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Abstract

Perception, planning, and control of autonomous navigation of dynamically
unstable systems, including self-balancing two-wheeled robots, are difficult.
The gap between high-fidelity neural scene reconstruction and real time,
stability guaranteed control is critical, as covered in this paper. One of the key
weaknesses of traditional navigation stack is pointed out: the decoupling
between sparse or LiDAR-based mapping and motion planning leads to a
dynamically unsafe geometry of the trajectories in case of underactuated
systems. The main input of the work is a novel, closely combined hybrid
framework, a combination of a real-time Neural Radiance Field (NeRF) to
densely implicit mapping and stability-constrained Model Predictive Controller
(MPC). The approach to overcome the drawbacks of the previous technique is
that the differentiable NeRF representation is directly integrated into the MPC
optimization cycle, which allows collision avoidance based on gradients but
explicitly addressing the dynamic stability constraints of the robot through the
Zero-Moment Point (ZMP) analysis. The superiority of the framework is proved
by extensive simulation and experiments in real world. A 92% navigation
success rate would be obtained in cluttered scenes, which is a 14-17.9% higher
success rate than visual and LiDAR baselines. More importantly, the stability of
the robot is improved, and the average tilt angle is decreased by 28 percent to
1.8deg, as well as, control effort is also reduced by 31 percent. This system
manages dynamic barriers with probability of success of 85 percent and the
response time of 0.45 seconds, which confirms the effectiveness of the
suggested neural perception-control coupling.

Keywords-Autonomous Navigation, Model Predictive Control, Neural
Radiance Fields, Self-Balancing Robots, Simultaneous Localization and
Mapping.
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1. Introduction

The emergence of autonomous robots on a mobile platform has sparked
tremendous development in many industries, such as logistics, surveillance, and
individual assistance. Self-balancing robots, the most basic of which are typified
by the two-wheeled inverted pendulum (TWIP) architecture, offer a distinctly
difficult and interesting field of autonomous navigation studies [1]. Such robots
are said to be underactuated, nonholonomic, and inherently unstable which
means that it requires high-frequency control loops to ensure dynamic stability.
This therefore means that a well-coordinated solution to attain robust
autonomous navigation of such platforms in real-time should involve
simultaneous consideration of accurate environmental perception, stability
conscious trajectory planning, and precise real-time control, and at the same
time, strict computational limits [2].

Conventional methods of autonomous navigation usually make use of
decoupled modular pipelines. Simultaneous Localization and Mapping (SLAM)
systems that are visual or LiDAR-based are often used in the perception stage.
Nonetheless, these approaches have some serious shortcomings as they are
applied to the self-balancing space [3]. Sparse or semi-dense geometric maps
are produced in feature based or semi-dense visual SLAM systems, including
VINS or ORB-SLAM. Although useful in localization, the geometry of these
sparse reconstructions is unable to provide narrow obstacle avoidance and
smooth pathfinding in cluttered scenes which dense geometry can achieve [4].
LiDAR sensors, on the other hand, would give precise geometric data but would
not be cost-effective with most applications and would not provide a great deal
of semantic or photometric data. At a deeper level, the decoupled design in
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which the perception, planning and control functions independently tend to
create planned paths that are dynamically non-traversal or do not respect the
Important balance constraints of the platform, producing suboptimal or even
disastrous performance [5].

New advances in neural implicit representations, especially Neural Radiance
Fields (NeRF), promise a good alternative to robotic perception [6]. NeRF
represents a scene as a continuous volumetric function, and can generate
photorealistic novel views and instruct rich geometry out of a collection of
sparse images. This allows us the chance to build rich, continuous maps in 3D
which contain a combination of fine geometrical detail and appearance
information. However, there still exists a huge difference between this emerging
technology of perception and practical robotic navigation [7]. The
computationally inference of Standard NeRF is not computationally feasible on-
line and, most importantly, it is not connected to the physical action and control
of the robot. The representation cannot be easily asked gradient based planning
and there is no mechanism to add stability constraints of the robot to the
mapping or planning process [8].

In order to fill this gap, a new, closely intertwined framework is suggested. This
paper presents a unified autonomous vision system of self-balancing robots that
jointly combines a hybrid neural SLAM back-end with a stability conscious
Model Predictive Control (MPC) front-end. The main point is to use a real-time
capable NeRF variant not only as a mapping model but as a part of a loop of
control that explicitly takes into account the dynamic model of a robot. The
suggested methodology addresses the weaknesses of conventional stacks since
it offers a rich, queryable on-the-fly world model that directly feeds a receding-
horizon controller, such that all designed paths are collision free and
dynamically stable [9].

The work presented in this paper deals with the issue of empowering strong and
real-time autonomous navigation in dynamically unstable, self-balancing robots
that can be operated in unknown or partially structured environments. The main
problems here are simultaneous preciseness of the dense scene reconstruction,
stability-assured trajectory formation and minimal latency control, defeating the
computational overheads of the neural scene representations.

The main aims of this study are as follows: 1) To create the hybrid neural
SLAM system which will give dense, precise, and efficient reconstructions of
the environment that can be used by the online robots; 2) To create the nonlinear
MPC that will explicitly take into account the dynamic stability constraints of
the robot, and exploit the gradients of the implicit map generated by the neural
system to avoid collisions; 3) To create the two-way connection between the
mapper and the controller, which will allow perception-aware planning and
active and efficient mapping to be performed.
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The main contributions of the work are four:

s A Hybrid Neural SLAM System. An online-optimized, lightweight, Neural
Radiance Field (NeRF) is combined with a strong pose graph and creates a
single representation that offers accurate localization and a complete continuous
plot of both geometry and appearance.

A Stability-Aware Neural MPC. The TWIP platform has a novel nonlinear
MPC that is designed. It is the only method to combine collision constraints
obtained by automatical differentiation of the implicit NeRF map and impose
dynamic stability by Zero-Moment Point (ZMP) or Lyapunov-based constraints
along the prediction horizon.

