American Journal of Artificial Intelligence
2026, Vol. 10, No. 1, pp. 148-157
https://doi.org/10.11648/j.2jai.20261001.23

SciencePG

Science Publishing Group

Research Article

An Efficient and Deterministic Object Recognition System

Huseyin Murat Cekirge®

Department of Mechanical Engineering, The City College of New York (CUNY), New York, USA

Abstract

This paper presents an efficient deterministic framework for small-scale object recognition based on geometric normalization
and invariant-driven elimination. The proposed method avoids training procedures and iterative optimization, operating instead
through structured preprocessing, scalar invariant filtering, and deterministic vector comparison within a compact single-table
vector database. Each object is represented as a feature vector derived from a fixed 7x7 grid and associated geometric descriptors.
Recognition proceeds through a three-stage pipeline: (i) centroid-based translation and scale normalization, (ii) invariant-based
candidate reduction using mass and second-order spatial moments, and (iii) localized orientation refinement followed by cosine
similarity matching. Invariant-driven preselection significantly reduces the candidate set prior to fine comparison, improving
computational efficiency while avoiding exhaustive rotational search. The method is lightweight, reproducible, and free of
stochastic components. Experimental validation on a 100-object prototype library demonstrates stable and accurate identification
under scale variation and controlled rotational perturbations. The results indicate that for structured, low-dimensional pattern
libraries, deterministic geometric reasoning combined with finite database ordering provides a practical and computationally
controlled recognition mechanism. The proposed framework is designed for structured and finite pattern libraries where objects
can be represented through compact grid-based descriptors. In such environments, deterministic geometric preprocessing and
invariant filtering significantly reduce the search space before final similarity evaluation. This allows recognition to be completed
in a single deterministic evaluation cycle without iterative optimization or training procedures. The approach therefore provides
a computationally lightweight alternative for embedded systems, symbolic recognition tasks, and controlled pattern libraries
where structural compatibility can be exploited effectively.
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1. Introduction

Object recognition is commonly addressed through statisti-
cal learning frameworks, including convolutional neural net-
works and gradient-based optimization methods. Comprehen-
sive surveys of statistical pattern recognition describe the
dominance of learning-based approaches in modern systems
[1-4]. While such systems are powerful in complex and high-

variability environments, they typically require training pro-
cedures, iterative parameter updates, and substantial compu-
tational resources.

Before the widespread adoption of deep learning, object
recognition problems were frequently formulated using deter-
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ministic geometric descriptors and distance-based classifica-
tion rules. Foundational work by Hu introduced moment in-
variants capable of providing robustness under translation, ro-
tation, and scale transformations [1]. Deterministic decision
rules and minimum-distance classifiers were systematically
developed within classical pattern classification frameworks
[2]. These approaches established recognition as a structured
comparison problem over finite feature representations rather
than as an optimization trajectory.

Geometric normalization techniques—including centroid
alignment, covariance-based principal axis estimation, and re-
gion descriptors—are extensively documented in standard im-
age processing literature [5-7]. These methods provide effi-
cient preprocessing mechanisms that avoid exhaustive rota-
tional search. In particular, covariance-based orientation esti-
mation enables deterministic alignment via second-order spa-
tial moments. Template matching and normalized correlation
measures further established cosine similarity as a computa-
tionally effective deterministic similarity metric [8].

In constrained environments—such as symbol recognition,
embedded systems, or compact grid-based representations—a
deterministic alternative can provide predictable behavior, re-
duced computational cost, and architectural transparency. Mo-
tivated by classical geometric reasoning, this work proposes a
deterministic object recognition framework tailored for struc-
tured, low-dimensional pattern libraries.

Objects are stored in a single-table vector database in which
each pattern is represented by a fixed-length row-wise flat-
tened feature vector. This representation eliminates the need
for relational joins, hierarchical feature trees, or learned con-
volutional filters. Identification proceeds through structured
elimination rather than exhaustive comparison. The central
idea is to reduce the candidate space using inexpensive geo-
metric invariants prior to performing final vector similarity
evaluation.

