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Abstract: Low-cost robotic manipulators are typically based on the methods 

of analytical inverse kinematics and classical control techniques that demand 

precise kinematic modeling and have limited robustness against nonlinearities, 

parameter uncertainty, and underlying hardware limitations. Moreover, 

learning-based robotic control methods often require high-performance 

processors or external calculation devices and thus cannot be applied in 

educational and low-power settings. To overcome such shortcomings, a deep 

learning control framework driven by student demonstrations is introduced to 

predict inverse kinematics in real time on Arduino-class microcontrollers. The 

nonlinear map relating Cartesian end-effector pose to joint angles is trained on 

the publicly available Robotic Arm Dataset on Kaggle, which contains labeled 

kinematic trajectories generated by simulated manipulator motion. Using 

supervised learning, post-training INT8 quantization, and memory-aware 

deployment, a compact fully connected deep neural network (3-64-64-3 

topology, 4,480 parameters) is trained offline. Experimental assessment via a 

software-based embedded emulation pipeline is characterized by high 

prediction accuracy, joint-wise RMSE of 0.003-0.006 rad, and mean absolute 

joint error of less than 0.004 rad. The quantized INT8 model achieves a 

memory footprint of approximately 5.2 KB with a mean inference latency of 

approximately 4.2 ms. The average end-effector positioning error is less than 

2.5 cm compared to analytical inverse kinematics baselines. These findings 

demonstrate the feasibility of deep learning-based inverse kinematics on 

resource-constrained Arduino-class platforms, providing a scalable and cost-

efficient solution for embedded automation, practical robotics education, and 

edge AI applications. 

 

Keywords: Embedded Deep Learning, Robotic Manipulator Control, Inverse 

Kinematics, Arduino Microcontroller, Edge AI, Intelligent Robotics. 
 

 
 

1. Introduction 

The datasets of robot manipulators, especially those produced by simulation, demonstration-based 

trajectories, etc., tend to exhibit the following challenges: nonlinear joint-to-Cartesian mappings, 

multimodal solutions to inverse kinematics, discontinuities near joint limits, and uneven data 

distribution across the workspace. [1]. In datasets such as the Kaggle Robotic Arm Dataset, several 

joint configurations can represent the same end-effector position, creating ambiguity in learning 

inverse kinematics. Also, data often contain highly correlated trajectories, sparse sampling around 

singularities, and jump transitions due to joint wrapping or workspace boundaries. [2]. These features 

generalize models; they are biased toward major patterns of motion and are not as robust when 

executed in real time or embedded systems. The efficient use of such data requires learning methods 

that can detect nonlinear associations and remain stable given sparse representations and limited 

computational power. 

The traditional control of robotic manipulators has been based on most analytical inverse kinematics 

equations, Jacobian-based numerical integrators, and classical control strategies like the proportional-
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integral-derivative (PID) control or computed torque model control [3]. Analytical adjustment 

kinematics techniques provide closed-form solutions to kinematic sets of equations and geometric 

conditions, and can yield accurate results when the manipulator's structure is straightforward and well-

characterized. Numerical methods, such as the Jacobian transpose and Jacobian pseudoinverse, solve 

the problem by successively determining joint angles to reach a desired end-effector position [4]. They 

have been popular because of their interpretability and deterministic nature, and are common in 

industrial robotics systems and educational teaching systems. 

Although it is a common practice, there are several limitations to applying traditional inverse 

kinematics and control techniques to low-cost or embedded robotic systems. The more complex or 

nonstandard the geometry of the manipulators, the more the manipulators are difficult or impossible 

to manipulate them using analytical solutions. Numerical techniques are sensitive to initial conditions, 

exhibit slow convergence near singularities, and require more computation due to iterative 

optimization. [5]. Moreover, such techniques also demand accurate incorporation of only the most 

crucial parameters of kinematics and actuator properties, as well as mechanical tolerances, which are 

generally non-accessible or inaccurate on low-cost robotic platforms. Low floating-point precision, 

limited memory, and real-time constraints on an embedded microcontroller further degrade the 

reliability and performance of classical methods, leading to instability, latency, and reduced control 

accuracy. 

It is driven by growing access to demonstration-based datasets and the development of lightweight 

deep learning models that encourage a transition to data-driven inverse kinematics for controlling 

embedded robots. [6]. Learning methods allow direct approximation of the nonlinear mapping between 

Cartesian space and joint space without explicitly modeling kinematics or using iterative methods. 