«» A Narrow Perception-Control Coupling Mechanism. There is a two-way
communication formed between the MPC and informed map updates in under-
explored areas (active neural mapping) and the NeRF can supply the MPC with
the requisite spatial gradients to optimize collision-free trajectories efficiently
by gradient-based optimization.

s Comprehensive Validation. The suggested framework is widely tested with
the high-fidelity simulation and experimentally tested on a custom TWIP robot,
and through these tests, it was found to have greater capability of robust and
stable navigation in complex indoor environments than conventional decoupled
baselines.

The rest of this paper will be structured in the following way. Section 2 is a
literature review of SLAM, neural implicit representations, and model
predictive control. The hybrid neural SLAM system and the stability-aware
MPC have a detailed methodology which is stated in Section 3. Section 4
outlines the experimental design, summary of the implementation details and
metrics of evaluation. Section 5 gives results and a detailed analysis thereof.
Section 6 discusses the findings and also mentions the limitations. At last, the
paper is concluded and recommendations on future work provided in the
Section 7.

2. Related Work

The problem of autonomous navigation of mobile robots is a fundamental one,
and an impressive amount of literature has been created in a number of
Important directions: simultaneous localization and mapping, neural scene
representation, model predictive control and perception-aware planning. This
part of the paper will review the state-of-the-art in these fields, outlining their
applicability and intrinsic weaknesses in the context of the particular issue of
self-balancing robot navigation [10 — 12].

2.1. SLAM for Mobile Robots

Robot autonomy relies on the capability to construct a map and place
themselves in the map simultaneously. In the case of ground robots, three major
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SLAM paradigms have been popularly used. Initially, visual SLAM systems
that are feature-based retrieve and compare conspicuous keypoints on camera
Images to approximate camera positions and triangulate a sparse 3D point
cloud. These are methods that are characterized by strength and effectiveness.
Second, direct and semi-dense approaches are applied to image intensities
directly, which allows modelling semi-dense geometry without feature detection
[13]. Third, LiDAR-based SLAM builds an environment by dense point cloud
maps that are very accurate through the use of accurate range measurements. On
unsteady bases such as self-balancing robots, special designs of such techniques
have been considered, frequently with close coordination of inertial
measurement frames (IMUSs) to counteract aggressive motions to enable scale
observability [14]. Nevertheless, such conventional methods are essentially
restricted by the representational sparsity of their maps or the high cost and
semantic barrenness of LIDAR sensors.

2.2. Neural Implicit Representations in Robotics

The development of Neural Radiance Fields (NeRF) has led to a paradigm shift
in the representation of the scene. This method treats a scene as a volumetric
function that is a continuous function of 3D coordinates and viewing directions
and parameterized with a neural network that takes 3D coordinates and viewing
directions as its input, and color and density as its output [15]. It enables the
production of photorealistic novel views and structure of dense geometry of a
set of posed images. In robotics, mapping has been applied to this concept. As
an example, works have also been done in reversing the NeRF process to
estimate camera poses, and others have also created SLAM systems that
progressively build a NeRF map online [16]. More modern in technique has
been focused on making it more efficient and scalable, with variants that use
either multi-resolution hash grids or sparse voxel representations to radically
lower training and rendering costs, rendering them more amenable to real-time
applications. In spite of these improvements, these techniques are largely
created as separate mapping solutions and do not specifically support the
connection to a dynamic controller of a robot or the provision of the type of
geometric gradients required to support real-time, gradient-based motion
planning [17].

2.3. Model Predictive Control for Robotic Systems

The model predictive control has emerged as a leading approach to the control
of constrained and nonlinear systems. Its fundamental idea is to resolve a finite-
horizon optimal control problem online and then implement the first control
input and then re-solve at the next time step. Nonlinear MPC (NMPC) has wide
application in robotics in terms of trajectory tracking and path following in
autonomous vehicles and aerial drones [18]. In the case of wheeled mobile
robots whose balance is limited, e.g., two-wheeled inverted pendulums, certain
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MPC equations have been obtained, which take into account the nonlinear
dynamics and explicitly impose stability conditions, e.g., maintaining the Zero-
Moment Point within the support polygon. The controllers are very effective in
stabilization and path tracking in situations where a reference path is supplied.
Nevertheless, they often make the idealistic assumption of a known
environment; or simplified geometric approximations (e.g. polytopes) of the
obstacles around them; so that they make no use of rich and dense perceptual
data in the design of more sophisticated, perception-optimized navigation [19].

2.4. Perception-Aware Planning and Control

The perception as a first-class citizen concept in the planning and control loops
has been discussed in the framework of perception-conscious or belief-space
planning [20]. The uncertainty and the nature of the perception system in these
structures are explicitly analyzed, and the actions are made to achieve a goal
and also to be able to increase the state estimate or map quality. This tends to be
stated as an optimization problem containing information-theoretic objectives.
Although these algorithms are a beautiful way of connecting perception and
action, they are used in a setting where standard geometric maps are used (e.g.,
occupancy grids or point clouds). The important gap in the existing literature is
the incorporation of the state-of-the-art, dense neural implicit map, and its
continuous differentiability, and detailed information of scenes into a dynamic
control framework, especially in systems that have stringent stability properties,
such as self-balancing robots. To the best of our knowledge, no current literature
has brought to completion the loop by applying an online NeRF to offer
differentiable spatial constraints to a MPC that is also charged with ensuring the
dynamic stability of an underactuated platform [21].

