs are normalized and augmented with Fourier features before being fed into a
constraint-aware MLP model with bounded output (ResMLPBound) that enforces URDF-defined joint
limits. The trained model is evaluated through end-effector point testing and pick and place trajectory
execution in the PyBullet simulation environment, followed by validation on a physical robotic
manipulator.

Data Preprocessing

Robot URDF > Data Generation Normalization + Fourier
. : ; imi X, Y, Z 142,493,494,
Kinematics & Joint Limits ( ) —> (d1,92,93,94.95) Foatures
. Deployment (_ Train MLP ‘
Evaluation Pybullet & Physical Robot (ResMLPBound)

Fig. 1. Overall pipeline of the proposed MLP-based inverse kinematics framework: URDF-based dataset
generation, preprocessing (normalization and Fourier features), constraint-aware MLP training
(ResMLPBound), and deployment and evaluation in Pybullet and on a physical manipulator

As summarized in Fig. 1, the proposed pipeline starts from URDF-based dataset generation,
followed by normalization and fourier feature encoding of cartesian inputs. The constraints- aware MLP
(ResMLPBound) then predicts joint angles within URDF-defined limits, and the predicted commands
are executed sequentially to produce smooth pick and place motion in Pybullet and on the physical
robot.

2.2. Dataset Generation

The dataset used in this study was generated to represent the inverse kinematics mapping of a six
degree of freedom (6-DOF) robotic manipulators across its reachable workspace. A robot description
model in the Unified Robot Description Format (URDF) was employed to define the manipulator’s
kinematic structure, joint limits, and link parameters. Based on this URDF model, a numerical universal
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inverse kinematics solver was utilized to compute valid joint configurations corresponding to target end
effector positions. End effector positions were systematically sampled within the robot workspace using
a cartesian grid with a spatial resolution of 1 mm step along each axis, ensuring dense and uniform
coverage. The sampling bounds were defined as x € [—0.20,0.35]m, y € [-0.20,0.20] m, z €
[—0.20,0.35] m, covering the reachable region while avoiding physically infeasible targets.

Although the robot is described as a 6-DOF manipulator in the URDF, this study models the
positioning kinematics using five actuated revolute joints. The remaining joint corresponds to the end-
effector/ gripper mechanism and is excluded from the inverse kinematics mapping. Therefore, the
learning target for the proposed model is a five-dimensional joint-angle vector (qi, 92,43, q4,qs),
consistent with the active joint set used during dataset generation and evaluation. The joint indexing and
the excluded gripper joint are illustrated in Fig. 2.

Joint 5

» Joint 4

Fig. 2. Joint indexing used in this study. The IK mapping predicts the five positioning joints (joint 1 — joint 5),
while Joint 6 corresponds to the gripper mechanism and is excluded from the IK mapping

For each sampled Cartesian position (x, y, z) the inverse kinematics solver was executed to obtain
a feasible joint-angle vector (q4, 92,3, q4,qs) that satisfied the kinematic constraints defined in the
URDEF. Only solutions that respected joint-limit constraints were retained, guaranteeing that all samples
corresponded to physically realizable robot configurations. In total, the sampling process produced
60.471.201 target positions, from which 34.431.743 valid joint configurations were retained after
applying feasibility and joint-limit filtering.

The resulting dataset consists of paired input-output samples mapping Cartesian end-effector
positions to joint angles. The data were split into training, validation, and test subsets using a ratio of
80%: 10%: 10% to support model selection and unbiased evaluation.