The proposed pipeline consists of three principal stages:

1) Geometric normalization, including centroid translation

and scale adjustment;

2) Invariant-based elimination using total mass and second-

order spatial energy to reduce the candidate set;

3) Localized orientation refinement followed by cosine

similarity comparison for final identification.

Rotation is handled deterministically through covariance-
based principal direction estimation, thereby avoiding full 360°
brute-force sweeps. Rotation-invariant scalar descriptors col-
lapse the search space prior to fine comparison, enabling effi-
cient and reproducible matching.

The recognition problem is therefore reformulated as a con-
trolled finite ordering task over a compact compatibility spec-
trum. Rather than approaching a solution asymptotically
through iterative descent, identification is achieved by select-
ing the maximal element of a finite similarity set:

K = arg maxy sk.
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For structured libraries and low-dimensional representa-
tions, deterministic geometric reasoning provides an effective
and computationally controlled recognition mechanism
grounded in compatibility ordering rather than optimization
dynamics.

2. Related Work

Modern object recognition systems are predominantly for-
mulated within statistical learning frameworks. Comprehen-
sive surveys describe the transition from classical rule-based
classifiers to data-driven models trained through optimization
procedures [1]. In contemporary practice, convolutional neu-
ral networks (CNNs) and gradient-based optimization meth-
ods dominate large-scale visual recognition tasks due to their
ability to model high intra-class variability and complex fea-
ture hierarchies [9-17].

These systems operate by minimizing empirical loss func-
tions through iterative parameter updates. Stability and gener-
alization are governed by optimization dynamics, regulariza-
tion mechanisms, and training data distribution. While highly
effective in unconstrained environments, such approaches
typically require substantial training datasets, computational
resources, and hyperparameter tuning.

Prior to the widespread adoption of deep learning, object
recognition was frequently addressed through deterministic
geometric descriptors and explicit distance-based decision
rules. Moment invariants introduced in [2] provided rotation,
translation, and scale robustness without iterative learning.
Extensions and generalizations of moment-based descriptors
further established invariant feature extraction as a principled
deterministic alternative [11, 12].

Classical pattern classification theory formalized mini-
mum-distance and linear decision rules within finite-dimen-
sional feature spaces [3]. In these formulations, recognition is
achieved by evaluating compatibility measures rather than by
optimizing high-dimensional parameter landscapes. Template
matching and normalized correlation techniques later demon-
strated that cosine similarity can serve as an efficient deter-
ministic similarity metric for structured patterns [§].

Geometric preprocessing techniques—such as centroid
alignment, covariance-based principal axis estimation, and re-
gion descriptors—are extensively documented in image pro-
cessing literature [4-7]. These methods enable alignment and
normalization without exhaustive rotational sweeps, thereby
reducing computational complexity prior to classification.

The present work does not aim to compete with large-scale
learning systems designed for high-variability natural images.
Instead, it revisits and systematizes deterministic geometric
reasoning for structured, low-dimensional pattern libraries.
The emphasis shifts from optimization trajectories to finite
compatibility ordering. Recognition is treated as a well-posed
decision problem over a compact similarity spectrum rather
than as the convergence of an iterative learning process.

In this sense, the proposed framework is positioned within
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the classical deterministic tradition of pattern recognition,
while incorporating structured invariant filtering to reduce
computational effort before final similarity evaluation.

The objective of the present study is not to provide a bench-
mark comparison with statistical or learning-based recogni-
tion systems, but to establish the deterministic recognition
framework and demonstrate its structural mechanism under
controlled conditions.

3. Methodology

Unlike classical template matching, which performs ex-
haustive similarity comparison across all stored patterns, the
proposed deterministic framework reduces the candidate set
through invariant-based elimination prior to the final cosine
similarity evaluation.