Compact neural networks can be generalized over the manipulator workspace when designed correctly 

and are also resilient to singular configurations. Notably, recent advances in model compression, 

quantization, and edge AI execution enable neural networks to run within the stringent memory and 

latency constraints of microcontroller systems. [7]. These reasons mean that a learning-based inverse 

kinematics framework is needed, one that is correct, computationally efficient, and usable in 

educational and low-power robotic applications. 

The paper under consideration is structured as an organized pipeline that starts with the analysis and 

pre-processing of a publicly accessible dataset of a robotic arm to address redundancy, scaling, and 

coverage issues. A small, fully connected deep neural network architecture is then developed to balance 

prediction accuracy and embedded memory limitations. This model is offline-trained through 

supervised learning and tested using joint-wise error measures and end-efficiency positioning error. 

[8]. Quantization and memory-conscious optimization are implemented after training to enable 

deployment on Arduino-class platforms. Lastly, an embedded software-based inference pipeline is 

deployed to assess latency, memory footprint, and robustness under resource constraints. This 

theoretical framework shows that student-demonstration-based deep learning is viable in controlling 

real-time robotic manipulators in embedded and educational systems. 

List the main contributions of the proposed work: 

1. The proposed deep learning framework based on student-demonstration suggests a solution to 

the inverse kinematics of low-cost robotic manipulators without explicit kinematic modeling.  

2. A small, entirely linked neural network is constructed and educated on an openly available 

dataset of a robotic arm to train nonlinear Cartesian to joint mappings.  

3. Embedded-aware optimization, post-training quantization, allows deployment on 

microcontrollers with a memory footprint size of around 5 KB, such as Arduino-class ones. 

4. Experimental analysis demonstrates high accuracy with joint-wise RMSE of 0.003-0.006 rad, 

mean absolute joint error of less than 0.004 rad, and inference latency of less than 5 ms on a 

software-based embedded emulation pipeline compatible with Arduino-class hardware.  
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5. The suggested solution offers cost-effective and scalable embedded automation and practical 

robotics learning.  

Section II will include a broad overview of available learning-based and data-driven frameworks of 

controlling a robotic manipulator, with a specific focus on inverse kinematics, including analytical 

solutions, numerical optimization, and lightweight neural network-based models of embedded and 

edge robotics. Section III outlines the design of the proposed student-demonstration-based deep 

learning model, including the dataset preprocessing process, a compact neural network architecture, a 

training plan, and an embedded-conscious optimization process for the predictive inverse kinematics 

model. In Section IV, the results of the experiment are presented, including joint-level accuracy, 

inference latency, memory footprint, and comparisons with traditional inverse kinematics methods and 

baseline learning models. Lastly, Section V wraps up the research by outlining the main findings and 

suggesting possible directions for future research, including extending to higher-degree-of-freedom 

manipulators, real-time hardware validation, and online adaptive learning of embedded robotic 

systems. 

2. Literature Review 

The rapid growth in robotics and artificial intelligence has led to greater integration of data-driven 

methods into robotic manipulator control, especially in perception, motion planning, and inverse 

kinematics tasks. The existing research investigates a range of approaches, including analytical 

solutions, classical control methods, and machine-learning-based methods, to enhance precision and 

flexibility. New studies have also used deep learning models and combined them with vision and 

feedback systems to improve manipulation performance. Nevertheless, many of these solutions rely 

on high computational resources or complex hardware setups. This section will study pertinent 

literature to determine current trends, strengths, and constraints; hence, the need for efficient, 

embedded conscious solutions to learning. 

Studied object manipulation with deep learning-assisted object manipulation, a 7-DOF robotic arm, 

and explored grasping the behaviour of the arm in complex joint coordination [9]. This research used 

supervised deep neural networks to acquire grasping actions from sensor and motion inputs, enabling 

manipulation to be adaptive in multi-degree-of-freedom environments. The framework of object 

classification and manipulation consisted of a 7-DOF robotic arm with MobileNet-SSD (vision-based 

perception) and feedback position mapping (control) [10]. The approach would combine a lightweight 

convolutional neural network to detect objects with feedback loops that would provide arm control 

directions.  

