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Abstract: 
In this paper, we propose a context-aware artificial intelligence (AI) strategy for autonomous robotic tracking 
(ART) in various environments. Our system fuses a spatial-temporal (ST) mapping with a probabilistic intent 
detection (PID) module to achieve precise robot self-localization, to counteract localization drift and to cope 
with robot occlusions. Experiments showed that our approach significantly shortens the robotic tracking path, 
achieves smoother navigation, shortens the computing time, and realizes the efficient navigation of autonomous 
robots in crowded environments. 
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I. Introduction 
Autonomous system technology is advancing at a 
rate that requires a transition from stationary 
localisation and static navigation to dynamic 
contextual interaction in dynamic human centered 
environments. The static path planning commonly 
employed in present day robots does not provide the 
necessary flexibility to cope with the dynamic social 
and velocity characteristics of a human centered 
environment.In complex dynamic environments 
such as hospital corridors or public transportation 
stations, it is of upmost importance for a robot to be 
able to not only sense the human behaviour but also 
forecast the possible paths of humans in order to 
ensure both its own as well as the humans' safety as 
well as to maintain high levels of productivity. 
Currently, there are many cases where problems of 
“freezing robot” or irregular tracking control are 
encountered due to the poor quality of the sensory 
information. The purpose of this study is to 
develop a synthetic perception model that takes 
into account the context of the situation. 
According to the theoretical analysis, instead of 
dealing with the static obstacles of the 
environment through a probability stream, and 
keeping the target persistently tracked in a 
dynamic environment, is a very useful idea.  
The adaptive artificial intelligence (AI) developed 

in this study is used to match the mechanical 
behavior of the robot with the intention of the 
human at different times, so as to connect the basic 
obstacle avoidance ability of the “obstacle 
avoidance robot” and the advanced social ability 
of the “autonomous tracking robot”. 

II. System Architecture 

The system uses this multi-modal perception layer 
that combines depth-sensing data with neural 
networks to identify targets. It keeps track of 
everything in a 3D spatial-temporal voxel grid. 
The cool part is how it calculates something called 
“perceptual entropy” to focus processing power on 
where humans are most likely to move. This helps 
it keep tracking even when people are partially 
hidden. 
To make sure it runs smoothly in real time, there’s 
a dynamic resource controller that splits the 
workload between the edge processor and the 
perception engine. It uses asynchronous threading, 
so the motor control loops run at a steady 60Hz 
without getting slowed down by the heavy neural 
network calculations. 
Also, there’s a temporal consistency filter that cuts 
down on sensor noise and guesses skeletal 
positions when the person is completely out of 
sight. This feedback loop keeps movements 
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smooth and natural, avoiding awkward or intrusive 
motions. It balances stability and tracking 
accuracy pretty well. 
Honestly, it’s a smart way to handle tracking in 
tricky situations. Makes me wonder how it would 
perform in crowded spaces or with fast 
movements. 
Predictive Kinematic Buffer tracks past occlusions 
by preserving “ghost” locks that drive motion to 
the last known position of the lost target, and 
executes a Re-Identification handshake once 
visual features match up correctly. This unique 
combination of advanced technologies makes the 
bot an autonomous predictive social vehicle 
capable of effortlessly navigating crowded public 
spaces. 

 
Fig.1. System Flowchart of the Context-Aware AI Robot 
for Adaptive Human Tracking. 
 
III. System Hardware and Sensory Integration 

For the proposed architecture to be operational, a 
heterogeneous set of sensors must be employed to 
enable robust perception of the environment. 
Within the sensory integration layer, we employ a 
high-resolution LiDAR for the creation of a 360-
degree point-cloud in real time that can be used for 
SLAM. The point-cloud is then merged with the 
RGB-D camera signals. The RGB-D camera 
enables texture detection and semantic 
understanding of the surrounding environment, 