3.1. Library Construction and Database
Structure

Each object is represented as an N x N real-valued matrix

AW € RN k=1,...,. M (1)
For the prototype system, N =7 and M = 100.
Each matrix is flattened using a consistent row-wise order-
ing into a vector

vk € RN? 2)
defined by
v = vec(A®) 3)
ForN=7,
vk & R# 4)

Each object is assigned a unique identifier (UID).
The library is stored in a single-table vector database of the
form:
UID [ fi | f2] ... | 2 5)
where fi denotes the i-th flattened pixel value.
Optional scalar invariants (mass, energy) may be stored as
additional columns.

3.2. Library Matrix Form

All object vectors are stacked column-wise to form the de-
terministic library matrix
For the 7x7 prototype,

L [= R49x 100

(6)
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Recognition is therefore reduced to structured matrix—vec-
tor operations.

3.3. Blind Object Representation

A query object is represented as

B € RWN @)
Flattened into

b € RN ®)

b = vec(B) ©)

3.4. Geometric Normalization

The blind object undergoes deterministic preprocessing.
Mass (zeroth moment):

Mo =Y b (10)
Centroid:
xc=(Qlixibi)) /Mo, ye= Qi yib)/ Mo  (11)
Translation to centroid:
X'=X-Xc (12)
Y=Yy (13)
Scale normalization:
x=AX (14)
y=rY' (15)

where A ensures containment within the fixed N x N grid.
If rotation handling is required, orientation is estimated via
the covariance matrix

_ [Hz20

I et p’“]

1
Hoz (16)
The principal direction is obtained from the eigenvectors of
C.
Only a small angular vicinity is evaluated, avoiding exhaus-
tive rotation.

3.5. Deterministic Elimination Stage

Two scalar invariants are computed:
Mass:

M=Y;bi (17)


http://www.sciencepg.com/journal/ajai

American Journal of Artificial Intelligence

http://www.sciencepg.com/journal/ajai

Radial energy:
E=3%;(x?+y?) bi (18)
Preselection is performed using tolerance windows:
IM-M®|<3 (19)
|[E-E0|<e (20)

This reduces the candidate subset prior to full similarity
evaluation.

3.6. Deterministic Matching

Each library vector is normalized once:

Yo =yl / f/v® // (21)
The blind vector is normalized:
b=b/ /b// (22)
Cosine similarity is computed as:
s =bT v (23)
In matrix form:
s=LTh (24)
where s € RM.
Recognition is performed by:
R = arg maxi sk (25)

The UID corresponding to K is returned.

3.7. Structural Decision Operator and Well-
Posedness

The identification stage is governed by the deterministic op-
erator (25).

For a finite library of size M, define the compatibility spec-
trum

S = {sq, S3, ..., SM}. (26)

Recognition reduces to selecting the maximal element of S,
because S is finite, a maximal element always exists. There-
fore, recognition is not formulated as a search trajectory in pa-
rameter space but as a finite ordering problem over a discrete
compatibility spectrum.

Uniqueness

Let s; denote the similarity score between the query object
and the j-th library element.
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Let k* denote the true class index and K denote the esti-
mated index obtained by the maximization rule

kR = arg maxi sk. (27)
If there exists k* such that
s* > s for all j # k*, (28)
then the solution is unique and
R=k* (29)
Stability
Define the spectral gap
0 = si* — maxA* s;. (30)

The quantity 6 measures the separation between the correct
class and its closest competitor. If & > 0 and the compatibility
scores depend continuously on the input representation, then
perturbations smaller than &2 preserve the ordering of the
scores. Consequently, the index k remains invariant under suf-
ficiently small input perturbations.

Existence follows from finiteness of S. Uniqueness follows
from strict dominance. Stability follows from positive spectral
separation.

Hadamard Well-Posedness

Existence follows from the finiteness of the score set S.

Uniqueness follows from strict dominance (28).

Stability follows from positive spectral separation 6 > 0 and
continuity of the score mapping.

Therefore, the deterministic decision problem is well-posed
in the sense of Hadamard.