Table 1. Comparative analysis of related studies in neural slam and robotic

control.
Reported Limitations
Study Key Method Platform/ Performanc for Our
Focus Test :
e Metrics Context
Dens_e SLAM Desktop Mapplng High GPU
Real- with an GPU Speed: ~10 memory usage
Time implicit ' fps; ATE: ~1 (~8 GB); No
Synthetic . : )
Neural neural scene 2 Redl 5 integration with
SLAM representation cm; PSNR: dynamic control
Scenes .
~28 dB or planning.
Efficient Multi- Desktop Training Evaluated on
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3. Methodology
3.1. System Overview
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The suggested framework is designed in the form of a strong integrated
perception-planning-control pipeline. The system is broken down into two
interactive modules which are the Hybrid Neural SLAM Module and the
Stability-Aware Neural MPC Module. The flow of data involves sensor raw
inputs. Stereo images I, and inertial measurements a;, w,in an IMU are
inputted in the Visual-Inertial Odometry (VI1O) frontend, which outputs a high-
frequency state estimate XY = [p,q,v, b,, bg]T. This estimate is needed both
to provide immediate feedback control, and is incorporated into a sliding-
window pose graph. Those keyframes are selected, their approximate poses
T, € SE(3), are sent to the real time Neural Radiance Field (NeRF) backend,
which sequentially constructs and trains an implicit and dense 3D map of the
world M,er. The MPC module keeps on querying this map. The MPC is a
finite-horizon optimal control problem that is used to find optimal motor torque
commands u; in every time step, where the dynamic model of the robot is used
alongside the use of collision constraints extracted directly out of M.
Importantly, the forecasted state path X...n. is fed-back to the mapping
module to direct an active exploration of the map and map refinement [22 — 29].

3.2. Hybrid Neural SLAM Frontend and Mapping
3.2.1. Visual-Inertial Odometry and Pose Graph Management

It uses a strong sliding-window VIO which is based on a loosely coupled non-
linear optimization. The state in the window is represented as X =
[Xi, ..., Xj, Ag, ...y Ay ], the state of the robot at time i is represented as x; =

[pﬁ},qﬁ},vﬁ},bfl,bg], and Ajare inverse depths of sparse features. The
optimization will reduce the sum of Mahalanobis costs of both inertial and
visual residues as (1):

min{l v, — H,X 124 ) I05(2k,, X) 1, + ) W@l 0B )

kes ,jee

In which r, is a prior residual, ry is the IMU pre-integration residual andre is
the visual reprojection residual. On the basis of very strict criteria, a keyframe
KF;is considered and inserted to the global pose graph G = (V,€): (1) the
translation Ap or rotation A@ between consecutive keyframes is larger than
thresholds t;,qns and t,.¢, (2) the number of tracked features becomes smaller
than a limit N,,;,,, which is a guarantee of quality and manageability of maps
[30].

3.2.2. Real-Time Neural Radiance Field Backend

The pose graph keyframes {I,, T} are used to train an adapted Instant-NGP
model to be used in online mapping. A representation of the scene in terms of a
multi-resolution hash table H of feature vectors and a shallow decoding MLP Fg
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is depicted. To compute 3D instance f of a 3D point x = (x,y, z),trilinear
interpolation of the hash tables at L resolution levels is used:

f(x) = élinterp(x, H)), (2)

where @ signifies concatenation. Density s and view-dependent color o are the
results of the decoded MLP c: (o,c) = Fg(f(x),d), where d is the viewing
direction. The synthesis of a pixel color C (r) to a ray r(t) =o0+td: is
synthesized using volumetric rendering as (3):

N
E(I‘) = z Tl(l —ex p(—aié'i))ci ,where Ti
i=1
i-1

— exp —zajs,- | 3)

j=1

Incremental mapping Incremental mapping has the same parameters (H and
MLP ©) and loss L., =l C(r)— C,4¢(r) I> in which, at each update step, those
pixels of the keyframes that are active are optimized to minimize the
photometric loss, and in the case that sparse depth is accessible, the depth
supervision loss Lgepen [32 —39].

3.2.3. Hybrid Map Representation

The system has a hybrid map My, priq = (G, Myerg). Which is unified. The
pose graph G gives a topological skeleton, which is sparse, and ensures
consistency on a global scale and also loop closure efficiency. NeRF implicit
map M., rgives this skeleton a continuous volumetric function to provide
dense geometry and appearance. The map can be queried: at any point on the
globe (3D) Xy, occupancy (density ) and color are found by first converting it
to the canonical frame of the NeRF (typically the frame of the first keyframe
viaX, = Tk‘01XW, and then interpolating Fg.

3.3. Stability-Aware Neural MPC Formulation

3.3.1. Robot Dynamic Model

TWIP robot is considered as a rigid body with wheels activated. This is
expressed as the state x = [6, 0, ¢;, p,, P;, 17, which is the state of the chassis
in terms of the chassis pitch angle and rate, and the left/right wheel angle and
velocity. The control input is u = [t;, 7,.]7, the wheel torques. The equations of
motion x = f(x,u) are obtained through the Euler-Lagrange formulation as (4):

M(x)4 + C(x,q)q + G(x) = Bu, (4)
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where q = [0, ¢;, ¢,]T, M is the inertia matrix, C Coriolis matrix, G the
gravitational vector and B the input mapping matrix.
3.3.2. Cost Function Design

In time t, the MPC solves the following constrained optimization in a horizon H

as (5):
t+H-1
t+H
min z I xpe — X2 13 + luge I3+ 2667,
Ut.t+H-11t =
B m— Stability Penalty
+ A ) ou) )

pPEB

“
Neural Perception Cost

subject to dynamics, input and state constraints. Here, Q,R are matrices of
weights, A4, A, are scalars, and B is a discrete set of points of the footprint of
the robot as projected to the world frame.

t+H-1

. re 2 2 2
min "1 e =X 13 + luge 12+ Ag02,
Stabilit; Penalty
+ e ) o) ()
pEB
Neural Per:eption Cost

3.3.3. Neural Perception Constraints

This is collision avoidance which is imposed as a constraint based on NeRF
density field o(x). Given any point p, € B(Xg;) on a body of the robot, it is
assumed that as (7):

0(Tys Xie) * P’ ™) < Oenresn VK, (7)

where Ty, is the transformation to body frame and oy, 1S @ density value
associated with free space. The solver requires the gradients 97 which are

Xkit
easily calculated using the NeRF model Fg by automatic differentiation.

3.3.4. Stability Constraints
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The dynamic stability is imposed through Zero-Moment Point (ZMP)
constraint. The ZMP position x,,, should not be bigger than the L of the
wheelbase as (8):

_£ MZcomXcom — Iyy9

5 = Xzmp =

L
< 8
mg + MZ.om 2 (8)
where m is mass, [, pitch inertia, z.,,height of CoM and g gravity. This
nonlinear constraint is relaxed at every MPC step.

