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Abstract—Efficient retail shelf organization is crucial for main-
taining product visibility and optimizing customer experience.
This study presents an Al-driven robotic system designed to
autonomously detect, rearrange, and replenish items in dynamic
retail environments. By integrating advanced perception models
with knowledge-based reasoning, the system enables precise ob-
ject recognition and strategic placement, even in cluttered spaces.
A multi-layered planning framework ensures seamless manipu-
lation and adaptation to real-time shelf conditions. Experimental
evaluations demonstrate the robot’s ability to execute intelligent
restocking and organization strategies, offering a scalable solution
for automated retail management.

I. INTRODUCTION

The emergence of robotic automation has significantly
transformed various domains, with autonomous mobile ma-
nipulators gaining increased accessibility. A fundamental re-
search challenge is enabling these robotic platforms to interact
with and rearrange their surroundings efficiently, addressing
complex real-world manipulation objectives in variable and
unstructured settings.

Retail and warehouse environments present suitable initial
application areas for such technology, particularly in auto-
mated product handling. Typical responsibilities include re-
plenishing shelves, organizing misplaced goods, and adjusting
item configurations. Unlike factory settings, where operations
follow predefined steps, these environments exhibit semi-
structured but unpredictable characteristics. Items may be
missing, placement rules evolve, and storage areas may be
partially concealed, demanding adaptive solutions.

A retail scenario provides structured cues that robotic agents
can exploit. Items are arranged to maximize visibility, their
dimensions and shapes align with human handling capabilities,
and packaging often includes useful details such as weight and
branding. However, these factors also present obstacles; iden-
tical items are frequently adjacent, complicating segmentation
and manipulation without disturbing surrounding objects.

The targeted robotic functionalities include initializing an
empty display, restocking depleted goods, decluttering disor-
dered shelves, and adjusting inventory layouts. Additionally,
tasks extend to warehouse operations such as item retrieval,
packing, and preparation for dispatch. The necessity for pro-
longed autonomous operation fosters opportunities for contin-
ual learning and adaptive improvement.

Recent advancements have demonstrated interest in au-
tonomous item retrieval and placement. The Amazon Picking
Challenge of 2015 emphasized the development of integrated

perception and manipulation solutions within warehouse en-
vironments. While promising, many entries simplified chal-
lenges related to environmental clutter and high-level decision-
making.

This work introduces an autonomous robotic system capable
of executing structured reordering within shelving units. The
methodology utilizes qualitative spatial relationships, such as
positioning cereals adjacent to coffee products. A dynamic
grid-based approach segments the target area, allocating com-
partments for different product categories, ensuring optimal
orientation and accessibility.

The approach surpasses previous benchmarks by recogniz-
ing and handling objects despite substantial occlusion, iden-
tical adjacent items, and cluttered arrangements. The system
extends beyond simple object transfer by integrating semantic
reasoning, essential for achieving structured organization in
real-world applications. Additionally, the avoidance of un-
necessary shelf clearance is prioritized, ensuring precision in
manipulation.

Summarizing the specific constraints within this framework,
the primary contributions of this research include:

o Perception: Operating within an environment character-
ized by dense clutter, no predefined object positioning,
extensive occlusion, recurring textures, and complex ar-
rangements.

o Knowledge-Based Reasoning: Resolving occlusion
through implicit secondary adjustments, implementing an
autonomous solver for shelf organization, and interpreting
abstract task instructions.

o Manipulation: Knowledge-driven object handling with
integrated failure mitigation to ensure robustness and
efficiency.

II. RELATED WORK
A. Autonomous Assistants in Retail Spaces

The demanding task of organizing shelves in retail spaces
has led to the emergence of robotic assistants. These robotic
systems have been designed to offer diverse customer support
but often lack direct interaction with store merchandise. Gen-
erally, such robots function in a partially automated manner,
where they navigate users to a specified product within a
designated section, yet the retrieval remains manual. Fully in-
dependent systems have recently surfaced, primarily optimized
for warehouse logistics, while retail settings remain an area for
further exploration.
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Fig. 1: Retail environment featuring the robotic agent and
identified objects within a sample scene.

