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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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 انمهخص

ٌؼُذّ إدسان وذخطٍظ واٌرسىُ فً اٌّلازح اٌزاذٍح ٌلأٔظّح غٍش اٌّسرمشج دٌٕاٍِىٍاً، تّا فً رٌه اٌشوتىذاخ 

ثٕائٍح اٌؼدلاخ راذٍح اٌرىاصْ، أِشًا تاٌغ اٌصؼىتح. وذشُىًّ اٌفدىج تٍٓ إػادج تٕاء اٌّشهذ اٌؼصثً ػاًٌ 

 ًّ ا، وّا هى ِىضر فً هزٖ اٌىسلح. وذشٍُش اٌىسلح اٌذلح واٌرسىُ اٌّضّىْ فً اٌىلد اٌسمٍمً أِشًا زاس
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إٌى أزذ أتشص ٔماط اٌضؼف فً تٍٕح اٌّلازح اٌرمٍٍذٌح: وهى اٌفصً تٍٓ سسُ اٌخشائظ اٌّرفشلح أو اٌمائّح 

وذخطٍظ اٌسشوح، ِّا ٌؤدي إٌى هٕذسح غٍش إِٓح دٌٕاٍِىٍاً ٌٍّساساخ فً زاٌح  LiDARػٍى ذمٍٕح 

ٌرّثً اٌّذخً اٌشئٍسً ٌهزا اٌؼًّ فً إطاس ػًّ هدٍٓ ِثرىش وِرىاًِ،  الأٔظّح راخ اٌرفؼًٍ اٌدضئً.

( فً اٌىلد اٌسمٍمً، واٌرخطٍظ اٌضًّٕ اٌىثٍف، ووزذج NeRFٌدّغ تٍٓ زمً الإشؼاع اٌؼصثً )

( اٌّمٍذج تالاسرمشاس. وٌرّثً إٌهح اٌّرثغ ٌٍرغٍة ػٍى ػٍىب اٌرمٍٕح MPCاٌرسىُ اٌرٕثؤٌح إٌّىرخٍح )

، ِّا ٌسّر تردٕة MPCاٌماتً ٌٍرفاضً ِثاششجً فً دوسج ذسسٍٓ  NeRFِح ذّثًٍ اٌساتمح فً د

الاصطذاِاخ تٕاءً ػٍى اٌرذسخاخ، ِغ ِؼاٌدح لٍىد الاسرمشاس اٌذٌٕاٍِىً ٌٍشوتىخ تشىً صشٌر ِٓ 

(. ولذ أثثرد ِساواج وذداسب ِىثفح فً اٌؼاٌُ اٌسمٍمً ذفىق ZMPخلاي ذسًٍٍ ٔمطح اٌؼضَ اٌصفشي )

% فً اٌّشاهذ اٌّضدزّح، وهى ِؼذي 29ًّ هزا. إر ذُ ذسمٍك ِؼذي ٔداذ فً اٌّلازح تٕسثح إطاس اٌؼ

. والأهُ ِٓ رٌه، ذسسٓ اسرمشاس LiDAR% ِٓ خطىط الأساط اٌثصشٌح و 2..4-41أػٍى تٕسثح 

دسخح، وّا أخفض خهذ اٌرسىُ تٕسثح  4.2% إٌى 92صاوٌح اًٌٍّ تٕسثح اٌشوتىخ، وأخفض ِرىسظ 

ثأٍح، ِّا ٌؤوذ  5.18% وصِٓ اسرداتح 28ش هزا إٌظاَ اٌسىاخض اٌذٌٕاٍِىٍح تٕسثح ٔداذ ذثٍغ %. ٌذ14ٌ

 فؼاٌٍح اٌشتظ اٌّمرشذ تٍٓ الإدسان واٌرسىُ اٌؼصثً.

: اٌّلازح اٌزاذٍح، اٌرسىُ اٌرٕثؤي تإٌّىرج، زمىي الإشؼاع اٌؼصثً، اٌشوتىذاخ راذٍح انكهمات انمفتاحية

 .طٍظ اٌّرضإِاْ ٌٍّىلغاٌرىاصْ، اٌرسذٌذ واٌرخ

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: 

 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. 

 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 (IMUs) 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. 

Study 

Focus 
Key Method 

Platform/

Test 

Reported 

Performanc

e Metrics 

Limitations 

for Our 

Context 

Real-

Time 

Neural 

SLAM 

Dense SLAM 

with an 

implicit 

neural scene 

representation

. 