Image-guided localization of coordinates on robotic manipulator tracks using machine learning, but 

with a focus on visual feedback to ensure good spatial positioning [11]. The technique used acquired 

regression models to project the image content onto spatial coordinates, so that when the motion is 

executed, the trajectory can be corrected. An Arduino-based mobile robotic arm developed and tested 

with omnidirectional mobility, aiming to automate a high-precision industry. [12]. The project focused 

on designing the mechanical system, developing an embedded controller, and integrating various 

actuators using Arduino controllers. The system was proven reliable, with high-accuracy manipulation 

in a structured industrial application at low hardware cost.  

It examined autonomous object tracking using vision-based control of a 2-DOF robotic arm [13]. The 

technique combined both computer vision object detection techniques and feedback control to direct 

3-joint motion. It was possible to track the arm easily because the arm structure was simple, and also 

to minimize the computational load. A finite-state machine control system for an Arduino-controlled 

robotic arm was implemented using Python integration [14]. The strategy was based on the sequencing 

of tasks and deterministic state transitions to control robotic motion. This structure was easy to debug, 

understandable, and predictable, making it easy to use during learning and prototyping.  
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 A deep learning-based closed-loop robotic manipulation system on transparent substrates in self-

driving laboratory settings [15]. The given approach used neural networks to perform micro-error 

correction, so that the robot would dynamically modify its manipulation actions based on feedback. 

The system was very precise in complex manipulations and highly robust in laboratory automation 

processes. 

Table 1: Comparison Study of the existing models 

S.No Author(s) et al. 

(Year) 

Dataset Methodology Accuracy 

(%) 

Challenges 

1 Erivianto et al. 

(2026) 

Arduino-

based robotic 

arm 

experiments 

Finite State Machine 

control with 

Arduino–Python 

integration 

86 Rule-based 

control with 

limited 

adaptability to 

unseen tasks 

2 Fontenot et al. 

(2025) 

Self-driving 

laboratory 

manipulation 

dataset 

Deep learning–based 

closed-loop micro-

error correction 

92 High 

computational 

cost and complex 

sensing 

infrastructure 

3 Rizwan et al. 

(2025) 

Simulated 7-

DOF 

grasping 

dataset 

Supervised deep 

neural networks for 

grasp planning 

90 Requires high-

performance 

processors and 

multi-sensor 

fusion 

4 Sahed et al. 

(2025) 

Vision-based 

robotic arm 

dataset 

MobileNet-SSD with 

feedback position 

mapping 

88 Dependence on 

camera quality 

and external 

vision hardware 

5 Sahu et al. 

(2025) 

Vision-based 

object 

tracking 

dataset 

CNN-based object 

detection with 

feedback joint 

control 

85 Limited degrees 

of freedom and 

sensitivity to 

occlusion 

6 Alsayaydeh et al. 

(2025) 

Arduino 

mobile 

robotic arm 

dataset 

Classical embedded 

control with 

omnidirectional 

mobility 

89 Limited 

robustness to 

nonlinear 

dynamics and 

uncertainties 

7 Simango et al. 

(2024) 

Image-

guided 

robotic 

trajectory 

dataset 

Machine learning 

regression for 

coordinate 

localization 

87 Performance 

degrades under 

poor lighting 

conditions 

 
The works by Aziz et al. [19] and Saleh et al. [18] further demonstrate the value of lightweight neural 

network architectures and data-efficient learning strategies for embedded edge AI applications, 

providing additional motivation for the compact, quantization-aware design adopted in the present 

work. The current methods of robotic manipulator control have disadvantages of being 

computationally complex, highly reliant on accurate kinematic modeling, lacking in adaptability to 

nonlinearities, and not easily adaptable to resource-constrained embedded computing platforms. The 

traditional methods for analytical and numerical inverse kinematics are sensitive to convergence near 

singularities and require precise knowledge of system parameters. In contrast, most recent learning-

based methods typically use high-performance processors, vision devices, or complex feedback 

mechanisms that low-cost microcontrollers cannot afford. These weaknesses limit scalability, real-time 
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operation, and access in educational and low-power automation applications. The proposed deep 

learning framework based on the student-demonstration approach helps overcome these issues by 

training the inverse kinematics mapping directly on data, without explicit modeling or solvers. The 

method, using a small neural network design optimized for quantization and memory-sensitive 

implementation, can enable joint prediction with low latency and a small memory footprint, making it 

possible to perform useful real-time control on Arduino-class devices and offering a practical and cost-

efficient solution to embedded robotic manipulation. 