Current methodologies for self-positioning have been re-
fined to accommodate large-scale indoor environments such as
supermarkets. However, merely determining the shelf location
does not suffice for seamless object interaction. To efficiently
manage items within a storage unit, a robotic system must
acquire contextual awareness regarding individual products
and their precise orientation.

A novel shelf-monitoring robot has been introduced, offer-
ing real-time inventory tracking while autonomously traversing
aisles, notifying personnel about restocking needs. Rather than
assigning analytical and handling responsibilities to human
workers, the approach focuses on a fully automated solution.

B. Visual Processing in Densely Packed Retail Settings

Detecting products within congested retail environments
presents numerous challenges, particularly as product arrange-
ments shift due to customer activity. Furthermore, visibil-
ity may be hindered due to obstructions, and items can
be methodically stacked while exhibiting varied orientations
and appearances. Given the vast array of goods available in
retail outlets, a reliable recognition system must accommodate
differences in structural design, physical size, and surface
textures.

To address these complex conditions, products can be
equipped with RFID tags, facilitating effortless identification
and spatial positioning. Alternatively, intrusive methods aim
to recognize objects in disordered settings by altering their
placement and observing scene modifications. Nevertheless,
An image-based detection strategy is adopted, eliminating the
need for object alterations or physical interaction. A single
perception model may face challenges under these conditions;
therefore, integrating multiple object recognition techniques
enhances robustness and adaptability, ensuring compatibility
with the intended deployment scenario.

C. Cognitive Reasoning and Adaptive Manipulation

For objects situated beyond immediate reach due to ob-
structing elements, prior research has utilized sampling-driven
planning strategies to initially displace hindering objects,
though implementations have largely remained in simulated
environments.

An alternative approach implements similar concepts but
deploys humanoid robots capable of handling barriers such
as doors while progressing towards an objective. The ul-
timate goal aligns with ours: empowering robotic systems
to instinctively perform prerequisite handling actions, even
when these actions were not explicitly incorporated into their
predefined tasks. Enabling such adaptive capabilities allows
robots to respond dynamically to present conditions without
direct human intervention.
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Fig. 2: Overview of the system framework, depicting cognitive
inference (left) and perception (right) components.

III. SYSTEM OVERVIEW

Solving the challenges outlined in this study necessitates a
seamless integration of essential modules required by an inde-
pendent robotic system. Figure 2 illustrates the comprehensive
framework, showcasing the specific functionalities assigned to
each component.

The architecture comprises three core elements, all of which
have been recently introduced. These were chosen primarily
due to their open-source nature, accessibility, and their capa-
bility to provide a modular and extensible structure:

« CRAM - advanced robotic planning and logical decision-
making

« KNOWROB - centralized framework for processing and
inferring knowledge

« ROBOSHERLOCK - knowledge-assisted robotic percep-
tion system

In the subsequent sections, it elaborate on the two fun-
damental perception modules incorporated in ROBOSHER-
LOCK, which play a crucial role in the recognition pipeline:
a texture-based and a shape-based detection mechanism.

The system initiates with a generalized blueprint for shelf
organization, formulated by CRAM. Initially, ROBOSHER-
LOCK is tasked with identifying the objects present. Utilizing
spatial awareness data stored in the semantic repository of
KNOWRGOB, the preliminary data is refined to retain only
those areas pertinent to the current operation, such as the
designated shelf.

Following this, the refined visual data undergoes instance
and shape classification to infer potential products and their
respective placements, subsequently relaying this information
back to CRAM via ROBOSHERLOCK. Internally, the task
planning mechanism evaluates multiple execution strategies



for reordering the shelf, prioritizing them based on cost ef-
ficiency computed through an A*-based pathfinding algorithm
implemented in CRAM.

The most optimal approach is then selected for execution.
Once the best course of action is determined, a corresponding
manipulation sequence is formulated and carried out by the
robotic agent. If any complications arise during execution (e.g.,
failure to grasp an object, accidental dropping, or inability to
generate a feasible manipulation trajectory), control is reverted
to CRAM, where a fallback mechanism is activated to devise
an alternative execution plan.

Further elaboration on these components is provided in the
following sections, with Figure 2 depicting additional sample
outputs from the various perception and knowledge-processing
subsystems.