2.3. Data Preprocessing and Feature Engineering

Before training the MLP-based inverse kinematics model, the generated dataset underwent a
preprocessing stage to improve numerical stability and learning efficiency. Cartesian end effector
positions (x,y, z) were normalized using global mean (u) and standard deviation (o) computed from
the training dataset. The normalized input ¥ is defined in (1) as:

X —p

X = ; x = [x,y,2]" (1)

This global normalization ensures consistent scaling across training, validation, and test subsets,
and prevent data leakage during evaluation and deployment.
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To enhance the model’s capability in representing nonlinear and periodic relationships in joint
space, Fourier feature augmentation was applied to the normalized Cartesian inputs. The Fourier
mapping projects X into a higher-dimensional feature space using sinusoidal functions across multiple
frequency bands, as defined in (2):

0% = [9? {sin (2m - 2¥%), cos(2m - zk’?)}lk{;;] @

In our implementation, the mapping in (2) is applied element wise to each coordinate ot the three-
dimensional input ¥ = [&,¥,Z]7. The frequency bands follow f;, = 2% with angular frequency w; =
2nfy, where k = 0, ..., k — 1 and K denotes the number of frequency bands. Since the cartesian input is
three-dimensional (¥ € R3), the resulting feature dimension becomes D = 3 + 2 - 3 - K(the factor 2
accounts for sine and cosine terms). In this work, we use K = 12, resulting in D =75 input features. After
training, the normalization parameters (¢, ) and the Fourier mapping configuration (K and the
frequency bands) are fixed and consistently applied during inference to ensure stable and
repeatable joint-angle predictions.

2.4. MLP Architecture and Constraint Aware Learning

The inverse kinematics mapping from Cartesian end-effector positions to joint configurations is
modeled using a Multi-Layer Perceptron (MLP) architecture, as illustrated in Fig. 3. Although the robot
is described as a 6-DOF manipulator in the URDF. This study focused on the five actuated positioning
joints for IK learning, while the gripper joint is excluded. Accordingly, the network predicts a five-
dimensional joint-angel vector ¢ = (q1, 92, 93, q4.q5) from a 3D Cartesian target position.

The network input is the normalized Cartesian position ¥ augmented with Fourier features (Section
2.3), which improves the representation of nonlinear and periodic relationships commonly observed in
joint-space mappings. These features are processed by a sequence of fully connected residual MLP
blocks (ResMLP) with nonlinear activations, enabling the model to approximate the inverse kinematics
function over the reachable workspace.

Cartesian Position Input Normalization and
X,Y,2) 71 Fourier Feature Mapping

Y

MLP / ResMLP Block

Joint Angle Output ( Bounded Output Layer | 4
(91, 92, 93, g4, 95) (Tanh + Joint Limits) N

Fig. 3. Architecture of the proposed MLP-based inverse kinematics model, illustrating Cartesian input
preprocessing, ResMLP blocks, and bounded joint-angle output (q; — qs)

To ensure physically feasible predictions, a constraint-aware output layer is incorporated. Instead
of directly outputting unconstrained joint angles, the network produces raw outputs z;, which are
bounded using a tanh nonlinearity and then scaled to the URDF-defined joint limits:

max min max 4 qmin

q; = % tanh(z;) +Qi—i; i=1,..,5 (3)

2
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This design guarantees q; € [q{”in, q"*] by construction, preventing joint limit violations while

maintaining smooth outputs. Overall, the proposed architecture provides a lightweight, real-time inverse
kinematics predictor that supports continuous pick and place execution with joint limit guarantees.

2.5. Loss Function

To address the periodic nature of revolute joint angles, an angle-aware joint loss was employed
instead of a conventional mean squared error. The angular difference between the predicted joint angle

G, and the ground truth joint angle q.(g £)

;7 1s computed using a wrap function defined in (3):

Wrap(A) = arctan2(sinA, cosA) 4)

The joint-angle loss is computed as the mean absolute wrapped error over the five actuated joints:

5
1
Lioime =% ). [wrap(@ - 4*") 5)
i=1

This loss formulation prevents discontinuities at angular boundaries and improves training stability
for inverse kinematics learning involving periodic joint variables. To enforce task-space consistency, a
forward kinematics (FK) loss was introduced by comparing the end-effector position. the FK loss is
defined using the L.1-norm as shown in (5):

LFK = ”ﬁ( (Q) _Xtargetlll (6)

The total loss function used during training is expressed as a weighted combination of the joint-
angle loss and the FK loss, as defined in (6):

Liotar = Ljoint + ALpg (7

Where 4 is a weighting coefficient that balances accuracy in joint space and task space. This composite
loss encourages the model to generate joint-angle predictions that are both physically meaningful and
effective for accurate end-effector positioning in pick-and-place tasks.

