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Abstract—Flat roofs are among the most influential com-
ponents of the building envelope, governing both structural
performance and thermal efficiency, and thereby contributing
directly to household energy consumption, carbon emissions,
and long-term environmental sustainability. Timely detection of
roof defects is essential for reducing heating and cooling losses,
preventing moisture-driven degradation such as mold growth,
and supporting national climate-change mitigation goals. This
paper presents a real-time, Unmanned Aerial System (UAS)-
based deep learning framework that autonomously detects de-
fects using live imagery captured during dual-altitude aerial
passes. The multi-resolution flight strategy is designed to aid
the identification of both small, fine-scale defects and larger
structural issues, enabling more comprehensive assessments. To
meet the strict computational and power constraints of embedded
UAS hardware, the proposed framework integrates a tile-based
architecture with a lightweight Convolution Neural Network-
Support Vector Machine (CNN-SVM) classifier designed for low-
latency onboard inference. Each image tile is classified as defec-
tive or non-defective, and the model performs tile-level binary
classification rather than pixel-wise semantic segmentation. The
final model-comprising five convolutional layers and four dense
layers, the last a linear SVM head, achieved a mean test accuracy
of 94.4% (95% confidence interval =0.4% over three seeds) on a
photo-level split (43,383 training, 3,869 validation, and 2,540
test tiled and augmented images), outperforming GoogLeNet
(89.2%) and AlexNet (79.8%). Experimental evaluations using
real UAS imagery collected by onsite visits with DJI Matrice
350 RTK drone demonstrate that the system supports rapid,
repeatable, and safe roof inspections while reducing human
risk, lowering operational costs, and enabling more sustainable
building maintenance.

Index Terms—CNN-SVM, Machine Learning, Unmanned
Aerial System, Detection, Rooftop Defect, Computer Vision.

I. INTRODUCTION

Roofing is a critical component of the building envelope,
protecting interior spaces from weather while regulating in-
door climate and energy flow. As the primary thermal and
structural barrier of a building, the roof not only prevents
water intrusion but also plays a significant role in national
energy efficiency, public health, and long-term environmen-
tal sustainability. Because roof maintenance and replacement
are cyclical, a healthy, well-performing roof directly reduces
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heating and cooling demands, thereby lowering both house-
hold energy consumption and associated carbon emissions.
According to the 2025 report of Natural Resources Canada,
heating and cooling account for roughly 65% of residential
energy use [1], making the thermal integrity of roof systems
central to climate-change mitigation goals of every country.
Aging or damaged roofs reduce energy efficiency and often
allow moisture ingress, which degrades insulation performance
and drives up energy demand [2], [3]. Solar absorption
further affects thermal loads, for instance, buildings in the
province of Alberta receive on average 3.77 kWh/m? and
2,506 hours of solar energy annually [4]. Conventional asphalt
roofs absorb substantial heat which is an effect that worsens
with age, while modern reflective membranes and green roofs
reduce heat gain, cooling buildings and lowering fossil-fuel-
based energy consumption [5]. Improved roof performance
thus contributes directly to national emissions reductions and
cleaner air through lower energy usage with lower costs for
energy production and transmission, and better air quality [6].
For instance, Fig. | presents electricity energy generation, total
GreenHouse Gas (GHG) emissions, and air quality trend in
Canada over the last two decades, revealing large amount
of GHG emissions. Given that roofs constitute one of the
largest exposed surfaces on a building, addressing any issues
with the roof, maintaining, or upgrading the insulation rating
of the roof system offers a cost-effective and high-impact
strategy for reducing household carbon footprints worldwide
[7], promoting national and global sustainability through lower
energy consumption and greenhouse gas emissions.

Roof Systems: Urban areas are increasingly affected by
the Urban Heat Island (UHI) effect, where city temperatures
can be 1-4°C higher than those of surrounding rural areas un-
der the same climate conditions [21], [22]. This phenomenon
results from the prevalence of artificial dark surfaces, such as
asphalt, concrete, and dark roofing materials, which exhibit
low reflectivity and absorb large amounts of solar radiation.
In contrast, rural areas feature lighter-colored surfaces, vege-
tation, and soil, which reflect more sunlight and absorb less
heat, leading to cooler ambient temperatures. The UHI effect
exacerbates urban energy consumption, reduces air quality,
and negatively impacts public health and sustainability, and in
turn more GHG emissions. To mitigate these impacts, urban
planners increasingly emphasize the adoption of cool roof
strategies, both in new constructions and through maintenance

S. Dunthorne and H. A. Hashim, ”TileNet: Tile-based CNN-SVM architecture for autonomous unmanned aerial systems inspection of flat roofs,”
Journal of Safety Science and Resilience, pp. 100364, 2026. doi: 10.1016/j.jnlssr.2026.100364


https://doi.org/10.1016/j.jnlssr.2026.100364
https://arxiv.org/abs/2609.13013v1

Electricity Generation by Source, Canada, 2023

0% Oil

Natural Gas 15%

= Hydro / Wave / Tidal
= Wind
= Biomass / Geothermal

Coal & Coke
3%

= Solar
= Uranium Ur:;;lm
= Coal & Coke :

= Natural Gas
m Oil
Solar

2%
Biomass / Geothermal
1%

(a)

Total greenhouse gas emissions in Canada
soo - (megatonnes of carbon dioxide equivalent)

GHG Emissions
(o2}
o
o

550
1990 1995 2000 2005 2010 2015 2020
(b)
Nitrogen oxides, sulphur oxides and particulate

matter emissions forecast (Tonnes)
120000

100000
80000

Tonnes

60000
40000
20000

0
2005 2007 2009 2011 2013 2015 2017

—8—NOx —@—SOx —8—PM25

(c)