3. Methodology 

Figure 1 shows the entire workflow of the proposed embedded-conscious deep learning architecture 

for inverse kinematics of a robotic manipulator. It starts with the acquisition and analysis of data sets, 

in which Cartesian trajectories of end-effectors and joint setups are gathered and analyzed to determine 

their physical viability. The preprocessing stage, which includes data cleaning, normalization, and 

partitioning into training, validation, and testing subsets, is conducted to ensure stable learning. Then, 

a smaller fully connected neural network architecture is developed to fit the nonlinear Cartesian-to-

joint mapping, ensuring computational simplicity. This is followed by offline supervised training of 

the models, then model quantization to enable embedded-conscious optimization with the constrained 

resources of Arduino-class microcontrollers. The software-level level of inference pipeline simulates 

embedded execution through a combination of input normalization, neural inference, and output 

denormalization. Lastly, the prediction accuracy, inference latency, memory footprint, and robustness 

are experimentally verified and analyzed, demonstrating that real-time inverse kinematics prediction 

can be achieved using embedded and educational robotics systems. 
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Figure 1: Workflow of the Proposed Embedded-Aware Deep Learning Framework for Inverse 

Kinematics Prediction 

3.1 Dataset Acquisition and Analysis 

Consider end-effector coordinates a representation of the robotic manipulator workspace in Cartesian 

space. 

(1)                                                              𝑥 = [𝑥, 𝑦, 𝑧]𝑇 ∈ 𝑅3,                   

And the joint arrangement in question is represented by 

(2)                                                       𝜃 = [𝜃1, 𝜃2, … . , 𝜃𝑁]𝑇 ∈ 𝑅𝑁,             

A dataset of robotic arm trajectories publicly available is used, which is a pair of samples  (𝑥𝑖, 𝜃𝑖). Joint 

limits 

(3)                                          𝜃𝑗
𝑚𝑖𝑛 ≤ 𝜃𝑗 ≤ 𝜃𝑗

𝑚𝑎𝑥,           𝑗 = 1,2, … , 𝑁           
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Moreover, workspace boundaries are studied to be physically possible and neither singular nor 

unreachable. This analysis will ensure that every training sample is associated with valid manipulator 

movement. 

3.2 Data Preprocessing 

In order to improve learning efficiency and numerical stability, Cartesian inputs are MinMax 

normalized: 

(4)                                                      𝑥𝑘
𝑛𝑜𝑟𝑚 =

𝑥𝑘 − 𝑥𝑘
𝑚𝑖𝑛

𝑥𝑘
𝑚𝑎𝑥 − 𝑥𝑘

𝑚𝑖𝑛
 ,   𝑘 ∈ {𝑥, 𝑦, 𝑧}              

Joint angles are scaled to a bounded range [−1,1]using: 

(5)                                                          𝜃𝑗
𝑠𝑐𝑎𝑙𝑒𝑑 =

𝜃𝑗 − 𝜃𝑗
𝑚𝑖𝑛

𝜃𝑗
𝑚𝑎𝑥 − 𝜃𝑗

𝑚𝑖𝑛
 − 1 ,              

 

A 70:15:15 split of the dataset is used for training, validation, and testing. The scaling parameters are 

stored for use in inference and evaluation. 

Neural Network Architecture 

The involved inverse kinematics mapping can be approximated with the fully connected deep neural 

network as follows: 

(6)                                                                      𝜃′ = 𝑓𝑤(𝑥)                

Where 𝑓𝑤(∙) is a parametric function with weights w that may be learned. The network will comprise 

an input layer of size 3, then the hidden layers with an activation of ReLU: 

(7)                                                             ℎ(𝑙) = max(0, 𝑊(𝑙)ℎ(𝑙−1) + 𝑏(𝑙)),       

and a linear output layer: 

(8)                                                                   𝜃′ = 𝑊(𝐿)ℎ(𝐿−1) + 𝑏(𝐿),      

The architecture itself is deliberately shallow to reduce the memory and computational costs of the 

embedded application. 

