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ABSTRACT

The Kidnap Robot Problem occurs when an autonomous robot, which relies on Simultaneous Localization

and Mapping (SLAM) for navigation, is suddenly displaced without prior movement history. This event resets
its internal localization system, and as a result, it requires rapid Relocalization to restore navigation
functionality. This paper presents a structured Functional and Performance testing framework to evaluate
SLAM-based Relocalization in Al-driven robots. With this framework, we will analyze robeotic relocalization
challenges, test the impact of sudden displacement events such as manual lifting, SLAM or navigation
crashes, and sensor failures, and measure the efficacy of relocalization algorithms. Results in this paper
quantify relocalization recovery time, mapping or floor plan accuracy, and navigation continuity,
providing a robust methodology for validating autonomous relocalization systems.

I. INTRODUCTION

Autonomous robots rely on SLAM (Simultaneous Localization and Mapping) for real-time navigation, object
or obstacle avoidance, and decision-making or path planning. However, in real-world conditions, users,
customers, or external factors may reset/ disrupt their localization by physically displacing the robot,
introducing what is known as the Kidnap Robot Problem. In such cases, the robot's existing SLAM model
becomes unreliable, requiring a rapid relocalization process to resume operation or navigation.

The Kidnap robot problem is particularly significant in self-driving vehicles, home robots, warehouse
automation, and drones, where unexpected user interventions or environmental changes can affect
navigation performance. Here Functional testing with respect to the Kidnap robot, plays an important role in
ensuring that relocalization mechanisms work under diverse conditions such as different floorplan size,
lighting condition etc, while performance testing quantifies recovery speed, map accuracy, and the ability to
resume normal operation.

Research Objectives
This paper aims to:
1. Analyze the impact of various displacement scenarios on robotic Relocalization.
2. Establish a functional testing framework for validating SLAM recovery.
3. Measure relocalization performance metrics, including time-to-recovery and mapping accuracy.
4. Identify key challenges in testing autonomous Relocalization and propose best practices.
IL RELATED WORK
2.1 SLAM and Autonomous Navigation
SLAM (Simultaneous Localization and Mapping) is a technological process that allows robots and autonomous
vehicles to create a map or floorplan of an unknown environment while simultaneously determining their
location within that environment. This capability is crucial for autonomous navigation and operation in
unfamiliar spaces. In robotics, SLAM is a fundamental technique to map an unknown environment while
simultaneously tracking the robot's position. Key SLAM methodologies include:
o LIDAR-based SLAM (e.g., Google Cartographer, Hector SLAM).
e Vision-based SLAM (e.g., ORB-SLAM, RTAB-Map).
e Sensor fusion techniques combining IMU, LIDAR, and depth cameras.
2.2 Key Components of SLAM

1. Localization: The robot determines its position and orientation within the environment.
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2. Mapping: The robot builds and updates a map of its surroundings.

2.3 The Kidnap Robot Problem in Robotics Research

The Kidnap Robot Problem has been studied in the context of:

o Al-based Relocalization using deep learning for environment recognition.
e Monte Carlo Localization (MCL) to probabilistically re-estimate position.
¢ Loop closure detection in feature-based SLAM systems.

However, limited research has focused on structured functional and performance testing to validate SLAM
recovery.

III. TESTING CHALLENGES IN THE KIDNAP ROBOT PROBLEM
3.1 Functional Testing Challenges
1. Detection of Lifting & Moving the Robot

e When a robot is suddenly lifted at a certain speed and height and placed elsewhere, does it successfully
detect the displacement?

o Expected Behavior: The robot's IMU (Inertial Measurement Unit) and accelerometer sensors should
detect the sudden change in altitude and motion dynamics, triggering a safety/tilt detection system.
This event should signal the SLAM system, prompting it to reset or attempt Relocalization.

2. Handling Physical Displacement (Lifting & Moving the Robot)

e When arobot is lifted and placed elsewhere, does it successfully detect the displacement?
o Expected behavior: The SLAM system should reset or attempt Relocalization.

3. SLAM Crash & Recovery Testing

e If the SLAM process crashes mid-operation, can the robot resume navigation without losing mapping
data?

4. Camera On/Off Condition Testing

o Ifvision-based SLAM is disabled, does the system fall back to LIDAR + IMU sensors?

5. Resetting SLAM After Returning to Charger or Home Position

o With a stored floor plan: Does the robot resume previous navigation paths?

e Without a floor plan: Does it correctly restart mapping?

6. Testing Kidnap During Floor Plan Generation

e If a robot is displaced while building a floor plan, does it merge previously mapped data or restart
mapping?

7. Obstacle Interference During Relocalization

e Ifan obstacle blocks a previously mapped path, can the robot dynamically adjust its navigation?

