
An Attention-Enhanced Student–Teacher Framework for
Structural and Logical Anomaly Detection in Industrial

Settings

by

Hafiz A. Amjad

A thesis submitted to the
School of Graduate and Postdoctoral Studies

in partial fulfillment of the requirements for the degree of

Masters of Science in Computer Science

Faculty of Science
University of Ontario Institute of Technology (Ontario Tech University)

Oshawa, Ontario, Canada
August, 2025

© Hafiz A. Amjad 2025



Thesis Examination Information

Submitted by: Hafiz Arslan Amjad

Master of Science in Computer Science

Thesis Title: An Attention-Enhanced Student–Teacher Framework for

Structural and Logical Anomaly Detection in Industrial Settings

An oral defense of this thesis took place on August 14, 2025 in front of the following

examining committee:

Examining Committee:

Chair of Examining Committee: Dr. Alvaro Quevedo

Research Supervisor: Dr. Faisal Qureshi

Examining Committee Member: Dr. Bill Kapralos

Thesis Examiner: Dr. Patrick Hung

The above committee determined that the thesis is acceptable in form and content and

that a satisfactory knowledge of the field covered by the thesis was demonstrated by the

candidate during an oral examination. A signed copy of the Certificate of Approval is

available from the School of Graduate and Postdoctoral Studies.

ii



Abstract

In this work we introduce AeCSAD, a student–teacher framework designed to detect two

types of anomalies in images of industrial components: structural anomalies (physical de-

fects) and logical anomalies (incorrect relationships between components). Unlike prior

methods, AeCSAD extends the component segmentation–based logical anomaly detec-

tion scheme (c. 2024) with self-attention mechanisms, enabling more effective relational

modeling. We demonstrate consistent improvements on the MVTec LOCO Anomaly

Detection benchmark. Specifically, AeCSAD employs a global student network with

self-attention for reasoning across distant components, complemented by a local student

network for fine-grained analysis. Additionally, a patch histogram module measures the

frequency distribution of components, allowing the system to detect irregularities in their

occurrence. During inference, anomaly scores from the histogram module and the fused

local–global networks are combined to produce the final anomaly score. Experiments

show that AeCSAD achieves superior average AUROC performance on both structural

and logical anomaly detection tasks compared to prior approaches.

Keywords: industrial visual inspection; logical anomaly detection ; self-attention

mechanism; student-teacher architect;
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Chapter 1

Introduction

The modern world is sustained by industries that drive economic growth, technological

advancement, and societal development. Among these, manufacturing industries form

a backbone, enabling the production of goods, infrastructure, and essential technolo-

gies [1]. As industrial systems become increasingly complex and interconnected, ensur-

ing their efficiency has become a central concern [2]. Even when these industrial systems

are designed with precision, real-world operations often face unpredictable influences [3].

Small shifts in material properties, mistakes in how components are put together, miss-

ing pieces, unexpected objects entering the system, or gradual damage over time can

all disturb normal behavior. These unexpected changes, referred to as anomalies, can

seriously affect the performance, safety, and quality of industrial processes. Given the

consequences of undetected anomalies, the ability to identify them has become essen-

tial for maintaining operational integrity. This critical need has given rise to the field of

Anomaly Detection (AD), which focuses on recognizing patterns of behavior that deviate

from expected norms [4].
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1.1 Industrial Settings for Anomaly Detection

In many industrial settings, the ability to detect anomalies through images is crucial

not only for identifying visible defects, such as surface damage, but also for uncovering

logical inconsistencies, such as misplaced objects [5]. In this thesis, we define indus-

trial settings as manufacturing and assembly environments characterized by controlled

imaging conditions. These environments typically include automated or semi-automated

inspection systems that analyze images of object assemblies or parts with well-defined

structural, spatial, or relational layouts. Defects in such settings are rare but diverse, and

the systems are expected to maintain low false alarm rates while detecting both physical

defects and semantic inconsistencies. Within this context, our work focuses on enhancing

the performance of visual inspection systems in these settings through Visual Anomaly

Detection (VAD) [6] which refers to analyzing images or videos to detect instances where

the observed visual characteristics diverge from the learned normal cases [4]. Figure 1.1

presents a high-level overview of a VAD.

The process begins with the extraction of representative features from input and test

image that capture the visual characteristics of the scene. During training, only normal

samples are used to model the expected appearance and behavior of components. At

test time, newly observed images are compared with the learned normal patterns using

various anomaly scoring techniques such as L2 distance (measuring pixel-wise or feature-

wise deviations), Cosine similarity (assessing angular differences in feature space), or

reconstruction error (evaluating the discrepancy between the original image and its re-

constructed version. The resulting anomaly map and score are then processed through

decision heuristics to determine whether the observed deviation constitutes, e.g., physical

damage or semantically inconsistent elements. As illustrated in the overview, the final

stage of the detection process involves interpreting the nature of the anomaly, which re-

quires a clear distinction between fundamentally different types of anomaly. Recognizing

these anomalies is critical, as the nature of an anomaly often determines the most effec-
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Anomaly Scoring (Testing)

Structural vs Logical 
Anomaly Classification

Common Scoring Metrics
● L2 Distance
● Cosine Similarity

               :
               :
● Reconstruction Error
● Log-Likelihood

Classification Heuristics
● Geometric Deformations → Structural
● Symmetry Violations → Structural

               :
               :
● Relational Irregularities → Logical
● Counting Irregularities → Logical

Normal Image

Anomaly & Score

Structural Anomaly Logical Anomaly

Test Image

Feature Extraction

Training Phase

Te
st

in
g 

Ph
as

e

Normality Modelling

Figure 1.1: High-level overview of a visual anomaly detection pipeline. The system ex-
tracts features from input images and uses normal training data to learn typical patterns.
At test time, anomaly scores and maps are produced and classified as either structural
or logical anomalies using heuristic-based decision logic.

tive strategies for its detection. Consequently, two important subcategories of anomalies

arise, namely structural anomalies and logical anomalies.

1.2 Structural and Logical Anomalies

Structural anomalies are linked to geometrical properties. The geometrical properties

describe the shapes, proportions, and structural patterns that objects maintain under

normal conditions. This type of anomaly typically manifest as visible distortions, ir-

regular shapes, abnormal textures, or misalignments within an object’s structure [6].

An example of structural anomaly is shown in Figure 1.2. The detection of structural

anomalies focuses on identifying these disruptions by modeling and analyzing the normal

geometric consistencies found in non-defective samples [7].

On the other hand, logical anomalies arise when the relationships, arrangements, or

sequences among multiple visual elements violate the expected logical pattern. In this

context, logical refers to the correctness of how multiple objects or components of objects

are connected, combined, or ordered according to predefined rules [5]. Unlike structural