IV. PERCEPTION IN COMPLEX RETAIL SETTINGS

Object detection in retail environments presents substantial
difficulties due to the diverse range of object textures, ge-
ometric forms, and spatial arrangements in confined areas.
However, these settings provide contextual information that
can be leveraged to improve perception tasks.

To address this challenge, an integrated approach is em-
ployed, combining prior knowledge with real-time perception.
Specifically, predefined knowledge of the spatial structure of
shelves and the expected inventory is utilized. This structured
knowledge enables the dynamic optimization of perception
tasks by narrowing the search space and concentrating on
relevant regions.

Simultaneously, the system necessitates the ability to iden-
tify and distinguish individual objects on shelves, even under
dynamic conditions such as varying orientations, occlusions,
or novel object instances. Since training a perception model on
all possible product variations is impractical, the system must
be capable of generalizing and adapting to unseen scenarios.

Handling occlusions, deformable structures, and reflective
surfaces adds complexity to object recognition. Therefore, the
framework integrates multiple features, including color distri-
bution, texture patterns, and geometric structure, to achieve
accurate identification.

A. Perception Framework

The proposed system incorporates an advanced perception
framework designed to efficiently analyze unstructured visual
data. The framework interprets perception tasks as query-
based processes, progressing through three distinct stages: (1)
proposing candidate regions of interest within the captured
images, (2) enriching these regions with semantic annotations,
and (3) ranking and refining the hypotheses to maximize
accuracy.

A key feature of this framework is the utilization of prior
knowledge about the retail setting, which enhances perception
capabilities. This stored knowledge enables efficient filtering
of visual input, ensuring that only semantically significant
regions undergo further analysis. Additionally, awareness of

environmental context helps predict probable object categories,
facilitating anomaly detection, such as misplaced items.

Furthermore, the system dynamically selects the most suit-
able recognition algorithms based on the task at hand. It also
fuses outputs from multiple perceptual modules, resolving in-
consistencies and improving reliability. To maintain coherence
in object recognition across frames, the framework implements
a memory module that preserves a record of detected entities.

The architecture supports seamless integration of diverse
perception models. For this implementation, two specialized
recognition modules—texture-based and shape-based—are in-
corporated as dedicated processing units. The framework en-
sures consistency by merging outputs from these modules and
interfacing them with the reasoning component.

B. Object Recognition Modules

To address the complexities of retail perception, two recog-
nition models were implemented within the framework, each
catering to different object identification challenges. The
texture-based model (Section facilitates instance-level
recognition using prior knowledge, whereas the shape-based
model (Section [[V-B2) enables the classification of novel
objects, ensuring adaptability in unfamiliar scenarios.

Both recognition strategies have been extensively evaluated
in automated inventory management and product arrangement
tasks. While perception in retail differs from logistics-based
scenarios, common challenges—such as occlusion, clutter, and
ambiguous object boundaries—necessitate similar solutions.
Below, provided an overview of the recognition process.

Initially, raw RGBD data undergoes optional pre-processing
steps, such as median-based noise reduction or depth-enhanced
virtual scans. Subsequently, two segmentation techniques are
applied:

o Type I: Uninformed segmentation—This method does
not rely on prior knowledge of known objects. It over-
segments the scene into primitive regions, forming the
foundation for subsequent recognition tasks.

o Type II: Knowledge-driven segmentation—This ap-
proach refines segmentation by merging adjacent regions
based on specific heuristics, such as surface continuity
and convexity.

The over-segmentation step is particularly crucial, as it pre-
serves object boundaries while generating granular segments
for downstream processing. These refined segments provide a
structured representation of the scene, enabling robust object
analysis.

After segmentation, the system applies geometric filtering
to remove irrelevant regions before passing the remaining data
to the recognition modules.

1) Texture-based Object Recognition: The texture-based
module employs a dual-phase recognition strategy, combining
visual pattern extraction with depth-based geometric con-
straints. This method constructs a database of 3D object
models augmented with visual descriptors.

To build this database, real-world items are digitally re-
constructed using either autonomous scanning methods or



manual 3D modeling tools. Once stored, these models serve as
reference points for object matching during perception tasks.