3.8. Deterministic Rotation Handling

In structured grid-based representations, rotational variabil-
ity may degrade direct vector comparison. To avoid brute-
force angular sweeps, orientation is estimated deterministi-
cally using second-order spatial moments.

Covariance matrix:

_ [OXX OXy
3= [ny oyy G1)

Principal axis orientation:
0 = (') arctan(20xy / (Oxx — Oyy)) (32)

The blind object is rotated by —0 for coarse alignment. Op-
tional refinement within a small angular vicinity may be ap-
plied if necessary.

For symmetric patterns where the principal direction is am-
biguous, orientation filtering is bypassed and structural com-
patibility is resolved directly via cosine similarity.


http://www.sciencepg.com/journal/ajai

American Journal of Artificial Intelligence

http://www.sciencepg.com/journal/ajai

3.9. Efficient Telescopic Elimination

Recognition may be further accelerated through staged
elimination.

Let
D= {815 SZ) (RS} SN} (33)
Each sample
Si € Rm, where m=n X n. (34)
A partition operator
Pk: Rm — Rmk (35)
with
m =X mk (36)
defines structured components.
Sequential Elimination Structure
Initial candidate set;
Co=D. 37)
Here, D denotes the full library (database).
At stage k
Cc={Si € Ci1]di(Si, Q) <t }. (38)
where
Q is the query object,
Si are library elements,
di(+,") denotes the stage-k compatibility metric,
Tk is the threshold at stage k.
Monotonic Reduction Property
Each stage reduces the candidate set:
CicCii c ... € Co. 39)
If 1« is properly chosen, then
|G < |Cyl. (40)

Strict inequality holds whenever at least one candidate is
eliminated at stage k.

Cardinality Decay
|Co| =N 41)
|Ci] « N (42)
Cof < |G| (43)
ICK|~1 (44)
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This produces geometric shrinkage rather than brute-force
comparison.

Rotation, if required, is applied only after substantial reduc-
tion of the candidate set.

4. Numerical Example (3%x3 Prototype)

To illustrate the deterministic recognition procedure in its
most elementary algebraic form, consider a minimal 3%3 bi-
nary prototype library. This example serves as a complete
structural sanity check of the formulation introduced in Sec-
tion 3.

4.1. Library Construction

Let the three stored objects be denoted by X, T and +.
Their matrix representations are:
0
1
0

111 0
, AP =10 1 0of, A9=-|1
010 0
Each object is flattened row-wise into a 9-dimensional col-

101 1
AV =10 1 0 1
101 1

Figure 1. The matrices of the library.

umn vector.
vO=[100110000] (45)
vo=[010111010] (46)
v&=[001011001]" (47)

The library matrix is constructed by stacking the vectors
column-wise:
L=[vhv@vyv®] € R (48)

Thus, each column of L corresponds to one stored object in
the database representation.

4.2. Blind Object

Library matrix:

10
1 0| cR¥
01

el —

11 01
1 011
01 01

U o~ S
- o =

Figure 2. The library matrix and database table without UID.

After row-wise flattening:
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b=[010111010]" (49)
4.3. Elimination Using Mass
Define the mass ({4 content) of a binary object as
M=3%ib (50)

where bi € {0,1} denotes the binary pixel value at index i.
For the blind object:

M=5. 51

The mass represents the total number of active pixels and

constitutes a rotation- and translation-invariant scalar de-

scriptor.
The stored objects have masses:

vi=3 (52)
V=5 (53)
V=3 (54)

Using a strict mass window & = 0, only object 2 satisfies the
equality constraint. Therefore, deterministic elimination alone
identifies the correct candidate before any similarity compu-
tation.

If elimination is intentionally bypassed, we proceed to co-
sine similarity evaluation.