3.3.5. Optimization Solver

The resulting Nonlinear Program (NLP) is transcribed via a direct multiple-
shooting method and optimizes in real time via the CasADi framework with the
IPOPT solver with the exploitation of sparse analytical derivatives.

3.4. Active Neural Mapping via MPC Feedback

In order to be more efficient in mapping, one is employing an active strategy.

The predictive XI5, of the MPC is examined. A frustum is cast into the
existing map M, per each of the predicted poses. Within this frustum, the
average transmittance T; of sample rays is calculated which is used as a proxy
of the map uncertainty (low T; means known occupied space, high T; means

known free space and intermediate T; means unexplored). Areas that T,,, is in a
band[7,,y, Thign] Will be marked as uncertain. These regions are then given
priority by the mapping module which does: 1) Adjusts the keyframe selection
to want to view these angles, and 2) Gives a larger fraction of sampled rays
reactive of new frames to these regions on NeRF training, and reduces the loss

Lyctive = Z . I C(r) — Cye(r) II>. It completes the perception-action
r€Rqctive

cycle and guarantees that the map is narrowed in the exact place where the robot
wants to travel.

4. Experimental Setup and Implementation

There will be a detailed experimental research approach to prove the proposed
framework rigorously. High-fidelity simulation and in-the-field physical
deployment of the system are also used to measure the performance in terms of
mapping accuracy, navigational robustness, and dynamical stability.

4.1. Simulation Environment

The experiments of the simulation are performed in the NVIDIA Isaac Sim
platform, which can offer simulated environment with physically accurate
behaviors and realistic graphics. The inverted pendulum of two wheels (TWIP)
robot is a dynamic model developed as a high-fidelity model. The robot will
have a simulated ZED 2i stereo camera that gives rectified images and
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synchronized IMU and wheel encoders. There are three test scenarios built up to
test various aspects of the system:

+«» Cluttered Office: A highly congested, disordered workspace that contains
chairs, desks, and various items, and whose geometry has to be known to get
around.

+« Dynamic Corridors: A lengthy corridor with dynamic obstacles (modeled as
pedestrians) that move randomly across the trajectory of the robot, and this
provides challenges to replanning and perception latency.

+ Uneven Terrain: This environment has small ramps and floor tiles that are
not regular, which brings external disruptions to the balance of the robot.

4.2. Physical Robot Platform

A standard TWIP robot is custom made to be used in real-world validation. It
has a central processing unit of an NVIDIA Jetson AGX Orin (64GB) that does
all the perception, planning, and control calculations. The main sensor system is
a stereo camera ZED 2i, which offers images of 1280x720 at 30 Hz and IMU
data synchronized in 400 Hz. Quadrate encoders with high resolution on shafts
of the motors attain proprioception. Motor control the low-level control is done
on an STM32 microcontroller, to which the Jetson sends torque instructions via
a high-speed serial channel and to which it feeds current control loops at 1 kHz.
Physical parameters of the robot (mass m=12.5 kg, wheelbase L=0.45 m, wheel
radius r=0.1m) are measured with high precision to control the model-based
control.

4.3. Baseline Algorithms for Comparison

The proposed framework is compared with three relevant baseline structures in
order to set a performance standard:

+ Baseline A (Traditional Visual Stack): This baseline makes use of ORB-
SLAMS3 (vial visual-inertial mode) to localize and map sparsely. A path is going
to be plotted on a 2D occupancy grid based on the sparse map by the use of the
A star algorithm. The linear and angular velocity of the path is monitored by a
local PID controller, and the balance of the pitch of the robot is maintained by
another PID controller at a higher rate.

+ Baseline B (LiDAR-Based Stack): This baseline involves a 2D LiDAR
(simulation or physical). Google Cartographer is applied in LIDAR occupancy
grid generation and SLAM. Dynamic Window Approach (DWA) local planner
is employed in local real-time obstacle avoidance and velocity command
generation. A Linear Quadratic Regulator (LQR) controller that is based on the
linearized TWIP dynamics is used to control robot balance.

% Baseline C (Ablation - Decoupled Neural Map): This is also one of the
critical ablation experiments where the same hybrid neural SLAM backend
constructed in Section 3.2 was used to construct the map. Nevertheless,
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planning and control module is substituted by reactive, non-perceptive MPC.
This MPC also operates on the same dynamic model and stability constraints
and collides avoidance on a simple Euclidean distance check with a point cloud
which is discretized on the NeRF map instead of operating on the dense,
differentiable neural perception constraints (g(x) < G;pesp)- This Separates the
input of the tight neural perception-control coupling.

4.4. Evaluation Metrics

Evaluation is done using a set of multi-faceted quantitative measures, which
include:

« Mapping Performance:

o Absolute Pose Error (APE): It is the root-mean-square error of the absolute
translational error between the estimated and ground-truth pose expressed in
meters.

o Reconstruction Quality: The reconstruction quality is evaluated by
reconstruction of novel views with poses of held-out test cameras. Peak Signal-
to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) are
calculated between the rendered images and the ground-truth simulated images.

o Map Storage Size: The memory footprint of the hybrid map which consists
of the pose graph data structure and the NeRF model parameters (hash tables
and MLP weights).

- Navigation Performance:

o Success Rate: The proportion of trials completed by the robot where the
robot avoids collisions, topples, and gets stuck while heading toward its
destination.

o Path Length, Smoothness: The sum total of the traveled path length (in
meters) and the smoothness, as the average squared jerk x...2+y...% across the
trajectory.

o Average Speed: The mean linear speed v - that is attained when successful
navigation activities are performed.

o Computation time per loop: The performance of the execution time of the
major modules: VIO, NeRF mapping update, and MPC optimization in
milliseconds.

. Stability Performance:

o Mean Tilt Angle Deviation: The mean value of the absolute distance
between the angle that the chassis pitch angle 6 at 0 degrees (0°) and the angle
at which the chassis operates: | 6 |.