During recognition, segmented image patches are ana-
lyzed to extract visual features. A hypothesis generation step
then employs a RANSAC-based algorithm to estimate object
placement, ensuring geometric consistency between detected
keypoints. The resulting pose estimates are validated against
depth information, refining the hypotheses and eliminating
false positives.

Final object identifications are determined based on hy-
pothesis confidence scores. If multiple instances of an item
are present, recognition is iteratively applied to detect each
occurrence independently.

2) Shape-based Object Recognition: The shape-based
recognition module focuses on unsupervised classification,
utilizing hierarchical learning techniques to identify object
structures. It employs a multi-level symbolic representation
of surface geometry, which facilitates recognition without
reliance on pre-existing models.

The recognition process begins with feature extraction,
where geometric components are categorized into hierarchi-
cal symbols representing different levels of detail. A graph-
based structure then encodes the relationships between these
symbols, forming a model of shape constellations.

During inference, an energy-minimization algorithm
matches observed object structures to stored shape categories,
determining the most probable classification. This hierarchical
approach enhances robustness by incorporating structural
details across multiple scales, leading to higher recognition
accuracy.

By integrating these modules, the system ensures com-
prehensive perception capabilities, enabling effective object
detection in diverse retail scenarios.

V. INTELLIGENT DECISION-MAKING AND MOBILE
MANIPULATION IN RETAIL SCENARIOS

Effectively organizing items on a store shelf demands
a diverse set of cognitive skills. A robotic system must
autonomously devise a structured approach to achieve its
objective, determining the optimal arrangement, sequence,
and positioning of products. Executing this plan necessitates
performing a sequence of grasping and placement actions in
an environment that may be constrained and cluttered. A pre-
established model of the shelf, inclusive of dimensions and ob-
ject grasp configurations, is utilized to dynamically construct
a spatial representation and compute feasible approaches for
handling items.

These operations rely on dynamic decision-making pro-
cesses influenced by highly variable data, including object
orientations, robot positioning, and current versus target shelf
configurations. A robust memory management framework is
employed to store episodic interactions, facilitating the evalu-
ation and refinement of devised strategies.

A. Intelligence-Driven Planning Framework

For efficient rearrangement of shelf products, an au-
tonomous agent requires a structured methodology to deter-

mine an optimal sequence of actions, transforming an initial
state .S; into a target configuration S. To achieve this, an en-
hanced heuristic-based search algorithm has been implemented
with the following capabilities:

1) extbfAction Sequence Generation: The system generates
parameterized sequences of fundamental robotic actions,
ensuring A(S;) = Sy. These include:

o Grasp and release operations

o Object transfer between robotic arms

« Vertical torso adjustments for reaching varied shelf
heights

« Positional realignment for improved accessibility

2) extbfMulti-Solution Synthesis: Upon computing an ini-
tial solution, the algorithm assigns an artificially elevated
cost to it, prompting the derivation of alternative solu-
tions in order of decreasing efficiency. This approach
ensures a repertoire of viable strategies for real-time
decision-making.

3) Categorical Goal Matching: The planner is capable of
satisfying category-based constraints instead of precise
object placements, facilitating broader solution spaces
and faster convergence.

Traditional heuristic search methods lack these enhance-
ments. The modifications introduced are particularly beneficial
for shelf-stocking tasks but are equally applicable in diverse
robotic manipulation domains.

To execute a heuristic search, a state discrepancy measure
and an estimated cost function are essential. If a state S;
deviates from .S;, implying a non-zero divergence metric, it
is classified as entropic. The heuristic function H is redefined
as:

Number of misaligned items in .S; relative to .S;

H(S:,55) = Total items in S;
(D

Generally, H(S;,S;) # H(S;,S;) due to the influence of
item count on the denominator. This formulation accounts
for scenarios where available items are fewer than the total
possible placements, a condition never reversed in practical
applications.

The transition metric D, which determines the cost of
transitioning between two states, is given by:
n
D(S;,S;) = e(Ag) + C, 2)
k=

1

where ¢(Ay) represents the weighted cost of each atomic
action Ay, and C, accounts for deviations in the robot’s
positioning and grasp states. The symmetry condition holds
as:

Ensuring that H never exceeds D upholds the admissibility
criterion for heuristic search:



D(S;,S;) > H(S;:,S;) 4)

The generated sequence of operations is executed incremen-
tally. If localized failures occur, such as invalid trajectories,
replanning mechanisms intervene to rectify deviations. How-
ever, since the planner is based on symbolic representations,
it does not inherently account for real-world uncertainties.
Should the failure frequency exceed a predefined threshold,
an entirely new action sequence is generated based on the
latest environmental conditions.