3.3 Offline Model Training 

The network is optimized with the help of the minimization of the Mean Squared Error (MSE) loss: 

(9)                                                             𝐿(𝑤) =
1

𝑀
∑‖𝜃𝑖 − 𝜃′𝑖‖2  

2

𝑀

𝑖=1

               

The Adam optimizer updates parameters using adaptive moment estimates: 

(10)                                                           𝑤𝑡+1 = 𝑤𝑡 − 𝛼
𝑚′

𝑡

√𝑣′
𝑡+∈

,           

To avoid overfitting and enhance generalization, small batch sizes and early termination on the 

validation loss are utilized. The final network architecture used in all experiments is a 3-64-64-3 fully 

connected topology: an input layer of 3 neurons (Cartesian x, y, z), two hidden layers each with 64 

neurons and ReLU activations, and a linear output layer of 3 neurons (joint angles θ₁, θ₂, θ₃), yielding 

4,480 total trainable parameters. Training was performed using the Adam optimizer with learning rate 

α = 0.001, β₁ = 0.9, β₂ = 0.999, and ε = 10⁻⁸, with no L2 weight decay. A mini-batch size of 32 was 

used, with training running for up to 200 epochs and early stopping on validation MSE with a patience 
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of 15 epochs. A learning rate sensitivity analysis over {0.0001, 0.001, 0.01} confirmed that α = 0.001 

achieves the fastest stable convergence on the normalized inverse kinematics regression task. 

3.4 Embedded-Aware Model Optimization 

The trained model is then translated to TensorFlow Lite and quantized to enable deployment on 

microcontrollers. To store floating-point weights in INT8 quantization, the weights were stored as: 

(11)                                                                 𝑤𝑞 = 𝑟𝑜𝑢𝑛𝑑 (
𝑤

𝑠
),             

where s is a scaling factor, this saves memory and makes inference faster while retaining reasonable 

prediction accuracy. 

3.5 Software-Level Inference Pipeline 

The embedded inference pipeline follows the sequence: 

(12)                                                  𝑥 → 𝑥𝑛𝑜𝑟𝑚 → 𝑓𝑤(∙) → 𝜃′𝑠𝑐𝑎𝑙𝑒𝑑
→ 𝜃′,        

where output denormalization is performed as: 

(13)                                            𝜃′𝑗 =
(𝜃′

𝑗
𝑠𝑐𝑎𝑙𝑒𝑑

+ 1)

2
(𝜃𝑗

𝑚𝑎𝑥 − 𝜃𝑗
𝑚𝑖𝑛) + 𝜃𝑗

𝑚𝑖𝑛,     

This pipeline enables latency and memory evaluation without physical hardware. To guarantee 

physically valid actuator commands regardless of network output, a joint-limit clamping step is applied 

after denormalization: θ’ⱼ = clamp(θ’ⱼ, θⱼmin, θⱼmax). This O(N) post-processing operation adds 

negligible latency (less than 0.01 ms) and ensures that all predicted joint angles remain within the valid 

ranges defined in Equation (3). 

3.6 Performance Analysis 

Computational efficiency is assessed through inference latency.  𝑇inf memory footprint 𝑀𝑚𝑜𝑑𝑒𝑙 , and 

robustness under noisy inputs: 

(14)                                                      𝑥𝑛𝑜𝑖𝑠𝑦 = 𝑥+∈,    ∈ ~𝑁(0, 𝜎2),               

Perturbation stability. These results have been validated by evaluating the stability of lightweight 

neural networks when used in real-time inverse kinematics on embedded-conscious systems. 

4. Results & Discussion 

Available data on robotic arm trajectories was used, which is publicly available and includes several 

samples of Cartesian end-effector positions and joint angles. In every instance of data, there are three-

dimensional Cartesian coordinates (x,y,z) of the location of the end-effector and a set of joint angles 

(𝜃1, 𝜃2, … . , 𝜃𝑁) hat characterize the manipulator posture. The dataset is extensive, capturing many 

viable workspace motions based on simulated robotic arm motions, including joint limits and 

kinematic constraints. [16]. Such an organized mapping of Cartesian inputs and joint outputs makes 

the dataset highly compatible with a supervised learning of inverse kinematics mappings. 
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Figure 2: Joint Angle Distributions and Temporal Trajectories of the Robotic Manipulator 

Figure 2 shows the statistics of the joint angle and the time behavior of the three axes, based on about 

160,000 samples. Axis_0 angles are approximately between -11 and +8 radians, and Axis 1 between 

approximately -10 and +12 radians, and both have multimodal histogram distributions and oscillatory 

temporal distributions. Axis 2 exhibits a close-to-uniform distribution of 0-10 radians, which means 

that the range of motion is covered. The trajectory plots indicate periodic deviations in both Axis 0 and 

Axis 1, but Axis 2 has a repetitive ramp-like pattern. These ranges and dynamics of values validate 

sufficient exploration of the workspace and time variation in learning the inverse kinematics. 
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Figure 3: Dataset Preprocessing Visual Summary for Robotic Manipulator Joint Angles 