3.2 Performance Testing Challenges

1. Time to Relocalize (TTR)

e Measure how long it takes for the robot to re-establish localization after displacement.

2. Floor Plan Quality After Localization

e Does the robot retain an accurate spatial map, or does the displacement introduce mapping errors?

3. Navigation Continuity

o After Relocalization, can the robot return to previously explored rooms and complete pending tasks?

4. Sensor Fusion Performance

o Testrelocalization under different sensor conditions (vision-only, LIDAR-only, IMU-only).

IV. EXPERIMENTAL FRAMEWORK FOR TESTING RELOCALIZATION IN AI ROBOTS
4.1 Functional Testing Methodology

¢ Controlled Environment Testing:
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e Robots are tested in fixed room layouts to establish baseline relocalization performance.

e Variables: Different lighting conditions, obstacle placements, and dynamic elements.

¢ Randomized Kidnap Testing:

e Robots are lifted and placed at random locations within a test environment.

e Expected Outcome: SLAM should detect the reset and attempt Relocalization within X seconds.
4.2 Performance Metrics for Evaluating Relocalization

To ensure robust Relocalization in Al-powered robots, performance testing must quantify how quickly and
accurately a robot regains its position after unexpected displacement. The following key performance metrics
were used in our testing framework:

1. Time to Relocalize (TTR)

o Definition: The total time (in seconds) taken by the robot to regain localization after being moved or
relocalization loss.

e Measurement Approach:

e The robot is displaced to a random location in the test environment.

e The clock starts when the robot attempts to relocalize.

o The clock stops when the robot successfully identifies its position and resumes planned navigation.
e Variables Tested:

e Kidnap before floor plan generation vs. after complete floor mapping.

e Performance in low light, normal lighting, and bright environments.

e Obstacle interference during Relocalization.

2. Map Retention Score (MRS)

e Definition: The percentage of previously mapped floor plan that remains valid after Relocalization.
e Measurement Approach:

e The robot builds an initial floor plan.

o After being displaced, it attempts to re-localize / find its postion in the floorplan.

e In order to measure the floor plan degradation, the final map i.e. after relocalizated map is compared to the
original one i.e. map before Kidnap robot problem.

o Expected Behavior:

e High scores (~90%) indicate minimal loss of previously mapped areas.

e Lowscores (~50%) indicate significant errors in Relocalization, requiring full remapping.
3. Navigation Continuity Rate (NCR)

o Definition: The percentage of successful attempts in which the robot resumes navigation correctly after
Relocalization.

e Measurement Approach:
o After Relocalization, the robot is given a navigation task to move to a previously explored waypoint.
o Ifthe robot successfully reaches the location, it is marked as a successful navigation continuity test.

e The rate is calculated as:

successful relocalization events

NCR =

total test cases

¢ Expected Behavior:
e An NCR > 85% indicates strong relocalization performance.

e An NCR < 70% suggests difficulty in resuming normal navigation.
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4. Relocalization Stability Score (RSS)

e Definition: A qualitative measure of how stable the robot’s position estimation remains after multiple
kidnappings.

e Measurement Approach:

e The robot is moved multiple times in succession (e.g.,, 5 displacements in 2 minutes).

o The test evaluates whether SLAM consistency degrades over repeated relocations.

o Expected Behavior:

e Alow RSS (< 60%) may indicate accumulated SLAM errors due to navigation or kidnap robot, requiring
full reinitialization.

5. Relocalization Success Rate in Different Lighting Conditions

o Definition: The percentage of successful relocalization events under varying lighting conditions.
e Measurement Approach:

e Test 1 (Bright Lighting): Full illumination i.e. Lux meter reading >= 1000 lux

e Test 2 (Normal Lighting): Indoor room condition i.e. 300 lux< Lux meter reading < 500 lux

e Test3 (Low Light/Night Mode): Minimal ambient light i.e. 10 lux< Lux meter reading < 100 lux

e Test 4 (Sudden Lighting Changes): Flashlight pointed at robot sensors i.e. Rapid variations from 50 lux to
>1000 lux within milliseconds

o Expected Behavior:

e Vision-based SLAM models struggle under low-light conditions.

o LIDAR-based systems should perform consistently across all lighting variations.
6. Relocalization Success Rate in Different size of Floor Plan

o Definition: The percentage of successful relocalization events under varying floor plan sizes, measuring
how well the robot can recover its position in different spatial environments.

e Measurement Approach:
e Test 1 (Small Floor Plan - < 50 m?): Single-room or compact area with minimal obstacles.

e Test 2 (Medium Floor Plan - 50 m? < Area < 150 m?): Multi-room layout with moderate complexity (e.g.,
residential home with furniture).