2.6. Training Configuration

The proposed MLP-based inverse kinematics model is trained in a supervised manner using the
generated paired dataset. The dataset is split into training, validation, and test subsets as described in
Section 2.2 to enable unbiased model selection and final evaluation. Model parameters are optimized
using the Adam optimizer with a fixed learning rate 5 X 10~* and training is performed using mini-batch
updates to improve stability and computational efficiency.

To mitigate overfitting and select the best-performing checkpoint, early stopping based on the
validation loss is applied. The model weights corresponding to the lowest validation loss are retained for
deployment and all subsequent evaluations. After training, the normalization statistics (¢, o) and the
Fourier feature mapping configuration are fixed and consistently applied during inference to ensure
stable and repeatable predictions.

Training is conducted on a standard computing platform with CPU/GPU acceleration. Fig. 4
presents the learning curves, showing the training and validation loss across epochs, including the
training total loss and validation metrics.

As shown in Fig. 4, both the training objective and validation metrics decrease steadily and stabilize,
indicating stable convergence without severe overfitting. In our experiments, the best FK-consistency
checkpoint achieves a validation FK error of 0.00393 m (3.93 mm) at epoch 19, while the best join-angle
checkpoint achieves a validation joint-angle MAE of 0.01095 rad (0.584°) at epoch 20. The deployed
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model uses an MLP architecture with width = 512, depth = 8, and K = 12 Fourier feature bands, and is
configured according to the robot URDF with five active joints.

ik_mip_f30
0.14 \ ~— train_total_loss
! train_L_joint
—— val_mae (rad)
e — val_fk_err (m)
\ @® best MAE
0.10 1 best FK
0.08 1
@
2
©
>
0.06 1
0.04 1
0.02 1
0'00 1 T T T T T T T T
25 5.0 75 10.0 12.5 15.0 17.5 20.0
epoch

Fig. 4. Learning curves across epochs: training objective and validation metrics, including joint-angle MAE and
FK-consistency error

2.7. Deployment and Evaluation Setup

After training, the proposed MLP-based inverse kinematics model is deployed and evaluated in both
simulation and physical robot environments to assess its practical performance. Simulation-based
evaluation is conducted using the PyBullet physics engine, where the trained model is integrated to
generated joint-angle commands directly from Cartesian end-effector target positions under the same
workspace and joint-limit constraints used during dataset generation.

Two evaluation scenarios are considered. First, end-effector point testing in performed by
commanding the robot to reach a set of predefined Cartesian target positions sampled within the
workspace bounds (BBOX). For each target, the MLP predict the joint configuration, which is executed
in the simulator. The achieved end-effector position is then computed via forward kinematics and
compared with the target position to obtain the Cartesian position error. Second, pick and place
evaluation is conducted by executing smooth Cartesian trajectories between predefined pick and place
proses to reflect sequential motion execution. During this scenario, the resulting end effector trajectory
and joint commands are recorded across waypoints to assess trajectory deviation and motion feasibility
under continuous execution.

Fig. 5 and Fig. 6 illustrate the PyBullet evaluation setup for the two scenarios: end effector point
testing with forward kinematics validation and pick and place trajectory execution shown as a sequence
of snapshots. To validate real-world applicability, the trained model was further deployed on a physical
6-DOF robotic manipulator. The same inference pipeline used in simulation was applied to the physical
robot without modification. This evaluation aimed to verify that the model generalizes beyond simulation
and produces physically feasible and stable motions under real hardware constraints. All experiments
were conducted in an indoor environment with fixed target positions to ensure repeatability and fair
comparison.