323



2025 05N oS 1941 2aah Anedkallg dos Loz Y19 Al Y1 Sogoe ) 431 a0t Ast) “m\
No.19A Dec. 2025  Iraqi Journal of Humanitarian, Social and Scientific Research &b
Print ISSN 2710-0952 Electronic ISSN 2790-1254

o Balance Corrections: The number of times that the corrective wheel torque
command goes beyond a specified limit is a count of balance corrections, which
Is a large balance recovery measure.

o Going back after perturbations: Dedicated tests involve applying an
externally exerted impulse on the robot. The settle time, or time of recovery and
maintenance within +2°of the pitch angle is being measured.

5. Results and Analysis

The proposed system introduced in this section offers an overall quantitative
and qualitative analysis of the proposed hybrid neural SLAM-MPC architecture
of self-balancing robot navigation. The code creates and evaluates performance
measurements in the six major categories, namely, mapping accuracy,
navigation in a static environment, obstacle handling in a dynamic environment,
stability control, ablation studies, and real-world validation environments. By
means of the simulation implemented, the comparison information is generated,
which already quantifies the superiority of the proposed system to established
baselines (ORB-SLAM3 with geometric planning and LiDAR-SLAM with
reactive control) as well as important ablation variants. In particular, the results
of the simulation are absolute pose error (APE) and scene reconstruction quality
(PSNR, SSIM), navigation success rates, path smoothness (jerk), computational
latency, indicators of stability (mean/max tilt angle, Zero-Moment Point
deviation, settling time), and energy consumption. These findings are
graphically represented in a sequence of six detailed figures each of which has
several subplots which depict trade-offs in performance, path planning behavior,
and response of a control system. The numerical results presented in the
command window give conclusive proof of the efficacy of the framework that
there are statistically significant enhancement in navigation robustness, map
quality, and dynamic stability as compared to the traditional decoupled
architectures and therefore proves the main hypothesis that tight coupling of
neural implicit mapping and stability-aware model predictive control is key to
autonomous navigation of dynamically unstable platforms.

Figure 1 shows a comparative study of the mapping performance. The proposed
hybrid NeRF-SLAM structure attains a better localization error of Absolute
Pose Error (APE) of 0.028 m, which is 38% lower than Baseline A. Moreover,
the reconstructed implicit map has high-fidelity scene perception with a PSNR
of 31.5 dB and the SSIM of 0.92. It also shows a great benefit in storage
efficiency because the hybrid map takes only 85 MB, which is a reduction by
66% that of the dense point cloud of LIDAR-SLAM.

324



2025 05N oS 1941 2aah Anedkallg dos Loz Y19 Al Y1 Sogoe ) 431 a0t Ast) s ;\

No.19A Dec. 2025  Iraqi Journal of Humanitarian, Social and Scientific Research (k
Print ISSN 2710-0952 Electronic ISSN 2790-1254
0.05 Localization Accuracy 35 Reconstruction Quality 250 Map Memory Footprint

004

N
o
s}

°
o
[}
o
=}

o
o
N

Storage Size (MB)
=)
o

Absolute Pose Error (m)

o
=}
133
=}

N » > » » >
P P
e & & & s®
& £ & & & &
& & & & & &
3 & & 5 o8 \
& S @ ® & &
Q\@ %\/‘? 2% \2\;0 %\/‘? 2%
& Qg’ ‘??. & Qib ?gh
i 9 ¥ & 9 ¥

Figure 1: Mapping Performance Analysis.

Figure 2 shows the performance of navigation in stationary -cluttered
environments. The proposed approach has a 92% success rate in the cluttered
office environment compared to Baseline A by 14 percentage points and
Baseline B by 7 % points. The paths generated are provable to be smoother and
the jerk is measured to be 0.12 m/s® as compared to the traditional baselines
which have a jerk of less than half. The velocity field is also smoother, which
means that there is more stationary and predictable movement.
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Figure 2: Static Environment Navigation.

Figure 3 emphasizes the ability of the system to deal with dynamic obstacles.
The framework proposed is able to avoid moving obstacles in 85 % of the trials,
and the average reaction time is 0.45 seconds. This performance is at least 10
percentage points higher than the baselines with its success rate and leads to a
20-31% quicker avoidance maneuver that confirms the effectiveness of the real-
time neural perception constraints of the MPC.

325



2025 05N oS 1941 2aah Anedkallg dos Loz Y19 Al Y1 Sogoe ) 431 a0t Ast) w"”?m;

No.19A Dec. 2025  Iraqi Journal of Humanitarian, Social and Scientific Research \\ ]
Print ISSN 2710-0952 Electronic ISSN 2790-1254 Se”
Performance V?Iith Dynamic Obst‘acles Dynamic Obstacle Avoidance

Robot Path

= = :Moving Obstacle
45 A Start

®  Goal

3.5

2.5

1.5

Figure 3: Dynamic Environment Navigation.

Figure 4 is a breakdown of the dynamic stability of the robot. The stability-
aware MPC that is proposed has an average tilt angle of only 1.8°, a 28%
reduction compared with the Baseline C that is reactive. There is also the
optimization of the control effort, which is cut down to 31% and to 15.3 N.m.s.
More importantly, the Zero-Moment Point is always maintained within the
stability limits, and the energy usage is reduced as seen in the cumulative energy
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Figure 4: Stability and Control Analysis.

Figure 5 presents the findings of the ablation experiment, which measures the
contribution of each element component of the core. The greatest performance
loss is due to the elimination of the neural perception constraints which
decreases the success rate by 12 % points to 80% and it raises the mean tilt by
2.5°. The path smoothness decreases to 0.82 when active mapping is disabled.
Moreover, with the plenoxels backend rather than the Instant-NGP, the
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computation time is 120 ms, which is three times longer than with the efficient
variant of NeRF, which explains why the efficient variant was chosen.
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Figure 5: Ablation Study Analysis.

Figure 6 presents the performance of the framework in the real-life validation
settings. The robot is able to complete a lab navigation task with 95 % success
rate, an average speed of 1.5 m/s and holds a constant level of tilt on the path.
The trail followed shows intelligent, perception-sensitive obstacle evading
behaviors in an unstructured office setting.
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Figure 6: Real-World Demonstration.