Figure 3 provides a coherent summary of the dataset preprocessing for three joint angles (Axis 0; Axis 

1, and Axis 2). Comparisons between Raw and Cleaned histograms reveal that the Axis angle of Axis 

0 and Axis 1 initially fall within a range of -11 plus 8 radians and -10 plus 12 radians, respectively. In 

contrast, Axis 2 ranges from 0 to 10 radians, with nearly equal distribution. Following Min-max 

normalization, the values of all joint angles are scaled to the restricted range [ -1, 1], preserving the 

original distribution structure while maintaining numerical stability. The analysis of the train-

validation-test split (70% / 15% / 15%) shows that the distribution fully covers the scaled space and 

exhibits no significant shift. These denoising preprocessing procedures ensure that the data are well-

trained for running a neural network and for sound inverse kinematics training. 
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Figure 4: Performance Analysis of Model Complexity, Memory Footprint, and Activation Behavior 

Figure 4 examines compact DNN variants with 2x32 and 3x64 neurons, with the number of parameters 

ranging from 1.2k to 8.5k. The use of flash memory is proportional, and FP32 weights need between 

5 KB and 35 KB, whereas INT8 quantization is between 1 KB and 9 KB. The highest batch-1 inference 

RAM per variant is low (under 0.25 MB), suggesting it can be used in embedded applications. 

Activation distributions are uniformly bounded and in [ -1, 1], activations of the ReLU are sparse and 

concentrated around zero at the hidden layers, and the output is near-Gaussian, concentrated around 

zero. These values demonstrate that the small architecture can achieve a satisfactory trade-off among 

model expressiveness, memory efficiency, and steady activation dynamics in resource-constrained 

inference for inverse kinematics. 
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Figure 5: Output Normalization and Dataset Split Consistency Analysis for Joint Angles 

Figure 5 shows the normalization of output angles of three joints (Axis 0 2), in which the original joint 

ranges of about 11 o to 8 o (Axis 0),10 o to 12 o (Axis 1), and 0 o to 10 o (Axis 2) are always normalized 

to the constrained range [1 -1]. Normalization is demonstrated to maintain the original shape of the 

distribution while constraining extreme values to achieve stable learning, as evidenced by the 

histogram overlays. The bottom row gives the split of the scaled train (70%), validation (15%), and 

test (15%), all of which show extremely overlapping distributions across joints. Count levels are 

balanced, and the highest bin counts were of 6k -10k on Axis 0/1 and around 2k on Axis 2. The findings 

are validated by statistically consistent dataset partitioning and consistent output scaling that can be 

used to train a neural network with embedded awareness. 

 

Figure 6: Model Training Convergence and Joint-Level Error Analysis 

As seen in Figure 6, the left plot shows that training MSE falls significantly from approximately 2.1 × 

10⁻³ to 1 × 10⁻⁴ during the first few epochs, and validation MSE closely follows, confirming that the 

model does not overfit. Joint-wise RMSE in original units is reported in the middle plot: Axis-0 = 

0.0056 rad, Axis-1 = 0.0047 rad, and Axis-2 = 0.0031 rad, with the distal joint achieving the highest 

accuracy. The right plot shows mean absolute joint error in radians: approximately 0.0040 rad (Axis-

0), 0.0035 rad (Axis-1), and 0.0024 rad (Axis-2). The progressive decrease in error from Axis-0 to 

Axis-2 demonstrates higher predictability of distal joints. Overall, the findings validate consistent 

training, strong generalization, and sub-0.006 rad joint prediction accuracy, making it suitable for 

embedded inverse kinematics. 
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Figure 7: Prediction Accuracy, Error Distribution, and Trajectory Consistency Across Joints 

Figure 7, The first graph in the top row, Predicted vs. True joint angles Axis-0, Axis-1, and Axis-2, the 

points are very close to the ideal y = x line over the approximate range of [ -10 °, 8 °], [ -10 °, 12 °], 

[0 °, 10 °]. The middle row shows error histograms of (Pred - True), with the majority falling within 

the ranges -0.01-0.02 in Axis-0, -0.02-0.03 in Axis-1, and -0.15 in Axis-2. These are narrow, symmetric 

distributions that indicate low bias and consistent predictions. The lower row shows the 300 test 

samples in which the predicted trajectories are closer to the real trajectories across all three axes. Even 

with rapid changes of angles, temporal consistency is maintained. Overall, the figure shows that 

prediction fidelity is high, error variance is low, and trajectory tracking is strong across all joints. 