B. Motion Strategy

The advanced motion strategies are devised and executed
using the robotic planning framework CRAM. Within this
framework, trajectory formulation is essential whenever the
viability of a manipulation operation is assessed or when
such an action is carried out. To facilitate path generation
and actuator control, The Movelt! framework is integrated,
which excels in unconstrained path planning but demonstrates
enhanced effectiveness when its planning domain is enriched
with obstruction data. To ensure structured environmental
knowledge is accessible to intelligent robotic systems gov-
erned by CRAM, the KNOWROB knowledge inference mod-
ule is incorporated.

In the implementation, obstructions include elements such
as shelving units, surrounding structural barriers, and manip-
ulable objects. Figure [3] illustrates an example configuration
of a retail environment, displaying supermarket furnishings.
When objects are positioned on the shelf, the robotic system
is informed about the shelving framework and actively avoids
unnecessary contact during handling.

The planning domain must be managed externally to
Movelt! to be viable for manipulation tasks. While static ele-
ments like shelving and walls are retrieved from a predefined
dataset, objects in the environment are detected dynamically.
As modifications occur in real-world object arrangements, the
system updates its planning domain accordingly, ensuring an
accurate representation of restricted zones during robotic arm
navigation.

In CRAM, the representation of the surroundings synchro-
nizes with the robot’s internal belief framework upon detecting
critical state changes. These changes encompass but are not
confined to, adjustments in navigation, object manipulation,
and perception.

C. Grasp Strategy and Implementation

Once objects are recognized and their intended placement
positions are determined, a loosely defined retrieval-and-
positioning task must be refined for precise execution. Keeping
this task definition flexible allows an autonomous system to
optimize key parameters for execution:

(retrieve—and-position
(an item
(type container)
(label ‘CerealBox’')

Fig. 3: Robot in a simulated retail setting (left); digital
reconstruction of the environment for decision-making (right).

(shade golden))
(a target
(on shelf-1)
(adjacent-to
(category

(an item

Assuming the system has detected a golden container la-
beled ”CerealBox,” it must determine:

o The optimal method to secure the object.
o The precise three-dimensional placement coordinates.

CRAM subsequently updates its representation with an
object mirroring the size and estimated pose of the cereal box.
The Movelt! planning framework then generates a controlled
trajectory where the gripper moves into proximity, initiates
secure contact with the item, and performs the grasp. A motion
sequence is then planned to transport the box safely away from
the shelf.

For placement, a similar trajectory computation is executed;
however, the final coordinates require precise determination.
The shelving structure contains dimensional details alongside
metadata defining surfaces capable of supporting objects.
Within CRAM, the loosely defined target location is refined
using contextual information and modeled data to generate a
specific six-degree-of-freedom placement coordinate:

Correctly Positioned Items
Pl tA = 5
acement Accuracy Total Objects Handled ®)

This transformation ensures that the robotic system au-
tonomously selects a feasible and efficient arrangement within
the shelving unit, optimizing both spatial constraints and
execution feasibility.

D. Memory Retention and Data Evaluation

For an intelligent system to make autonomous choices,
it must integrate pre-existing structured data with real-time
contextual attributes. While foundational knowledge is system-
atically formulated, transient situational data is often complex
to capture and analyze when interpreting a robot’s decision-
making process.

Within the framework, a robust data archival system is
implemented to log all dynamic influences affecting decision-
making while the robotic system executes its predefined plans.

‘‘BreakfastFoods’’))))



Fig. 4: Processing of perception data for a sample scenario:
(a) Initial image (b) Instance recognition output (c) Processed
results within RoboSherlock (d) Objects designated for ma-
nipulation as interpreted by the robot’s cognitive model.

This accumulated repository of episodic interactions provides
a structured dataset for retrospective assessment of robotic
conduct. Such post-execution analysis aids in identifying latent
discrepancies and refines future decision-making protocols.