enabling the system to differentiate between 
architectural structures and moving entities such as 
humans. 
When making high speed turns, the IMU helps the 
robot to know its orientation and posture through 
measuring acceleration and rotational velocity. All 
the sensor data are time-stamped using our 
middleware and fed to the edge computing 
platform in the robot. The edge computing 
platform fuses sensor data and runs deep neural 
networks to quickly make motor control decisions 
in under a second. The high level computations are 
offloaded to the GPU for spatial calculations, so 
that the CPU has enough bandwidth to classify and 
predict the intentions of human subjects in real 
time. This allows the robot to move in a smooth 
and safe manner through environments such as 
shopping malls, hospitals and streets, where 
people are unpredictable and unorganized. 
IV. Computational Architecture And Data 
Processing 
The processing core of the system employs a 
multi-layer architecture so that the robot can carry 
out tasks that require high frequency at the same 
time as processing complex neural networks. The 
base of the processing core is an edge-computing 
processing unit that is optimized for processing 
parallelized tensor operations. The spatial-
temporal voxel grid update is executed in real time 
on this core. By segregating sensorimotor tasks 
from motor control the system avoids the visual 
processing path impacting crucial motor tasks, 
such as motion control of the robot. 
In order to maintain a consistent 60Hz refresh rate, 
our system uses an asynchronous threading model 
that isolates the high-priority motor control loops 
for the actuated joints from the low-priority 
background processing required for inference of 
human motion and environment occlusions. This 
allows for constant-time reaction to the 
environment and the ability to maintain natural 
motion of the robotic limbs even when the 
background processing workload is high. This 
isolates high-entropy tracking conditions (e.g. 
self-occlusion of the subject, etc.) to a control 
mode that efficiently adjusts the background 
processing load to allow uninterrupted safety-
critical control of the robot. High-entropy tracking 
situations are dynamically detected and the non-
safety critical processing load is throttled in real 
time to allow optimal performance in a wide range 
of highly unpredictable and dynamic 
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environments while maintaining high tracking 
accuracy and low latency. 
 

 
Fig. 2. System computational architecture and 
processing. 
 
V. Deployment And Integration Strategies 
Achieving the high-frequency tracking capability 
will demand a phased and data-driven 
implementation in order to manage stability of the 
system in the inherently complex, dynamic and 
unpredictable human environment. 
The deployment strategy is structured into the 
following key phases: 
Baseline Benchmarking We begin by setting a 
baseline performance metric for our 
implementation. We measure the sensor-to-
actuator latency for a baseline system 
implementation. This metric will give us a sense of 
the amount of performance improvement that can 
be expected from all subsequent design choices. 
 
Mode - Passive Validation The Predictive 
Kinematic Buffer is being used in a “monitor-
only” configuration where “ghost” lock events are 

being recorded and matched against the actual 
movements of the robot during navigation. 
Active Low -Traffic Integration This system only 
becomes active when the validation step has been 
confirmed. Once the system has been validated, in 
low traffic situations, it optimises the 
asynchronous threading method and continues to 
isolate the motor control loop from the impacts of 
high bursts of neural network computations. 
Dynamic Resource Capping: Our default hard 
resource-capping policy for the edge-computing 
module is utilized, and non-essential background 
tasks are capped when the CPU utilization is above 
85% for three consecutive sampling cycles to 
avoid any detrimental effects on the vehicle’s 
kinematic stability. 
Stress Testing and Safety Verification After that, 
the car underwent extensive stress tests that 
include simulated blackouts, during which the data 
streams of the sensors are deliberately blocked to 
validate the predictive kinematic buffer that, 
according to the company, generates a controlled 
braking through the kinematic information it has 
stored in the state vectors. 
This paper presents a fully modular system that not 
only allows for an efficient edge-compute use of 
resources but also ensures that a robot behaves in 
a predictable manner as a reliable and social aware 
entity throughout its entire lifespan. 
In order to maintain performance throughout the 
life of the system, there needs to be a continuous 
cycle of communication between the field 
telemetry and the development environment. The 
edge-compute performance logs from the ‘edge’ of 
the network can be used by developers to 
understand the commonality of environmental 
factors that give rise to resource contention, 
allowing them to refine and optimise the voxel grid 
resolution and predictive buffer weighting. 
So when it comes to deployment, the importance 
of the security of a system does not decrease 
relative to the accuracy of the kinematic model. In 
order to safeguard the stability and reactivity of 
our autonomous system while ensuring the 
integrity of its state estimation vectors, it is 
fundamental to implement the use of cryptography 
for verifying the integrity of the sensor data 
received. Hence, our system ensures the whole 
security level for an agent, both in terms of 
stability and integrity. 
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VI. Deployment Challenges 
Tests are currently being run in an uncontrolled 
real world environment. To sustain the 60HZ 
update rate a considerable amount of processing 
power has to be reserved to stop the cpu from 
overheating and to prevent stuttering. Sensor 
fusion also has to be tweaked as the conditions 
from one second to the next are extremely varied, 
with the black versus white colour conflict of the 
original experiments being replaced by people 
wearing patterns in ever changing combinations. 

 
Fig.3. Real-world hurdles in deploying high-
frequency robotic systems. 
 
VII. Conclusion 
Background image Autonomous Human Tracking 
Our tracking architecture provides a solid base for 
this application, and it is characterized by its multi-
modal sensor fusion with a kinematic prediction 
buffer to keep the processing rate at a constant 
60Hz. This example demonstrates how phased roll 
out and resource caps can help to bridge the gap 
between a theoretically ideal and a realizable 
implementation. Ultimately, this kind of 
engineering is necessary to keep mobile robots 
safe, while at the same time making them as 
predictable as possible to other humans in 
populated spaces and environments, and at the 
same time mitigate edge computing issues that are 
commonplace in such scenarios. 
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