2.8. Evaluation Metrics

The proposed inverse kinematics model is evaluated using quantitative metrics that reflect task-
space accuracy, joint-space consistency, and computational efficiency. All metrics are computed under
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the same workspace bounds and joint-limit constraints, and timing results are reported under the same
hardware/software configuration.

Fig. 5. End-effector point testing in PyBullet. The MLP-predicted joint. The MLP-predicted joint configurations
are executed in simulation and validated using forward kinematics to compute the Cartesian position error

TN O L 1%, e 140 prche T, pae o0 0

LA A L a0

T NOT - L AN A e O A -G o

Fig. 6. Pick and place trajectory execution in PyBullet shown as sequence of snapshots between predefined pick
and place poses

Task-space positioning error is measured as the Euclidean distance between the target Cartesian

position p = [x,y,z]Tand the achieved end-effector position P = [%,¥,Z]” obtained via forward
kinematics:

e=llp -7l (®)
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For point testing, we report the mean position error (mm) across all targets. For pick and place
evaluation, we additionally report the endpoint errors at the pick and place poses, computed using the
same definition of error (e) at the corresponding trajectory endpoints.

Success rare (%) is defined as the proportion of targets whose final Cartesian error satisfies e < 7.
For the numerical IK baseline (IKPy) a target is counted as successful only if the solver converges and
the final end effector error satisfies e < 7.

Joint angle consistency is evaluated using the mean absolute wrapped angular error (MAE) across
the five actuated joints, using the wrap operator defined in (3):

5
1
MAE = 2 ) wrap(@, - 4" ©)
i=1

Computational efficiency is measured using (i) IK inference time per target (ms), defined as the
time required to compute § from a given Cartesian input, and (ii) the mean loop period (ms), defined as
the end-to-end cycle time per pose including IK inference, trajectory interpolation, and controller
execution.

3. Results and Discussion

The section presents the experimental results and discussion of the proposed MLP-based inverse
kinematics framework. The evaluation focuses on end-effector positioning accuracy, pick-and-place
trajectory performance, joint-angle stability and computational efficiency. The proposed method is
compared against a classical inverse kinematics solver to demonstrate its effectiveness and practical
advantages.

3.1. Dataset Characteristics and Training Qutcome

The inverse kinematics dataset was generated using systematic Cartesian grid sampling with a
spatial resolution of 1 mm over the reachable workspace defined by the robot URDF model. In total
60.471.201 Cartesian target positions were sampled, from which 34.431.743 valid IK solutions were
retained after applying feasibility checks (URDF joint-limits satisfaction) and forward kinematics
verification. This corresponds to a workspace validity ratio of 56.9 %, reflecting the kinematic constraints
and reachability limitations of the manipulator. A summary of the dataset characteristics is provided in
Table 1.

Table 1. Summary of the generated inverse kinematics dataset

Description Value
Sampled Cartesian Points 60.471.201
Valid IK solutions 34.431.743
Valid ratio 56.9%
Workspace resolution 1 mm
Active joints 5

The large-scale dataset enables the model to observe diverse kinematic configurations, including
regions close to joint limits and workspace boundaries. Training results show stable convergence within
fewer than 25 epochs. On the test set, the model achieved a mean joint angle MAE of 0.68° and a mean
forward kinematics (FK) error of 4 mm, with 95% of samples exhibiting FK errors below 6.83 mm.