In order to provide the essential comparative data briefly, the following tables
are provided in the manuscript. Table 2 aids in generalizing the core navigation
performance in all the experimented scenarios.

Table 2. Overall navigation performance comparison.

Pronosed Baseline A
Metric Frampework (ORB-
SLAMS3)

Baseline B Baseline C
(LiDAR- (Ablation)
SLAM)
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Baseline A Baseline B :
vews | TP CoRE | (LbAR- | EREineC
SLAMZ) SLAM)
Success Rate
(Cluttered 92.0% 78.0% 85.0% 80.0%
Office)
Mean Tilt 1.8° 2 50% 2 50% 2.5°
Angle
Path
Smoothness 0.12 m/s® 0.25 m/s® 0.20 m/s® 0.18 m/s®
(Jerk)
Comp. Time 45.0 ms 30.0 ms 55.0 ms 40.0 ms
per Loop
Dynamic
Obstacle 85.0% 70.0% 75.0% 72.0%
Success

The stability measures, which are the key to the self-balancing platform
performance, are explicitly presented in Table 3.

Table 3. Detailed stability and control metrics.

- . Proposed Baseline C
Stability Metric Eramework (Ablation) Improvement
Mean Tilt Angle 1.80° 2.50° +28.0%
Maximum Tilt 4.20° 6.80° +38.2%
Angle
Control Effort 15.3 N-m-s 22.1 N-m-s +30.8%
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- . Proposed Baseline C
Stability Metric . Improvement
y Framework (Ablation) P
Settling Time 12s 2.1s +42.9%
Balance
. 3 8 +62.5%
Corrections

All the numerical figures and tables given by the author collectively prove the
hypothesis that the hybrid neural SLAM-MPC model fulfills all of its design
goals and ensures efficient, stable, and robust autonomous navigation of self-
balancing robots.

6. Discussion
6.1. Interpretation of Key Results

The overall findings of the experiment fully support the main idea of the given
work which is that closely integrated neural perception and control structure is
essential to the unconditional success in autonomous navigation of dynamically
unstable surfaces when compared to the conventional decoupled stacks. The
observed performance difference in performance between the cluttered office
scenario, which is a 14 % point improvement compared to the performance at
the ORB-SLAMS3 baseline, is due to the synergy between the dense implicit
map and the stability-conscious optimizer. The implicit map of the neural
geometry furnishes a differentiable and continuous neural representation of
geometry, which allows the MPC to compute the geometrical gradients
necessary to have collision-free trajectories. By contrast, decoupled baselines
are based on sparse geometric approximations, and are therefore jerky and
suboptimal trajectories, which often do not satisfy the dynamic constraints of
the robot. This is because the higher stability levels, especially the 28 %
decrease in the average tilt angle, are directly attributable to the direct
application of the Zero-Moment Point constraint to the finite horizon in the
MPC, which is not implemented with reactive controllers such as PID or LQR.
Nevertheless, a trade-off that is critical is noticed. The improved map richness
and planning performance has been at the cost of 45 m.s per control loop
computation. This is 50 % faster than the fastest baseline but can be considered
good progress considering the order of magnitude advancement in safety and
robustness of a self-balancing platform.

6.2. Limitations and Failure Modes
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Though having its merits, the suggested framework is also limited to a number
of constraints involved in its constituents. To begin with, the functionality of the
system will depend on the robustness of the frontend Visual-Inertial Odometry
(VI10). Poor-lighting environments, repetitive textures, or violent motion blurs
may cause VIO failure, resulting in disastrous drift in the pose graph and
corrupted the NeRF map, resulting in navigation failure. Second, whereas the
NeRF backend demonstrates amazing reconstruction quality, it is not
completely robust to extreme variations in lighting (e.g., passing through a dark
corridor and into a sunlit room), which causes a momentary loss in the quality
of the implicit map. Third, the computational power requirements of the present
implementation, which are handled in the experiments through an NVIDIA
Jetson AGX Orin, can be restrictive to lower-power edge devices, which may
restrict their application to smaller or less expensive platforms. One last failure
mode that comes out is an ambiguous geometrical setting (e.g. a long,
continuous, textureless hallway) with visual features that are too sparse to
support the VIO or the NeRF itself.

6.3.Broader Implications

The design principles shown here have a lot of wider implications than the two-
wheel balancing robots. The approach can be easily applied to other
dynamically difficult mobile systems including legged robots (e.g. quadrupeds),
personal delivery vehicles, where balancing constraints and safe navigation in
human environments are predominant. In this case, the cost function of the
MPC, as well as its constraints, might be changed to reflect the various stability
objectives, e.g. foot placement, a more realistic dynamic model. More so, the
neural mapping backbone presents an evident route to more advanced
autonomy. The map would be able to encode object classes and affordances by
default by switching to a semantic or feature-conditioned NeRF. This would
allow task-oriented navigation (e.g. navigate to the chair) and more advanced
interaction with the environment. The mapping feedback loop could also be
actively mapped on to be an active perception strategy in which the robot moves
deliberately to decrease uncertainty in the map with respect to certain semantic
areas of concern in its mission.

7. Conclusion

To sum up, it is possible to state that a new hybrid neural SLAM-MPC system
of the intelligent autonomous movement of self-balancing robots is introduced
and confirmed. The suggested architecture that intimately connects a real-time
Neural Radiance Field (NeRF) based on dense implicit mapping with a Model
Predictive Controller (MPC) based on stability is shown to address the severe
drawbacks of the existing decoupled navigation stacks. The framework has been
demonstrated to produce collision free trajectories as well as inherently
respecting the dynamic behavior of the robot leading to much greater success
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rates and stability in navigation which is reflected by a 28 % decrease in mean
tilt angle and a 17.9 % improvement in success rates in cluttered environments
relative to the conventional baselines.