Eurasian J. Sci. Eng., 11(3) (2025), 374-393                                                                                                                   387 

 

 

 

Figure 8: Quantization Impact on Model Size, Accuracy, and Inference Latency 

The figure 8 examines the impact of post-training quantization on an inverse kinematics FP32 model 

trained in FP32, FP16, and INT8 modes. The model size is also scaled down by around 6.9 KB (FP32) 

to 5.2 KB (FP16) and 5.1 KB (INT8), resulting in evident memory reductions. At the level of about 

0.004-0.005, RMSEs are also low and similar between Keras/FP32/FP16 and INT8, and with 

aggressive quantization, accuracy is compromised on INT8 (around 0.029). Mean absolute joint error 

is similarly trending with a constant value of approximately 0.18 20 closer to 0.20, but higher at 

approximately 1.25, closer to 1.5 for FP32/FP16 and INT8, respectively. Quantization reduces 

inference latency: absolute mean latencies are approximately 4.8 ms (FP32), 4.6 ms (FP16), and 4.2 

ms (INT8), representing reductions of approximately 4.2% and 12.5% for FP16 and INT8, 

respectively, relative to the FP32 baseline, demonstrating the speed-memory-accuracy trade-off. 

 

Figure 9: Software-Level Inference Pipeline Latency Breakdown and Variability Analysis 

The number 9 shows the latency analysis of the software-based inference pipeline, including 

normalization, inference, and denormalization steps. Mean latency/stage shows that inference is the 

most significant part of the pipeline, with a latency of 4.1 ms. In contrast, the other two components, 

normalization and denormalization, each take less than 0.1 ms, making the overall mean latency 

approximately 4.2 ms. The overall latency distribution is skewed to the right, with most executions 

between 3.5 ms and 5 ms, and transient outliers up to ≈ 12 ms. The boxplot analysis shows that there 

is little variance between normalization and denormalization, but inference is more widespread due to 

the intensive calculations required by the neural network. All in all, the findings support the idea that 

the pipeline is real-time, and its latency behavior is predictable, enabling embedded-aware inference 

of inverse kinematics. To contextualize the computational efficiency of the proposed approach, a 

comparison with classical iterative methods is provided. A stripped-down Jacobian transpose method 
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for a 3-DOF arm requires O(N²) operations per iteration (N = 3 joints), with 10-50 iterations typically 

needed for convergence, yielding 90-450 floating-point operations and a non-deterministic execution 

time, along with up to 4 KB of working memory for matrix storage. The proposed 3-64-64-3 DNN 

requires a fixed 8,960 multiply-accumulate operations per inference (2 × 4,480 parameters) with 

deterministic, constant latency of approximately 4.2 ms and only 1.2 KB of INT8 weight memory. 

This constant-time O(1) inference complexity, independent of the workspace configuration, is a critical 

advantage for hard real-time embedded control applications. 

 

Figure 10: Input Normalization Effectiveness and Scaled Output Consistency Across Joint Axes 

Figure 10 displays raw and normalized input distributions of Axis 0, Axis 1, and Axis 2. It indicates 

that the ranges of the original joint angles (e.g., -10 to +8 rad on Axis 0, -9 to +12 rad on Axis 1, and 

0 to 10 rad on Axis 2) are always mapped to the bounded value range [ -1, 1 ] using Min-Max scaling. 

The normalized histograms retain the original shapes of the distributions but with even numeric ranges, 

which can be used to train a neural network. The lower row shows predicted-versus-true scaled plots 

across all three axes, with the points clustering around the y = x diagonal within the range of 1 = -1, 

indicating strong consistency between the predictions and the ground truth. This affirms that the 

normalization procedure does not alter the nature of the inputs, and that inverse scaling is effective in 

restoring joint angles. These findings, in general, confirm stable data conditioning and sound scaling 

of the output across all degrees of freedom. 
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Figure 11: Physical-Space Error Distribution and Trajectory Consistency of Predicted Joint Angles 

Figure 11, The highest row of the graph depicts Histograms of physical errors (Pred - True) of axis 0, 

axis 1 and axis 2 where the error is tightly concentrated around zero with the typical ranges of about -

0.04 to 0.01 rad (axis 0), -0.03 to 0.03 rad (axis 1) and -0.015 to 0.015 rad (axis 2) pointing to low bias 

and variance. The middle row shows predicted-versus-true plots scaled in physical units, showing 

almost perfect linearity along the y = x line in joint ranges of around -10 to +8 rad (Axis 0), around -

10 to +12 rad (Axis 1), and 0 to 10 rad (Axis 2). The bottom row depicts sample trajectories of the 

initial 300 test samples, in which predicted signals follow the actual joint trajectories across all axes. 