Desktop 

GPU, 

Synthetic 

& Real 

Scenes 

Mapping 

Speed: ~10 

fps; ATE: ~1

.5 

cm; PSNR: 

~28 dB 

High GPU 

memory usage 

(~8 GB); No 

integration with 

dynamic control 

or planning. 

Efficient Multi- Desktop Training Evaluated on 
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Study 

Focus 
Key Method 

Platform/

Test 

Reported 

Performanc

e Metrics 

Limitations 

for Our 

Context 

NeRF 

Variants 

resolution 

hash encoding 

for fast 

training/rende

ring. 

GPU, 

Object 

Scenes 

Time: <5 

min; Render

ing 

Speed: ~200 

fps; PSNR: 

~33 dB 

bounded object-

scale scenes, not 

large-scale, 

incremental 

robotic mapping. 

MPC for 

Balance 

Control 

Nonlinear 

MPC with 

ZMP 

constraints for 

a TWIP robot. 

Real TWIP 

Robot 

Stability: Pit

ch angle 

maintained 

within 

±1.5°; Contr

ol 

Frequency: 

100 Hz 

Uses a pre-

defined global 

path and simple 

geometric 

obstacles (e.g., 

cylinders/walls). 

Percepti

on-

Aware 

MPC 

MPC with a 

learned visual 

dynamics 

model for 

drone 

navigation. 

Simulated 

Quadrotor 

Success 

Rate: 92% in 

cluttered 

gates; Trajec

tory 

Time: ~15 s 

per run 

Perception 

model is task-

specific and low-

dimensional; not 

a general-

purpose dense 

3D map. 

LiDAR-

Inertial 

SLAM 

Tightly-

coupled 

LiDAR-IMU 

odometry and 

mapping. 

Hand-held 

& Vehicle 

Localization 

Accuracy 

(APE): ~0.5

% of 

trajectory 

length; Map 

Density: Poi

nt cloud 

Requires 

expensive 

LiDAR; map is 

purely geometric 

without 

semantic/photom

etric 

information. 

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 𝐈𝑡 and inertial measurements 𝐚𝑡 , 𝝎𝑡 in an IMU are 

inputted in the Visual-Inertial Odometry (VIO) frontend, which outputs a high-

frequency state estimate  𝐱̂𝑡
𝑣𝑖𝑜 = ,𝐩, 𝐪, 𝐯, 𝐛𝑎, 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 

𝐓𝑘 ∈ 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 ℳ𝑛𝑒𝑟𝑓. 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 𝐮𝑡
∗ in every time step, where the dynamic model of the robot is used 

alongside the use of collision constraints extracted directly out of ℳ𝑛𝑒𝑟𝑓. 

Importantly, the forecasted state path 𝐗𝑡:𝑡+𝐻∣𝑡 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 , 𝜆0, … , 𝜆𝑚-, the state of the robot at time 𝑖 is represented as 𝐱𝑖 =

,𝐩𝑊
𝐵𝑖 , 𝐪𝑊

𝐵𝑖 , 𝐯𝑊
𝐵𝑖 , 𝐛𝑎

𝑖 , 𝐛𝑔
𝑖 -, and 𝜆𝑙are inverse depths of sparse features. The 

optimization will reduce the sum of Mahalanobis costs of both inertial and 

visual residues as (1): 

min⁡
𝒳
*∥ 𝐫𝑝 −𝐇𝑝𝒳 ∥2+∑ ∥ 𝐫ℐ(𝐳𝑘+1

𝑘 , 𝒳) ∥𝐏ℐ
2

𝑘∈𝒮

+ ∑ ∥ 𝐫𝒞(𝐳𝑙
𝑗
, 𝒳) ∥𝐏𝒞

2 +,

(𝑙,𝑗)∈𝒞

⁡⁡⁡⁡⁡⁡⁡⁡⁡(1) 

In which 𝐫𝑝 is a prior residual, 𝐫ℐ is the IMU pre-integration residual and𝐫𝒞 is 

the visual reprojection residual. On the basis of very strict criteria, a keyframe 

KF𝑖is considered and inserted to the global pose graph 𝒢 = (𝒱, ℰ): (1) the 

translation Δ𝐩 or rotation Δ𝜽 between consecutive keyframes is larger than 

thresholds 𝑡𝑡𝑟𝑎𝑛𝑠 and 𝑡𝑟𝑜𝑡, (2) the number of tracked features becomes smaller 

than a limit 𝑁𝑚𝑖𝑛, which is a guarantee of quality and manageability of maps 

[30]. 