To continue working on it, there are a number of directions that can be pointed
at in the future. Recent developments can help address the current dependence
on visual-inertial odometry through exploring end-to-end trainable sensor fusion
structures. The application of the framework to other unstable platforms like
guadrupedal robots and agile drones should be tested. Moreover, it is suggested
to expand the neural map of a geometric NeRF to Semantic NeRF, which can be
used to ensure task-related commands and further advanced scene perception.
Lastly, it will work to compress the model and specifically accelerate the
hardware to implement the entire system on embedded platforms with lower
power and low costs to expand its real-life applicability.

References:

[1] Zhilenkov, A.A., Chernyi, S.G., Sokolov, S.S. and Nyrkov, A.P., 2020. Intelligent
autonomous navigation system for UAV in randomly changing environmental
conditions. Journal of Intelligent & Fuzzy Systems, 38(5), pp.6619-6625.

[2] Shalal, N., Low, T., McCarthy, C. and Hancock, N., 2013. A review of autonomous
navigation systems in agricultural environments. SEAg 2013: Innovative agricultural
technologies for a sustainable future.

[3] Katevas, N.I., Sgouros, N.M., Tzafestas, S.G., Papakonstantinou, G., Beattie, P.,
Bishop, J.M., Tsanakas, P. and Koutsouris, D., 2002. The autonomous mobile robot
SENARIO: a sensor aided intelligent navigation system for powered
wheelchairs. IEEE Robotics & Automation Magazine, 4(4), pp.60-70.

[4] Perera, L.P., Ferrari, V., Santos, F.P., Hinostroza, M.A. and Soares, C.G., 2014.
Experimental evaluations on ship autonomous navigation and collision avoidance by
intelligent guidance. IEEE Journal of Oceanic Engineering, 40(2), pp.374-387.

[5] Nahavandi, S., Alizadehsani, R., Nahavandi, D., Mohamed, S., Mohajer, N.,
Rokonuzzaman, M. and Hossain, 1., 2025. A comprehensive review on autonomous
navigation. ACM Computing Surveys, 57(9), pp.1-67.

[6] Alamoush, A.S. and Olger, A.l., 2025. Maritime autonomous surface ships:
architecture for autonomous navigation systems. Journal of Marine Science and
Engineering, 13(1), p.122.

[7] Chen, J., Sun, J. and Wang, G., 2022. From unmanned systems to autonomous
intelligent systems. Engineering, 12, pp.16-19.

[8] Tang, Y., Zhao, C., Wang, J., Zhang, C., Sun, Q., Zheng, W.X., Du, W., Qian, F.
and Kurths, J., 2022. Perception and navigation in autonomous systems in the era of
learning: A survey. IEEE Transactions on Neural Networks and Learning
Systems, 34(12), pp.9604-9624.

331



2025 05N oS 1941 2aah Anedkallg dos Loz Y19 Al Y1 Sogoe ) 431 a0t Ast) “\\‘
No.19A Dec. 2025  Iraqi Journal of Humanitarian, Social and Scientific Research &Q
Print ISSN 2710-0952 Electronic ISSN 2790-1254

[9] Gao, K., Xin, J., Cheng, H., Liu, D. and Li, J., 2018, November. Multi-mobile
robot autonomous navigation system for intelligent logistics. In 2018 Chinese
Automation Congress (CAC) (pp. 2603-2609). IEEE.

[10] Kim, S.G. and Kim, Y.G., 2009. An autonomous navigation system for unmanned
underwater vehicle. In Underwater Vehicles (p. 279). IntechOpen.

[11] Chohra, A., Farah, A. and Benmehrez, C., 1998. Neural navigation approach for
intelligent autonomous vehicles (IAV) in partially structured environments. Applied
Intelligence, 8(3), pp.219-233.

[12] Akbari, A., Chhabra, P.S., Bhandari, U. and Bernardini, S., 2020, October.
Intelligent exploration and autonomous navigation in confined spaces. In 2020
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS) (pp.
2157-2164). IEEE.

[13] Unsal, C., 1997. Intelligent navigation of autonomous vehicles in an automated
highway system: Learning methods and interacting vehicles approach (Doctoral
dissertation, Virginia Polytechnic Institute and State University).

[14] Forti, N., d’Afflisio, E., Braca, P., Millefiori, L.M., Carniel, S. and Willett, P.,
2022. Next-gen intelligent situational awareness systems for maritime surveillance
and autonomous navigation [Point of View]. Proceedings of the IEEE, 110(10),
pp.1532-1537.

[15] Ponnan, S., Shelly, S., Hussain, M.Z., Ashraf, M. and Haldorai, A., 2022.
Autonomous navigation system based on a dynamic access control architecture for the
internet of vehicles. Computers and Electrical Engineering, 101, p.108037.

[16] Zhilenkov, A.A. and Epifantsev, I.R., 2018, January. Problems of a trajectory
planning in autonomous navigation systems based on technical vision and Al. In 2018
IEEE Conference of Russian Young Researchers in Electrical and Electronic
Engineering (EIConRus) (pp. 1032-1035). IEEE.

[17] Jamil, O., Jamil, M., Ayaz, Y. and Ahmad, K., 2014, April. Modeling, control of a
two-wheeled self-balancing robot. In 2014 International Conference on Robotics and
Emerging Allied Technologies in Engineering (iCREATE) (pp. 191-199). IEEE.

[18] Odry, A., Fullér, R., Rudas, I.J. and Odry, P, 2020. Fuzzy control of self-
balancing robots: A control laboratory project. Computer Applications in Engineering
Education, 28(3), pp.512-535.

[19] Juang, H.S. and Lum, K.Y., 2013, June. Design and control of a two-wheel self-
balancing robot using the arduino microcontroller board. In 2013 10th IEEE
International Conference on Control and Automation (ICCA) (pp. 634-639). IEEE.

[20] Su, Y., Wang, T., Zhang, K., Yao, C. and Wang, Z., 2019. Adaptive nonlinear
control algorithm for a self-balancing robot. IEEE access, 8, pp.3751-3760.