The heuristic evaluation of recorded sequences assists in
deducing patterns that remain undetectable during real-time
execution. By leveraging this historical dataset, alternative
courses of action can be simulated to improve strategy for-
mation and enhance overall performance efficiency.

VI. EXPERIMENTAL ASSESSMENT

The performance of the framework is assessed by analyzing
the effectiveness of the generated execution plans derived from
actual sensory input. Additionally,Two operational scenarios
involving a PR2 robot are presented, illustrating the reor-
ganization of items and the decision-making process within
cluttered environments.

A. Configuration

To validate the practicality of the holistic perception and
knowledge-driven manipulation paradigm, The implementa-
tion is carried out on a PR2 robot operating within a simulated
retail environment. As shown in Figure 3] this setting includes
a storage unit resembling those in supermarkets, stocked with a
variety of products differing in size, shape, texture, and weight,
sourced from multiple grocery categories.

The core advantage of the methodology is the endow-
ment of an autonomous system with intelligence-supported
methodologies for restructuring misplaced products within
such storage arrangements. Given an initial configuration and a
target layout, the robot must formulate decisions to accomplish
the rearrangement optimally. Leveraging CRAM, the robot
executes a structured sequence to fulfill its objective:

o Analyzing the existing shelf occupancy and extracting
symbolic representations of detected objects and their
spatial orientations.

o Formulating an optimized sequence of actions to transi-
tion the rack into a pre-defined arrangement.

o Carrying out these tasks through base movement, torso
adjustments, and executing diverse grasping and place-
ment operations.

« Effectively handling execution failures by reassessing the
present conditions, recalculating the motion strategy, and
proceeding with task execution.

During experimentation, a PR2 robot is presented with a
shopping rack containing disorganized items. Following the
computation of a suitable manipulation sequence, the robot
systematically relocates all items to their designated positions.

Series 1 Series 2

Camera Processed Camera Processed

Fig. 5: Various experimental setups displaying different object
placements within a shopping rack. The left side contains the
raw visual input, while the right side represents the system-
processed object identification outputs.

Action A; ;, | Grasp | Position | Torso Adjustment

Base Navigation

Weight w 1.2 1.2 2.0 1.0

TABLE I: Adjusted heuristic weight parameters employed in
the modified A* pathfinding algorithm for computing the total
cost of an execution sequence.

B. Experimental Assessment

The framework is evaluated by examining the effectiveness
of task sequences generated from real-world sensory data.
Furthermore, two execution sequences on a PR2 robot are
presented, highlighting object reorganization and strategic
decision-making in scenarios with occluded items.

C. Experimental Configuration

To validate the effectiveness of the integrated perception
and cognition-driven manipulation approach, The implemen-
tation was carried out on a PR2 robot functioning within a
commercial retail environment. As illustrated in Figure 3, this
setup features a shelving unit similar to those in standard
supermarkets, containing products of varying sizes, textures,
and weights across multiple categories.

The advantage of the methodology lies in endowing an
autonomous robot with knowledge-informed tactics for re-
organizing products in these storage units. Given an initial



layout and a target configuration, the robot must determine the
appropriate manipulative actions. Utilizing CRAM, the robot
is provided with a repertoire of methods to fulfill its objectives:

« Identifying the current state of shelf occupancy, extracting
symbolic data regarding the objects and their positions.

« Formulating an action strategy to transition the rack from
its current state to the intended arrangement.

o Implementing this plan by adjusting the robot’s base,
torso, and executing sequential pick-and-place maneu-
vers.

o Responding dynamically to unexpected failures by back-
tracking, revising the plan, and continuing execution.

In the trials, the robot is presented with a disordered
retail shelf containing misplaced products. After computing
an optimal action strategy, the robot proceeds to reposition all
items to their designated locations.

D. Planning Trials

To highlight the significance of synchronizing system com-
ponents in handling intricate retail shelving scenarios, ex-
amined a collection of representative cases. These scenarios
illustrate how slight modifications in sensory data influence
the planner’s output and subsequent object manipulation.