4.4. Deterministic Cosine Matching

The Euclidean norms are:

| vil=+3 (55)
| vl =5 (56)
I vil=+3 (57)
Ibll =45 (58)
Normalized vectors:
T =v!/ /3, (59)
V@ =v2/ 4[5, (60)
VO =v3/ /3, (61)
b=b/+5. (62)

Since b = v, cosine similarities are computed as
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s, = bT v, (63)
Dot Products
v@ ey =2 (64)
v ey =3 (65)
v® ey =2 (66)
Thus,
s1=2/+4/3 /5 =0.516 (67)
s2=1 (68)
s3=2/+43 +/5=0516 (69)
4.5. Recognition Result
The similarity spectrum is
s1=0.516 (70)
s2=1 (71)
$3=0.516 (72)
Therefore,
k= arg maxy Sk = 2 (73)

The system deterministically identifies object 2 with maxi-
mum cosine similarity equal to 1.

Structural Interpretation

This prototype verifies:

1) Correct row-wise vectorization

2) Proper database matrix construction

3) Exact £, normalization

4) Accurate cosine similarity computation

5) Deterministic arg max selection

No gradient descent, no loss minimization, and no proba-
bilistic modeling are involved. The recognition emerges di-
rectly from algebraic structure.

5. 7x7 Structured Pattern Library and
Experimental Evaluation

5.1. Library Definition

A structured library of 20 deterministic 7x7 binary patterns
was constructed.
Each object A® & R™ was flattened row-wise into


http://www.sciencepg.com/journal/ajai

American Journal of Artificial Intelligence

http://www.sciencepg.com/journal/ajai

v & R#, (74)

The library contains both symmetric and asymmetric geo-

JOoolooc oo oL
Jgocoloaoc Laoaodoo0o 10
I N R B B D I T B A 1 i |
L111111 Do 1000
ooolooc D10 14a0D
oo i1o0DcC Loon i1n
Jgocoloaoc Doaoonoad L
L.Full Cross 2. X Shape

metric structures in order to create controlled structural diver-
sity without randomness.

The patterns are defined as follows:

Lii1it111 OooDoi10 00
Looooonal oni1io0om
Luuul U1 LI I 10
Lo oDooao1 11 111 11
) IR I U I s o1 311110
LooooZo1 gonopiio0on
L111111 oo oi1n0o0an
3. Hollow Square 7. Diamond

Figure 3. Structured 7 %7 deterministic pattern library used for the experimental evaluation.

4. Filled Square — All entries equal to 1.

5. Vertical Bar — Column 4 = 1, all other entries 0.

6. Horizontal Bar — Row 4 = 1.

7. The figure is above.

8. Small Center Dot — Only (4,4) = 1.

9. Two Vertical Bars — Columns 2 and 6 = 1.

10. Two Horizontal Bars — Rows 2 and 6 = 1.

11. T Shape — Row 1 full + column 4 downward.

12. Inverted T — Row 7 full + column 4 upward.

13. I Shape — Column 1 + row 7.

14. Reverse L — Column 7 + row 7.

15.U Shape — Columns 1 and 7 + row 7.

16. Inverted U — Columns 1 and 7 + row 1.

17. Thick Diagonal — Three-pixel thick main diagonal.

18. Frame with Cross Inside — Hollow border + center
Cross.

19. 3x3 Filled Block Centered — Middle 3x3 region = 1.

20. Four Corners Only — (1,1), (1,7), (7,1), (7,7) = 1.

The library matrix is defined as

L=[v)v® . v@®)] € R#x2 (75)

Each object was stored in a single-table database structure
with a unique identifier (UID).

No secondary tables or relational joins were used.

The design deliberately includes:

1) Purely symmetric structures

2) Orientation-sensitive asymmetric shapes

3) Sparse and dense patterns

4) Corner-only and frame-based geometries

ensuring controlled spectral and structural variation.

For clarity, the structured 7x7 pattern library used in the ex-
periments is illustrated in Figure 3, providing a visual refer-
ence for the deterministic recognition process described in this
section.

5.2. Stage I — Baseline Deterministic Validation

Each of the 20 stored objects was used once as blind input
without rotation or perturbation.