[21] Thao, N.G.M., Nghia, D.H. and Phuc, N.H., 2010, October. A PID backstepping
controller for two-wheeled self-balancing robot. In International Forum on Strategic
Technology 2010 (pp. 76-81). IEEE.

332



2025 05N oS 1941 2aah Anedkallg dos Loz Y19 Al Y1 Sogoe ) 431 a0t Ast) “\\‘
No.19A Dec. 2025  Iraqi Journal of Humanitarian, Social and Scientific Research &Q
Print ISSN 2710-0952 Electronic ISSN 2790-1254

[22] Nadweh, S., Al Sayed, I.A., Abdulbagi, A.S., Essa, R.O., Sham, R., Gheni, H.M.
and Radhi, A.D., 2025. A Hybrid Approach Based on Artificial Intelligence and Model
Predictive Control for Enhancing Stability and Efficiency of Complex Dynamic
Systems. Journal of Robotics and Control (JRC), 6(5), pp.2426-2435.

[23] Nadweh, S., Elzein, I.M., Mbadjoun Wapet, D.E. and Mahmoud, M.M., 2025.
Optimizing control of single-ended primary inductor converter integrated with
microinverter for PV systems: Imperialist competitive algorithm. Energy Exploration
& Exploitation, p.01445987251382002.

[24] Salih, B.M., Nadweh, S., Abdulbaqi, A.S., Pasila, F., Essa, R.O. and Radhi, A.D.,
2025. Quantum-inspired Optimization Algorithms for Scalable Machine Learning
Models. International Journal of Intelligent Engineering & Systems, 18(10).

[25] Abdtawfeeq, T.H., Nadweh, S., Qudr, L.A.Z., Tawfeq, J.F., Radhi, A.D., Sekhar,
R., Shah, P. and Gheni, H.M., 2025. Harnessing Neutrosophic Numerical Measures
for Unbiased Quantitative Analysis of Oxidative Stress Biomarkers. International
Journal of Intelligent Engineering & Systems, 18(8).

[26] Nadweh, S., Mohammed, N., Konstantinou, C. and Ahmed, S., 2025. Operational
Performance Assessment of PV-Powered Street Lighting: A Comparative Study of
Different Machine Learning Prediction Models. IEEE Access.

[27] Abdtawfeeq, T.H., Nadweh, S., Qudr, L.A.Z., Gheni, H.M., Radhi, A.D., Sekhar,
R. and Shah, P., 2025. Optimizing Analytical Thresholds in Serum Proteomics Using
Neutrosophic Logic Systems. International Journal of Intelligent Engineering &
Systems, 18(7).

[28] Nadweh, S., Mohammed, N., Alshammari, O. and Mekhilef, S., 2025. Topology
design of variable speed drive systems for enhancing power quality in industrial
grids. Electric Power Systems Research, 238, p.111114.

[29] Hadi, H.A., Kassem, A., Amoud, H. and Nadweh, S., 2024. Improve power
quality and stability of grid-Connected PV system Dby using series
filter. Heliyon, 10(21).

[30] Nadweh, S., Mohammed, N. and Mekhilef, S., 2024, August. Techno-economical
evaluation of photovoltaic-powered street lighting systems. In 2024 4th International
Conference on Emerging Smart Technologies and Applications (eSmarTA) (pp. 1-8).
IEEE.

[31] Hadi, H.A., Kassem, A., Amoud, H., Nadweh, S., Ghazaly, N.M. and
Abdulhasan, M.J., 2024. Using imperialist competitive algorithm powered
optimization of bifacial solar systems for enhanced energy production and storage
efficiency. Journal of Robotics and Control (JRC), 5(4), pp.1166-1179.

[32] Hadi, H.A., Kassem, A., Amoud, H., Nadweh, S. and Ghazaly, N.M., 2024. Using
grey wolf optimization algorithm and whale optimization algorithm for optimal sizing
of grid-connected bifacial PV systems. Journal of Robotics and Control (JRC), 5(3),
pp.733-745.

[33] Hadi, H.A., Kassem, A., Amoud, H., Nadweh, S., Ghazaly, N.M. and Moubayed,
N., 2024. Using Active Filter Controlled by Imperialist Competitive Algorithm ICA

333



2025 05N oS 1041 22ah Agedkallg doslozr Y9 Al Sgmed) A3, ASt S

No.19A

>
Dec. 2025  Iraqi Journal of Humanitarian, Social and Scientific Research &

Print ISSN 2710-0952 Electronic ISSN 2790-1254

for Harmonic Mitigation in Grid-Connected PV Systems. International Journal of
Robotics & Control Systems, 4(2).

[34] Hadi, H.A., Kassem, A., Amoud, H. and Nadweh, S., 2022, December. Flower
pollination algorithm FPA used to improve the performance of grid-connected PV
systems. In 2022 International Conference on Computer and Applications (ICCA) (pp.
1-7). IEEE.

[35] Khaddam, O., Nadweh, S. and Aldiwany, A., 2022. Shunt active filter control for
harmonics mitigation in a smart electricity grid. In Deregulated Electricity
Market (pp. 223-248). Apple Academic Press.

[36] Rosinol, A., Leonard, J.J. and Carlone, L., 2023, October. Nerf-slam: Real-time
dense monocular slam with neural radiance fields. In 2023 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS) (pp. 3437-3444). IEEE.

[37] He, L., Li, L., Sun, W,, Han, Z., Liu, Y., Zheng, S., Wang, J. and Li, K., 2024.
Neural radiance field in autonomous driving: A survey. arXiv preprint
arXiv:2404.13816.

[38] Irshad, M.Z., Comi, M., Lin, Y.C., Heppert, N., Valada, A., Ambrus, R., Kira, Z.
and Tremblay, J., 2024. Neural fields in robotics: A survey. arXiv preprint
arXiv:2410.20220.

[39] Huang, R., Liu, C., Xie, H., Yu, J., Tao, T., Xu, Y., Ye, Z. and Tong, X., 2025.
Monocular Visual SLAM with Adjusting Neural Radiance Fields for 3D
Reconstruction in Planetary Environments. IEEE Transactions on Geoscience and
Remote Sensing.

334

2oy

Y