These results indicate that the proposed MLP-based model effectively learn the inverse kinematics
mapping over a wide workspace. The relatively small FK error demonstrates that the learned mapping
generalizes beyond individual joint configurations and maintains task-space accuracy, which is essential
for manipulation tasks.
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3.2. End-Effector Point Testing and Workspace Error Distribution

To evaluate the positioning accuracy of the proposed MLP-based inverse kinematics model, point-
wise end-effector tests were conducted at 20 target Cartesian poses distributed across the manipulator
workspace. For each target position P = [x, v, z]7, the network predicted a joint configuration g, which
was then mapped back to Cartesian position p through forward kinematics, The absolute positioning
error was quantified using the Euclidean distance, defined in (7) as:

e=llp—pl=Vx-D*+ -9+ (z-2)? (10)
Beyond reporting individual point results, the evaluation summarizes accuracy using statistical
aggregation to highlight trends across different workspace regions. Specifically, target point were
categorized relative to the workspace bounding box (BBOX) into inside, boundary and outside regions
in order to examine the effect of proximity to workspace limits on kinematic feasibility and prediction
accuracy. The resulting mean positioning errors are summarized in Table 2. Overall, the model achieves
the lowest error for points located well inside the workspace, while the error increases near the workspace
boundary and becomes highest for targets outside the nominal workspace. This behavior is attributed to
increased kinematic difficulty and constraint saturation near the limits of reachability.

Table 2. Mean end-effector positioning error grouped by workspace BBOX region (20-point test)

BBOX Region Interpretation Mean Error (mm)
Inside Points well within feasible workspace 4.28
Boundary Points near workspace limits 23.7
Outside Points beyond nominal workspace 61.8

To further characterize the spatial behavior of positioning error, the workspace was stratified along
the vertical axis z into three height layers; low (5-15mm), mid (16-25mm), and high (26-36mm). The
distribution of positioning error was then analyzed on the x — y plane using spatial aggregation, as
illustrated in Fig. 3. The visualization shows a consistent pattern across all height layers, where
positioning errors tends to increase near the edges of the workspace particularly at extreme values of x
dan y while the central workspace region exhibits consistently lower error. This observation indicates
that reduced kinematics redundancy and increased sensitivity near workspace boundaries dominate error
behavior, regardless of the end-effector height. Consequently, the spatial analysis visually reinforces the
numerical results in Table 2, confirming that the proposed inverse kinematics model performs most
reliably for targets located within the core workspace region.

In addition to the spatial analysis in Fig. 7, we further examine the overall distribution of
positioning error on the test set. Fig. 8 reports a histogram of the Forward kinematic (FK) Cartesian
position error, providing a global view of how errors are distributed across all evaluated targets.

Low Middle High

0.20 [ X N ] q [} - 0.20 X ] 0.20 1 n‘ '. L] L1785

LTRSS _,-,gi; Rt - A R e Y N
L 4

®
,s(“i‘: - ] et ;--’-&\ L,Aa,;s”,a‘,i;r,.:,
0.05 , s E 005 A £
R ol O ; ."’;* D SR }z il
f 0.00 ° ) E a ;;cg £ 0.00- ' & :’
e t G e S e

010 . % 010 >3 o ° s
15 ‘ ".o’ o‘o‘o:“ 2 015 t‘.’fﬁ ‘28 s

Fig. 7. Spatial distribution of mean end-effector positioning error on the x — y plane at different workspace
height layers (low, mid, and high)
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Fig. 8. Histogram of FK cartesian position error (mm) on the test set for the proposed MLP model

As shown in Fig. 8, most samples concentrate within a few millimeters, while the distribution
exhibits a long tail that indicates occasional larger errors. This long-tail behavior is consistent with the
workspace-boundary effects observed in Fig. 3, where kinematics difficulty increases near the limits of
reachability. Consequently, the reported success rate under strict thresholds (e.g., T = 3 mm) is strongly
influenced by the proportion of samples around the threshold and the presence of outliers.

3.3. End-Effector Trajectory Accuracy Evaluation

To evaluate the proposed inverse kinematics model under continuous motion, end-effector
trajectory tests were conducted using a sequence of predefined Cartesian waypoints representing two
target poses (denoted as Pose A and Pose B) connected by a smooth Cartesian path. For each waypoint
P; = [xt, Ve, Z¢]T, the MLP model predicts joint angles §;, which are then executed in the control loop.
The realized end-effector position P, is obtained through forward kinematics, and the instantaneous
trajectory error is computed as e; = ||p; — P¢|l, consistent with the point testing metric in Section 3.2.