Procedure:

1) Row-wise flattening

2) Unit Euclidean normalization
3) Cosine similarity computation

S, =DbT v® (76)

Decision rule:

k = arg maxq sk. 77)

Result:

Correct identification was obtained for all tested instances.
This confirms:

1) Correct flattening

2) Correct database storage

3) Proper {, normalization

4) Deterministic cosine evaluation

No stochastic element or optimization process was involved.
Recognition emerges directly from algebraic structure.

5.3. Stage II — Rotation Robustness Evaluation

To evaluate geometric robustness, rotated versions of each

object were generated at £10°.

The rotated images were re-sampled onto the 7x7 grid and

provided as blind inputs.

Two deterministic strategies (Section 3.8) were evaluated.
Strategy A — Alignment-First

For each rotated input:

1) Centroid computation

2) Covariance matrix estimation

3) Principal-axis orientation computation

0 = (!%) arctan(20xy / (Oxx — Oyy))

4) Coarse rotation by —0

5) Cosine similarity evaluation

No full 360° sweep was performed.

Observation:

For asymmetric patterns, orientation was correctly esti-

mated and cosine similarity peaked at the correct index.
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For symmetric patterns, orientation ambiguity did not affect
recognition because cosine similarity remained discriminative
under symmetry.

Strategy B — Elimination-First

For each rotated input:

Mass window filtering

Radial energy filtering

Optional partition-based elimination

Candidate reduction (20 — approximately 3—5 objects)

Orientation estimation applied only to reduced subset

Cosine similarity evaluation

Observation:

Significant candidate reduction was achieved before any ro-
tational alignment was performed.

Recognition remained correct for all tested cases.

5.4. Efficiency Analysis
Without elimination, similarity is computed as

s=LTb (78)

requiring comparison with all 20 objects.
With invariant filtering, the candidate set shrinks geometri-
cally:

ICo| = 20 (79)
ICi| « 20 (80)
ICa = 3-5 (81)

Rotation, when applied, is restricted to this reduced subset.

This constitutes structured shrinkage rather than brute-force
search.

Structural Interpretation of the 7x7 Experiment

The experiment demonstrates:

1) Deterministic recognition without training

2) Rotation handling without angular sweep

3) Database shrinkage via structural invariants

4) Stability governed by spectral separation

Recognition is completed in a single evaluation cycle.

The framework operates through algebraic ordering and in-
variant filtering rather than iterative convergence.

The objective of this study is to establish and demonstrate
the deterministic recognition framework rather than to bench-
mark large statistical datasets. For this reason, controlled
structured pattern libraries (3%3 and 7x7) were intentionally
used as prototype systems to verify the invariant filtering
mechanism and deterministic cosine matching process in a
transparent and reproducible manner.

Since invariant filtering reduces the candidate set prior to
similarity evaluation, the effective computational cost grows
significantly slower than the library size, which supports
scalability for larger structured pattern libraries.
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6. Conclusion

This work introduced a deterministic object recognition
framework based on structural compatibility and finite order-
ing rather than iterative optimization.

The identification stage is governed by the structural deci-
sion operator

K = arg maxq s,

which selects the maximal element of a finite compatibility
spectrum.

The decision problem is well-posed when:

1) The compatibility spectrum is finite (existence)

2) A strict dominance condition holds (uniqueness)

3) A positive spectral gap exists (stability)

Stability is therefore encoded in structural separation rather
than in convergence dynamics. The spectral compatibility gap
plays a role analogous to curvature in optimization-based sys-
tems, but without requiring descent trajectories or iterative re-
finement.

Experimental validation on structured 3x3 and 7x7 libraries
confirms:

1) Correct matrix-to-vector representation

2) Deterministic cosine-based matching

3) Rotation handling without angular sweep

4) Candidate reduction via invariant filtering

5) Fully reproducible identification

The framework replaces iterative energy expenditure with
structural preconditioning and finite comparison, completing
recognition in a single evaluation cycle.