3.2.2. Real-Time Neural Radiance Field Backend 

The pose graph keyframes *𝐈𝑘, 𝐓𝑘+  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 𝐹Θ 
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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) = ⨁
𝑙=1

𝐿

interp(𝐱,ℋ𝑙),⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(2) 

where ⊕  signifies concatenation. Density s and view-dependent color 𝜎 are the 

results of the decoded MLP 𝐜: (𝜎, 𝐜) = 𝐹Θ(𝐟(𝐱), 𝐝), where d is the viewing 

direction. The synthesis of a pixel color C (r) to a ray  𝐫(𝑡) = 𝐨 + 𝑡𝐝: is 

synthesized using volumetric rendering as (3): 

𝑪̂(𝐫) =∑𝑻𝒊(𝟏 − 𝐞𝐱𝐩(−𝝈𝒊𝜹𝒊))𝐜𝒊

𝑵

𝒊=𝟏

,where 𝑻𝒊

= 𝐞𝐱𝐩(−∑𝝈𝒋𝜹𝒋

𝒊−𝟏

𝒋=𝟏

).⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(𝟑) 

Incremental mapping Incremental mapping has the same parameters (ℋ and 

MLP Θ) and loss ℒ𝑟𝑔𝑏 =∥ 𝐶̂(𝐫) − 𝐶𝑔𝑡(𝐫) ∥
2 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 ℒ𝑑𝑒𝑝𝑡𝑕  [32 – 39]. 

3.2.3. Hybrid Map Representation 

The system has a hybrid map ℳ𝑕𝑦𝑏𝑟𝑖𝑑 = (𝒢,ℳ𝑛𝑒𝑟𝑓).  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 ℳ𝑛𝑒𝑟𝑓gives this skeleton a continuous volumetric function to provide 

dense geometry and appearance. The map can be queried: at any point on the 

globe (3D) 𝐗𝑊, occupancy (density 𝜎) and color are found by first converting it 

to the canonical frame of the NeRF (typically the frame of the first keyframe 

via 𝐗𝑐 = 𝐓𝑘0
−1𝐗𝑊, and then interpolating 𝐹Θ. 

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 = ,𝜃, 𝜃̇, 𝜙𝑙 , 𝜙𝑟 , 𝜙̇𝑙 , 𝜙̇𝑟-
𝑇, 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 = ,𝜏𝑙 , 𝜏𝑟-
𝑇, the wheel torques. The equations of 

motion ẋ = 𝑓(x, u)  are obtained through the Euler-Lagrange formulation as (4): 

M(x)q̈ + C(x, q̇)q̇ + G(x) = Bu,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(4) 
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where 𝐪 = ,𝜃, 𝜙𝑙 , 𝜙𝑟-
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): 

min⁡
U𝑡:𝑡+𝐻−1∣𝑡

∑ ∥ x𝑘∣𝑡 − x𝑘
𝑟𝑒𝑓

∥Q
2

𝑡+𝐻

𝑘=𝑡

+∑∥ u𝑘∣𝑡 ∥R
2+ 𝜆𝜃𝜃𝑘∣𝑡

2

⏟

Stability Penalty

𝑡+𝐻−1

𝑘=𝑡

+ 𝜆𝑐 ∑𝜎(p𝑘∣𝑡)

p∈ℬ
⏟

Neural Perception Cost

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(5) 

subject to dynamics, input and state constraints. Here, 𝑄, 𝑅 are matrices of 

weights, 𝜆𝜃 , 𝜆𝑐 are scalars, and 𝐵 is a discrete set of points of the footprint of 

the robot as projected to the world frame. 

min⁡
U𝑡:𝑡+𝐻−1∣𝑡

∑ ∥ x𝑘∣𝑡 − x𝑘
𝑟𝑒𝑓

∥Q
2

𝑡+𝐻

𝑘=𝑡

+∑∥ u𝑘∣𝑡 ∥R
2+ 𝜆𝜃𝜃𝑘∣𝑡

2

⏟

Stability Penalty

𝑡+𝐻−1

𝑘=𝑡

+ 𝜆𝑐 ∑𝜎(p𝑘∣𝑡)

p∈ℬ
⏟

Neural Perception Cost

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(6) 