The results indicate that the model maintains stable trajectory tracking performance, with the
largest deviations typically occurring during transitions near workspace boundaries or kinematically
constrained regions. When both trajectory endpoint are located well within the feasible workspace, the
model produces low endpoint errors and smooth end-effector motion, demonstrating that the learned
inverse mapping generalizes beyond isolated point targets. This behavior is particularly relevant for
practical deployment scenarios, where inverse kinematics solutions are required sequentially along a
trajectory rather than at a single static pose.

To analyze the trade-off between positioning accuracy and execution speed at the system level, we
evaluate the same MLP-based IK model under three execution presets: accuracy focused, balanced, and
speed focused. Importantly, these presets do not modify the MLP architecture or weights; instead, they
adjust motion-execution parameters in the motion controller (e.g., waypoint/interpolation density,
control update rate, and smoothing/filtering). As a result, differences in the measured Cartesian endpoint
deviation primarily reflect end-to-end execution effects (IK prediction, trajectory discretization, and
tracking control), rather than changes in the IK model itself. As summarized in Table 3, the accuracy
focused preset follows the reference trajectory more closely, whereas faster presets increase throughput
through more aggressive execution settings, which can lead to larger endpoint deviations especially
near curved segments and workspace boundaries. Throughout execution, the joint limit bounding
mechanism ensures all predicted joint angles remain within the URDF-defined limits, preventing
infeasible configurations. In the section, we summarize trajectory execution accuracy using the endpoint
deviation at the final waypoint of each target pose (Pose A and Pose B), as reported in Table 3.

Fig. 9 qualitatively illustrates the impact of the execution presets by comparing the reference
Cartesian path and the realized end effector trajectory obtained via forward kinematics. Consistent with
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Table 3, the accuracy focused preset exhibits the smallest deviations, while the balanced and speed
focused presets show increased deviation, particularly in curved segments and near workspace
boundaries, notably, all presets generate continuous and physically feasible trajectories without abrupt
discontinuities, indicating that the proposed MLP provides stable IK commands under continuous
motion; the remaining differences are primarily attributed to the trajectory execution settings.

Table 3. Endpoint positioning error under different trajectory execution presets (same MLP IK model; presets
adjust controller-level execution parameters).

Endpoint error at Endpoint error at o
Preset mode Pose A (mm) Pose B (mm) Qualitative Speed
Accuracy Focused 13.8 25.6 Low
Balanced 66.6 24 Medium
Speed Focused 76.1 47.1 High
Trajectory 3D: Ref vs FK Trajectory 3D: Ref vs FK Trajectory 3D: Ref vs FK
—— Ref — Ref —— Ref

Xmy * oz -02

Xy 1 02 -0.2
03 “ 03

Accuracy Focused Balanced Speed Focused

Fig. 9. Comparison of reference and realized end-effector trajectories under different execution presets
(accuracy focused, balanced, and speed focused)

Overall, the trajectory results complement the point-wise accuracy analysis in Section 3.2 by
demonstrating that the proposed model can generate consistent joint commands for sequential Cartesian
targets. While the motion remains continuous and physically feasible under all presets, the observed
trajectory deviations increase under faster execution settings due to more aggressive trajectory
discretization and controller parameters.

3.4. Joint-Angle Consistency and Stability

While Section 3.3 evaluates trajectory tracking performance in Cartesian space, this section
analyzes the behavior of the predicted joint angles in joint space to assess motion stability and physical
feasibility. For each trajectory waypoint, the MLP-based inverse kinematics model outputs a joint
configuration § = [§4, 42,43, §a, Gs], which is examined across successive waypoints to evaluate
consistency, smoothness, and compliance with joint constraints.