In contrast to training-based approaches, the solution is not
approached asymptotically. It is identified directly through al-
gebraic ordering.

The presented methodology demonstrates that small-scale
structured recognition can be formulated as a well-posed de-
terministic decision problem governed by compatibility ge-
ometry rather than optimization dynamics.

This work does not seek to replace optimization-based
learning systems. Instead, it demonstrates that for structured
small-scale recognition problems, deterministic compatibility
and finite ordering may suffice without iterative training.

Beyond its experimental validation, the framework clarifies
a conceptual point: recognition need not be formulated as tra-
jectory minimization in parameter space. When the object set
is finite and structurally separated, identification reduces to a
compatibility ordering problem over a discrete spectrum. The
operator

A

k = arg maxy sk

acts as a finite decision selector rather than as the endpoint of
an optimization path. Stability is ensured by the spectral com-
patibility gap A = sy — S(2), Where sy and s¢zy denote the
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largest and second-largest compatibility values. A strictly pos-
itive A guarantees robustness under bounded perturbations
without requiring iterative correction. In this sense, determi-
nation replaces convergence, and ordering replaces descent.
The results demonstrate that, for structured small-scale librar-
ies, recognition can be achieved through algebraic separation
and invariant filtering rather than through iterative energy
minimization.

For structured, low-dimensional libraries, deterministic ge-
ometric reasoning combined with invariant filtering provides
a computationally controlled alternative to optimization-based
methods.

The presented framework also clarifies a conceptual dis-
tinction between deterministic recognition and optimization-
based learning systems. In the proposed formulation, identifi-
cation is not obtained through a trajectory of parameter up-
dates but through a finite compatibility ordering over a dis-
crete object library. Once the representation is constructed and
the invariants are computed, recognition reduces to selecting
the maximal compatibility element in a finite set. This struc-
tural interpretation emphasizes that, in controlled environ-
ments with finite pattern libraries, object recognition can be
formulated as a well-posed deterministic decision problem ra-
ther than as an iterative optimization process.

7. Limitations and Future Work

Despite its structural clarity and deterministic guarantees,
the present framework operates under controlled assumptions
that bound its applicability.

First, the experiments were conducted on structured binary
patterns with moderate dimensionality (3%3 and 7x7). While
the algebraic formulation extends naturally to higher dimen-
sions, computational scaling and spectral crowding effects re-
quire further investigation.

Second, rotation handling relied on principal-axis estima-
tion derived from second-order moments:

0 = (!%) arctan(26xy / (Gxx — Oyy))-

This approach is effective for moderate rotations and non-
degenerate covariance structures. However, highly symmetric
patterns may produce orientation ambiguity, necessitating sec-
ondary disambiguation mechanisms.

Third, robustness was evaluated under bounded perturba-
tions and limited resampling noise. Large geometric distor-
tions, severe occlusion, or non-binary intensity variations
were not considered in the present study.

Fourth, the framework assumes a finite, explicitly stored
object library. The method does not address continuous class
generalization or large-scale statistical learning scenarios
where model abstraction replaces explicit storage.

Future work may explore:

1) Extension to multi-level (non-binary) intensity patterns

2) Integration of deterministic partition hierarchies for

larger libraries

3) Spectral gap analysis under structured noise models

4) Hybrid architectures combining invariant filtering with
learned embeddings

5) Formal perturbation bounds expressed in terms of A
and | &b |l

A theoretical investigation of spectral separation conditions

ensuring uniqueness,

A>0, (82)

in higher-dimensional structured spaces would further
strengthen the deterministic foundation of the method.

Abbreviations

Cx Candidate Set at Stage k

CNN Convolutional Neural Network
DB Database

K Estimated Class Index

k* True Class Index

L, £, Norm (Mass / Zeroth Moment Content)
02 Euclidean Norm

PCA  Principal Component Analysis
Sk Cosine Similarity Score

UID  Unique Identifier

A Spectral Compatibility Gap

z Covariance Matrix
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