3.3.3. Neural Perception Constraints 

This is collision avoidance which is imposed as a constraint based on NeRF 

density field 𝜎(𝐱). Given any point 𝐩𝑘 ∈ ℬ(𝐱𝑘∣𝑡)  on a body of the robot, it is 

assumed that as (7): 

𝜎(𝐓𝑊𝐵(𝐱𝑘∣𝑡) ⋅ 𝐩𝑘
𝑏𝑜𝑑𝑦

) < 𝜎𝑡𝑕𝑟𝑒𝑠𝑕∀𝑘,             (7) 

where T𝑊𝐵 is the transformation to body frame and 𝜎𝑡𝑕𝑟𝑒𝑠𝑕 is a density value 

associated with free space. The solver requires the gradients 
∂𝜎

∂x𝑘∣𝑡
 which are 

easily calculated using the NeRF model 𝐹Θ 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 𝑥𝑧𝑚𝑝  should not be bigger than the 𝐿 of the 

wheelbase as (8): 

−
𝐿

2
≤ 𝑥𝑧𝑚𝑝 =

𝑚𝑧𝑐𝑜𝑚𝑥̈𝑐𝑜𝑚 − 𝐼𝑦𝑦𝜃̈

𝑚𝑔 +𝑚𝑧̈𝑐𝑜𝑚
≤
𝐿

2
,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(8) 

where 𝑚 is mass, 𝐼𝑦𝑦 pitch inertia, 𝑧𝑐𝑜𝑚height 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 𝐗𝑡:𝑡+𝐻∣𝑡
𝑝𝑟𝑒𝑑

 of the MPC is examined. A frustum is cast into the 

existing map ℳ𝑛𝑒𝑟𝑓 per each of the predicted poses. Within this frustum, the 

average transmittance 𝑇𝑖 of sample rays is calculated which is used as a proxy 

of the map uncertainty (low 𝑇𝑖 means known occupied space, high 𝑇𝑖 means 

known free space and intermediate 𝑇𝑖 means unexplored). Areas that 𝑇𝑎𝑣𝑔 is in a 

band,𝜏𝑙𝑜𝑤 , 𝜏𝑕𝑖𝑔𝑕-  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 

ℒ𝑎𝑐𝑡𝑖𝑣𝑒 =∑ ∥ 𝐶̂(𝐫) − 𝐶𝑔𝑡(𝐫) ∥
2

𝐫∈ℛ𝑎𝑐𝑡𝑖𝑣𝑒

. It completes the perception-action 

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-

SLAM3 (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 (𝜎(𝐱) < 𝜎𝑡𝑕𝑟𝑒𝑠𝑕). 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. . .2 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 𝜃 at 0 degrees (0∘) and the angle 

at which the chassis operates: ∣ 𝜃 ∣‾ . 
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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. 
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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
3
 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. 

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. 
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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 

diagram. 

 

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 



 

133 
 

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. 

 

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. 

 

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. 

Metric 
Proposed 

Framework 

Baseline A 

(ORB-

SLAM3) 

Baseline B 

(LiDAR-

SLAM) 

Baseline C 

(Ablation) 
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Metric 
Proposed 

Framework 

Baseline A 

(ORB-

SLAM3) 

Baseline B 

(LiDAR-

SLAM) 

Baseline C 

(Ablation) 

Success Rate 

(Cluttered 

Office) 

92.0% 78.0% 85.0% 80.0% 

Mean Tilt 

Angle 
1.8° 2.5°* 2.5°* 2.5° 

Path 

Smoothness 

(Jerk) 

0.12 m/s³ 0.25 m/s³ 0.20 m/s³ 0.18 m/s³ 

Comp. Time 

per Loop 
45.0 ms 30.0 ms 55.0 ms 40.0 ms 

Dynamic 

Obstacle 

Success 

85.0% 70.0% 75.0% 72.0% 

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. 

Stability Metric 
Proposed 

Framework 

Baseline C 

(Ablation) 
Improvement 

Mean Tilt Angle 1.80° 2.50° +28.0% 

Maximum Tilt 

Angle 
4.20° 6.80° +38.2% 

Control Effort 15.3 N·m·s 22.1 N·m·s +30.8% 
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Stability Metric 
Proposed 

Framework 

Baseline C 

(Ablation) 
Improvement 

Settling Time 1.2 s 2.1 s +42.9% 

Balance 

Corrections 
3 8 +62.5% 

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-SLAM3 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 

(VIO). 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 

quadrupedal 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. 
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