Figure 5 displays twenty shelf arrangements, categorized
into two distinct groups. Each scenario includes raw camera
input and its corresponding processed data. Variations in object
count and positioning affect perception, resulting in instances
of occlusion (cases 1.b-c, f-j), irregularly shaped objects (cases
1.f, h-j), and stacked formations (cases 2.a, e-f, b-c, i-j). In
some instances, objects were either misidentified or completely
undetected (cases 2.c, e). Table 2 presents the specifics of
planned task sequences based on these 20 cases.

The planner’s objective was to cluster available objects and
evenly allocate them across two shelves. Initially, none of the
objects were positioned correctly.

The cost in Table 2 represents the cumulative expense of
all individual operations, as computed using a modified A*
search algorithm. The associated action costs are detailed in
Table 1. Grasping and placing are relatively straightforward
operations, whereas adjusting the torso requires additional
time. Since execution duration is a key metric for optimiz-
ing shelf organization, torso movements are weighted more
heavily. Conversely, moving the robot’s base is swift, while
transferring an item between hands is more time-consuming.

As indicated in Table 2, task complexity does not signif-
icantly inflate the action cost, but rather extends the com-
putational time required for planning. For example, scenario
2.d was particularly demanding, necessitating 50 seconds for
computation and yielding a total cost of 32.4.

Perceptual inaccuracies do not directly reflect in the plan-
ner’s results. In scenario 2.c, two stacked items were perceived
as a single object, leading to a simpler yet incorrect plan.
Similarly, in case 2.e, lower stacked items were entirely
undetected, resulting in an erroneous final placement and an
artificially low-cost, quickly computed task sequence. Such

discrepancies are mitigated by the failure detection and cor-
rection mechanisms in CRAM. After each manipulation step,
the robot reassesses the scene and recalibrates its approach if
inconsistencies arise.

E. Robot Execution Trials

To validate the practical feasibility of the proposed frame-
work,Multiple trials were performed on a PR2 robot, with the
experimental results depicted in Figure 6. These trials were
structured to highlight the robot’s cognitive capabilities in
organizing objects effectively.

The first experiment (Figure 6, upper sequence) demon-
strates the process of rearranging objects based on similarity.
The initial object placements and the perception results are
depicted in Figure 4. Upon recognizing the objects, the robotic
agent devises an optimized strategy to position similar objects
adjacent to each other. In this instance, it determines that the
pancake mix and tomato sauce should be swapped.

In the second trial, the system showcases its inference-
driven decision-making capabilities when faced with occluded
items requiring manipulation. This is accomplished through
qualitative spatial reasoning based on the robot’s position
relative to the shelf. The robot utilizes its knowledge base to
infer object relationships and deduces that the Lion cornflakes
box is obstructed by a salt container. To retrieve the cornflakes
without interference, the system prioritizes removing the salt
container first.

Fig. 6: Top row: Reorganizing objects based on target ar-
rangement. Left to right: initial object placement, grasping
the pancake mix, holding the tomato sauce, repositioning the
pancake mix, and placing the tomato sauce. Bottom row:
Handling occlusion. Left to right: original object placement,
reaching for the salt, relocating the salt, grasping the cereal,
and moving the cereal.

VII. CONCLUSION

This research introduces an innovative implementation of
intelligence-driven manipulation within a routine setting that
necessitates advanced perception and logical inference abili-
ties.

A fully operational and cohesively integrated system has
been demonstrated, incorporating a cognition-augmented per-
ception module, an optimized planner for reorganization strate-
gies, and the essential manipulation proficiencies within a
robotic architecture. The key challenges addressed in this
scenario encompass various facets of robotics, such as object



recognition in complex settings and the development of goal-
driven methodologies for efficient robotic operations.

The practicality of the approach has been validated using
a robotic agent operating in a setting that mimics real-
world retail scenarios. Presently, assessing the proficiency of
comprehensive robotic frameworks remains a challenge, as
conventional methods focus primarily on evaluating discrete
components. the experimental outcomes highlight the correla-
tion between the outputs of an actual perception system and
the formulation of manipulation strategies for robotic execu-
tion. Establishing a measurable link between environmental
understanding and the effectiveness of robotic plans facilitates
further exploration of alternative methodologies to enhance
robotic functionality.

To summarize, this study underscores the significance of
both sophisticated perceptual frameworks and cognition-driven
strategic planning in achieving autonomous manipulation
within a dynamic and complex real-world setting.
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