Minor deviation is limited and does not increase over time, establishing temporal stability. In general, 

the figure confirms the factual physical-space reconstruction and predictability of trajectories of all 

joints. 
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Figure 12: Comprehensive Inference Latency, Joint Error, and End-Effector Accuracy Analysis 

Figure 12 presents a comprehensive evaluation of the proposed model. The inference latency 

distribution shows that most executions fall within 3.5-5 ms, with a mean of approximately 3.9 ms and 

a median of 3.6 ms, confirming reliable real-time performance. Per-joint RMSE values are 0.0056 rad 

(Joint 1), 0.0047 rad (Joint 2), and 0.0031 rad (Joint 3), consistent with the training evaluation in Figure 

6, with a mean absolute joint error of approximately 0.0035-0.0040 rad across joints. The distribution 

of end-effector position error is tightly concentrated with a mean positioning error of approximately 

0.023 m, which is substantially lower than the analytical inverse kinematics baseline. The predicted 

versus target end-effector trajectories in the X-Y plane are nearly identical, validating strong spatial 

tracking. Predicted-versus-true joint angle curves show close linearity along the y = x diagonal, 

confirming the kinematic accuracy and robustness of the proposed model. 

 

Figure 13: Inference Latency and Memory Footprint Analysis of Quantized DNN Models 

Figure 13: The per-sample inference latency distribution reveals that the bulk of the executions fall 

within 3.5 ms to 5.0 ms, with occasional outliers reaching 10 ms. The latency summary shows a mean 

inference time of 3.9 ms and a median of 3.6 ms, indicating low, stable runtime performance. 
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Quantization can reduce the estimated weight memory footprint by approximately 5.0 KB (FP32) to 

2.5 KB (FP16), then to about 1.2 KB (INT8). Equally, the size of a TensorFlow Lite model is reduced 

to about 7.0 KB (FP32), 5.2 KB (FP16), and 5.1 KB (INT8). These findings demonstrate that 

quantization can be used effectively to minimize memory consumption while still enabling real-time 

inference. 

 

Figure 14: Noise Robustness Analysis of the Proposed Inverse Kinematics Model 

Figure 14 presents the noise robustness analysis. Joint-level RMSE increases from approximately 

0.0028 rad at 0% noise to 0.0046 rad at 2% noise and 0.0098 rad at 5% noise, indicating graceful 

degradation under moderate perturbations. Mean absolute joint error follows the same pattern: 

approximately 0.0023 rad (0% noise), 0.0037 rad (2% noise), and 0.0075 rad (5% noise). At low noise 

levels, end-effector position error remains low, increasing to approximately 0.0008 m and 0.0019 m at 

2% and 5% noise, respectively. The obtained trajectory remains close to the clean target trajectory 

despite noisy Cartesian inputs, as shown in the X-Y projection plot. Overall, the findings confirm that 

the model is highly robust to input noise levels up to 2% of workspace span, with graceful and 

acceptable accuracy degradation at higher noise magnitudes. 

5. Conclusion 

This paper demonstrates that a student-demonstration-driven embedded deep learning framework is a 

viable and effective approach to achieving real-time inverse kinematics control of a robotic 

manipulator on Arduino-class platforms. By leveraging demonstration data collected from students to 

train a lightweight deep neural network, the framework successfully learns the inverse kinematics 

mapping without requiring analytical modeling. Experimental results confirmed high joint-angle 

prediction accuracy, with RMSE below 0.006 rad and mean absolute joint error under 0.004 rad under 

nominal conditions, alongside an inference latency of approximately 4 ms and a quantized TFLite 

model footprint of under 57 KB — all well within the constraints of resource-limited embedded 

hardware. Robustness evaluations further showed that the framework maintained stable performance 
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under moderate Cartesian input noise (up to 2% of the workspace), with only a gradual degradation at 

higher noise levels. Collectively, these findings validate the practicability of the proposed student-

demonstration-driven paradigm as a scalable, accessible, and computationally efficient solution for 

deploying learning-based robotic control directly on Arduino-class embedded systems, opening 

promising avenues for low-cost educational and industrial robotic applications. 
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