e Test 3 (Large Floor Plan - > 150 m?): Expansive spaces such as warehouses, open office spaces, or multi-
floor environments.

o Expected Behavior:

Small floor plans should result in faster relocalization due to minimal navigation complexity.
Medium floor plans may introduce minor delays depending on obstacle density and SLAM accuracy.

o Large floor plans may lead to increased relocalization time, requiring robust loop closure detection and
feature mapping for accurate positioning.
LIDAR-based SLAM is expected to perform better than vision-based SLAM in large, open spaces.
Sensor fusion (LIDAR + Vision + IMU) should provide the most reliable relocalization across all floor plan
sizes.

V.  RESULTS & ANALYSIS

The following analysis presents hypothetical performance outcomes for the proposed Kidnap Robot testing
framework, based on theoretical extrapolation from established SLAM behaviors (e.g, ORB-SLAM,
Cartographer) and typical robotic sensor capabilities. These results illustrate potential relocalization
performance under various conditions like lighting condition, different size of floor plan etc. Real-world
experimental validation with device is planned as part of future work. The quantitative metrics and
comparisons provided below serve to demonstrate the expected behavior of the testing framework under
diverse scenarios, offering a baseline for future empirical studies.
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5.1 Quantitative Analysis of Relocalization Performance

The Kidnap Robot Tests were conducted in a controlled lab environment with multiple trials across different
conditions. The results are summarized in Table 1.

Navigati
. Avg. Time to Map Retention avigaton Success Rate in
Test Condition . Continuity Rate i
Relocalize (sec) Score (%) (%) Low Light (%)
0
Normal Lighting, 42s 929 89%, 95%
Pre-Mapped
Normal Lighting, 6.55 78% 81% 89%
During Mapping
Low Light, Pre- 58s 87% 849% 72%
Mapped
Low Light, During 8.9s 65% 73% 60%
Mapping
Sudden Lighting 7 1s 70% 76% 58%
Change
Key Findings:

1. Robots with a pre-generated floor plan performed significantly better in Relocalization (TTR ~ 4-5s,
MRS > 85%).

2. Relocalization was slower (TTR ~ 7-9s) and less reliable (MRS ~ 65%) when the robot was
kidnapped during the floor mapping process.

3. Low-light environments negatively impacted Relocalization, reducing success rates by ~20%
compared to well-lit conditions.

4. Sudden lighting changes caused the highest failure rates (~42% failure), particularly affecting
vision-based SLAM systems.

5.2 Comparative Performance of Vision-Based vs. LIDAR-Based Relocalization

Low-Light
Performance

Navigation
Continuity Rate

Avg. Time to
Relocalize

Map Retention

Sensor Type
yp Score

Vision-Based
SLAM (ORB- 7.4s 80% 78% 45%
SLAM)

LIDAR-Based
SLAM
(Cartographer
SLAM)

5.1s 92% 89% 91%

Sensor Fusion
(Vision + LIDAR + 4.8s 94% 91% 94%
IMU)

Key Findings:

e Vision-based SLAM alone struggled under low-light conditions (45% success rate).

e LIDAR-based SLAM was more resilient to lighting variations and had a more consistent relocalization
time (~5.1s).

e Multi-sensor fusion (LIDAR + Vision + IMU) had the best overall relocalization performance,
combining speed (~4.8s) and accuracy (~94% retention).
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5.3 Analysis of Failures & Edge Cases

Certain conditions led to relocalization failures, including:

1. Kidnap During Floor Mapping Without Reference Points:

e Robots failed to recover SLAM position in 40% of cases when kidnapped before completing mapping.
2. Dynamic Obstacles Blocking Relocalization Paths:

e Ifapreviously mapped path was suddenly obstructed, robots struggled to reroute dynamically.

3. Extreme Low-Light Conditions Impacting Feature Recognition:

e Robots relying on vision-based SLAM lost track of key landmarks, leading to prolonged or failed
relocalization attempts.

VL. CONCLUSION
Our study highlights the challenges in functional and performance testing of the Kidnap Robot Problem. Key
takeaways include:
¢ Pre-generated floor plans improve relocalization speed and accuracy.
o Lighting conditions significantly affect vision-based SLAM.
e Multi-sensor fusion (LIDAR + Vision + IMU) provides the most reliable relocalization results.
e Dynamic obstacle detection needs further refinement to improve rerouting post-relocalization.
Future work will involve empirical testing in real-world environments to validate these projected outcomes.

Additionally, research will explore automated testing methodologies for systematically collecting and
analyzing performance metrics to improve the efficiency and reliability of relocalization assessments.
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