The results show that the predicted joint-angle trajectories remain smooth and continuous
throughout execution without abrupt discontinuities or oscillatory behavior. Transitions between
successive waypoint produce gradual joint variations, indicating that the learned inverse mapping is
locally consistent and does not introduce sudden changes in joint commands, even under continuous
trajectory execution. This behavior is essential for practical robotic systems as abrupt joint changes can
induce mechanical stress and degrade motion reliability.

Constraint satisfaction is ensured by the bounded output formulation embedded in the network
architecture. Specifically, the network output is passed through tanh-based bounding and then scaled to
the URDF joint limits, yielding predicted joint angles that lie within the physically feasible range:
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™" <§; <q™,i=1,..5 (11)

Therefore, joint-limit violations are prevented by design, and none were observed in our
experiments, confirming that the constraint-aware output layer enforces kinematic feasibility at
inference time.

Overall, the joint-space analysis demonstrates that the proposed MLP-based inverse kinematics
model achieves Cartesian accuracy, as shown ins Sections 3.2 and Section 3.3, without compromising
joint-angle smoothness or safety. The combination of smooth joint evaluation and strict constraint
adherence supports reliable deployment under continuous motion conditions.

3.5. Computational Efficiency

This section evaluates the computational performance of the proposed MLP-based inverse
kinematics model under different execution presets to characterize the trade-off between accuracy and
execution speed. We evaluate three execution presets (accuracy-focused, balanced, and speed-focused)
that adjust controller-level execution parameters while keeping the same network architecture and
weights. All measurements are conducted on the same hardware and software configuration for
consistency.

The results shown in Table 4 indicate that the MLP inference time remains low and approximately
constant across all presets, since joint angles are obtained via a single forward pass of the same network.
Minor variations in the measured inference times (e.g., 7-8 ms) are attributed to measurement noise and
system-level jitter (e.g., OS scheduling), rather than differences in network complexity. In contrast, the
perceived speed differences among presets primarily arise from execution-level settings in the motion
controller (e.g., waypoint density, control update rate, and smoothing), which affect the end-to-end loop
period rather than the IK computation. The loop period is measured end-to-end per pose and includes
IK inference, trajectory interpolation, and controller execution.

Table 4. Computational performance under different execution presets

Preset Mode  Mean Loop Period (ms) IK Inference Time (ms) Qualitative Execution Speed

Accuracy focused 19.2 8 Low
Balanced 17 7 Medium
Speed focused 15 7 High

Overall, these results confirm that the proposed MLP-based IK provides deterministic per-target
computation without iterative refinement. Therefore, trade offs between accuracy and speed should be
interpreted mainly at the execution level (controller and trajectory settings), while the IK inference
latency remains stable across presets.

3.6. Comparison with Numerical IK Baseline (IKPy)

To asses performance against conventional inverse kinematics, we evaluate the proposed MLP
model against a Jacobian based numerical IK baseline implemented in IKPy. All methods are evaluated
on the same target set under identical workspace and joint limit constraints. Since numerical IK is
sensitive to initialization IKPy is evaluated using a warm start initial guess from the previous valid joint
configuration, which better reflects sequential pick and place execution. A target is considered successful
if the solver converges and the final end effector Cartesian position error is below a fixed threshold of 1
=10 mm.

Table 5 summarizes the comparison using success rate, mean cartesian position error, pick and
place endpoint errors, and per-target IK runtime. Improvement is reported as relative change with
respect to IKPy. The IKPy solver settings (maximum iterations, tolerance, damping, and joint-limit
handling) are reported together with the hardware/software configuration to ensure reproducibility.
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Overall, the proposed MLP better performance than the IKPy numerical IK baseline under the
same evaluation constraints. In addition to reducing mean Cartesian position error and pick/place
endpoints errors, the MLP also attains a higher success rate at T = 10 mm, indicating more reliable target
attainment. From a computational perspective, the MLP reduces per-target IK runtime, suggesting that
the learned feed-forward mapping can provide both improved accuracy and faster inference for
sequential pick and place execution.ru

Table 5. Performance comparison between the proposed MLP-based IK and the IKPy numerical IK baseline
under identical workspace and joint-limit constraints (success criterion: T= 10 mm)

Metric MLP-Based IK IKPy (warm-start) Relative Improvement (%)
Success rate (%) 65 40 62.5
Mean position error (mm) 4.28 18.38 76.7
Pick endpoint error (mm) 13.8 44.2 68.7
Place endpoint error (mm) 25.6 53.86 52.5
Runtime per target (ms) 7.46 20 62.7

3.7. Overall Discussion

This section synthesizes the experimental results to highlight the overall effectiveness and practical
implications of the proposed MLP-based inverse kinematics framework. The point wise evaluation in
Section 3.2 shows that the model achieves low cartesian positioning error for targets located within the
core workspace region, while errors increase near workspace boundaries due to kinematics constraints.
These indicate a clear relationship between workspace feasibility and prediction accuracy.

The trajectory evaluation in Section 3.3 further shows that the learned inverse mapping generalizes
beyond isolated points target, enabling stable and continuous end effector motion along predefined
Cartesian paths. Across the evaluated execution presets, trajectory deviation increases under faster
controller settings, particularly near curved segments and workspace boundaries, while all presets
produce continuous and physically feasible trajectories without abrupt discontinuities.

Joint space analysis in Section 3.4 confirms that the achieved Cartesian accuracy does not come at
the expense of motion stability or mechanical safety. The predicted joint angle evolve smoothly across
successive waypoints and strictly comply with URDF defined joint limits, validating the effectiveness
of the constraint-aware output formulation. This property is particularly important for deployment on
physical robotic platforms, where joint-limit violations and abrupt changes can cause mechanical stress
or system failure.

From a computational perspective, Section 3.5 and Table 5 show that the proposed approach
provides efficient and deterministic inference. Compared to the IKPy numerical IK baseline, the
proposed MLP reduces the mean position error from 18.38 mm to 4.28 mm and decreases per-target IK
computation time from 20 ms to 7.46 ms, while also improving the success rate from 40% to 65% under
of T =10 mm. Taken together, these findings demonstrate that the proposed method offers a practical
balance between accuracy, stability, and efficiency. Making it suitable for real-time pick and place
execution in robotic manipulation systems.

4. Conclusion

This paper presented an MLP-based inverse kinematics framework for robotic manipulation,
covering an end-to-end pipeline from URDF-based dataset generation to constraint-aware learning and
deployment in both simulation and physical experiments. The proposed approach learns a direct mapping
from Cartesian end-effector targets to joint angle commands while enforcing URDF-defined joint limits
through a bounded output layer, thereby promoting physically feasible predictions.
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Experimental results show that the proposed model achieved low positioning error for targets
located within the core workspace, while errors increase near workspace boundaries due to inherent
kinematic constraints. In trajectory-based evaluation, the learned mapping generalizes beyond isolated
points targets and produces smooth, continuous joint commands for sequential motion execution.
Different execution presets exhibit the expected system level trade off: faster controller settings increase
throughput but tend to increase trajectory deviation, particularly on curved segments and near workspace
boundaries, without changing the underlying network architecture or weights.

Compared to the Jacobian-based numerical IK baseline in IKPy (warm-start), the proposed method
provides better overall performance under identical workspace and joint-limit constraints and the same
success criterion (at T = 10 mm), improving success rate (65% vs 40%), reducing mean position error
(4.28 mm vs 18.38 mm), and lowering per-target runtime (7.46 ms vs 20 ms). These results indicate that
the proposed MLP-based IK offers a practical balance between accuracy, stability, and computational
efficiency for real-time pick and place applications

Despite these advantages, the current study focuses on open-loop execution and does not incorporate
sensor feedback or physical interaction effects during manipulation. Future work will extend the
framework toward closed-loop control with real-time sensing, robustness under external disturbances,
and integration with grasp planning and contact-aware manipulation to improve reliability in more
complex real-world scenarios.
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