Fig. 1: Energy generation and its effects: (a) Electricity Production in Canada, 2023 by source [8], (b) GreenHouse Gas (GHG)
emissions in Canada, 1990 to 2023 [9], (c) Air quality trends in Ontario since 2005 [10].
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Fig. 2: Roofing issues broken down by: (a) occurrence per region in the Northern Atlantic [11]-[18], (b) Major Issue Types

[11], [19], [20] and, (c) Minor Issues Types [11], [19], [20].

of existing roofs [23]. Cool roofs may include vegetated
(green roofs), which incorporate soil and foliage, or reflective
materials such as white Thermoplastic Polyolefin (TPO) mem-
branes that lower solar absorptance. These approaches reduce
building cooling loads, with studies reporting reductions of up

to 34% [24]. Roof systems also play a critical role in moisture
management. Uncontrolled moisture infiltration through cracks
or defects in the roofing layers can lead to mold growth, posing
health risks to occupants, particularly those with respiratory
vulnerabilities [25]. Wet insulation loses thermal efficiency



and becomes a breeding ground for mold and spores, which
can disperse throughout the building via HVAC systems,
attic ventilation, or other gaps between living spaces and
the roof. Effective moisture control is therefore essential not
only for energy efficiency but also for maintaining indoor
air quality and overall building livability. Roofs serve as the
primary barrier of the building envelope, and their integrity is
particularly critical in regions subject to freeze-thaw cycles,
heavy precipitation, and other extreme climatic conditions
[51, [71, [21], [22]. Roofing degradation varies by geography,
influenced by factors such as high-velocity winds in North
America or chronic moisture exposure in Northern Europe.
Roofing defects can generally be categorized into two types:
Major defects involve structural or system failures, including
catastrophic wind uplift, significant moisture intrusion, or ice
dam formation, requiring immediate intervention and often
incurring substantial costs and insurance claims; and Minor
defects, typically addressed through routine maintenance rather
than replacement, may appear cosmetic, such as moss or
algae growth, granular loss, flashing deterioration, or drainage
blockages, but can act as early indicators of potential envelope
failure. Data from Northern Atlantic countries indicate that
while the total number of roofing issues per 1,000 homes
remains relatively consistent across regions, the distribution
of defect types varies depending on local climate and roof
system characteristics (Fig. 2.(b) and 2.(c)). This highlights
the universal nature of roofing challenges and the importance
of proactive maintenance strategies.

A. Related Work

Roofing system performance can be optimized through
regular preventative maintenance and timely replacement. Re-
cent advances have extended the lifespan of roofing systems
from 10-20 years to over 25 years [26]. Given the ongoing
challenges of human-induced climate change, including en-
vironmental degradation, mass species extinction, and forced
migration, reductions in carbon emissions, even at the house-
hold level, contribute to broader mitigation efforts. In Canada,
while the energy production sector has transitioned toward
cleaner sources, 19% of annual energy production remains
fossil-fuel-based (see Fig. 1.(a)), and air quality improvements
in Ontario are largely attributed to the closure of coal-fired
plants and adoption of green energy sources (see Fig. 1.(b)
and (c)) [10]. Currently, roof inspections are performed via
visual observation, often supplemented by thermal imaging, or
through physical and destructive testing [27]. Physical testing
involves probing membranes or flashing, while destructive
methods determine installation layers and system composi-
tion. Inspectors rely heavily on experience and manufacturer
documentation to identify defects, and the complex variability
of flat roofing systems can require years of training. High
wages and hazardous working conditions roofing accounts
for roughly one-third of construction-related deaths in the
United States between 1992 and 2009 [28] motivate the
adoption of Unmanned Aerial Systems (UASs) for inspections
[29]. UAS-based inspections reduce risk, save man-hours, and
allow rapid, repeatable data collection. When combined with

deep learning models, UAS can generate accurate, timely
assessments of roof conditions without relying on extensively
trained human inspectors [29], [30]. Modern imaging systems
are increasingly capable of complementing or replacing human
vision through 3D machine vision and multisensor electro-
optical and infrared systems [31], [32]. UAS provide a versa-
tile platform for deploying these technologies, enabling RGB
and infrared imagery capture with six degrees of freedom,
from vantage points otherwise inaccessible [29], [33], [34].
Deep learning models, trained on UAS-acquired data, can
classify roof surfaces and detect defects despite variations in
size, shape, or color [35], [36]. The typical workflow involves
UAS-based image capture, local processing, and transmission
of predictions for operator review and later retrieval, a method-
ology proven effective in other domains [33], [37].

Need for Autonomy Detection: Real-time autonomous
roof inspection demands high model accuracy and low-latency
processing. Although modern GPUs have enhanced onboard
computation, most UAS platforms remain constrained by
power, weight, and limited capacity to process high-resolution
imagery (e.g., 4,032x 3, 024 pixels). Model training is feasible
on ground-based resources, but real-time inference onboard
remains challenging. Progress is further limited by a lack
of defect-labeled datasets and by environmental factors, such
as shadows, cloud cover, and precipitation that reduce de-
tection reliability. High-altitude imaging from satellites or
manned aircraft also lacks sufficient spatial resolution. While
inspections can be performed at close range, UAS-based
inspections are typically conducted at altitudes of 5 to 25
m [38]. Deep learning performance is tied to network scale
and design: larger architectures improve feature extraction
but increase processing latency, which is critical for UAS
operations. Dataset expansion and augmentation can enable
smaller, more efficient models to achieve comparable accuracy.
However, creating high-quality training data is labor-intensive
and requires domain expertise, as flat-roof defects and healthy
installations often appear visually similar.

B. Modern Machine Learning

Rooftop defect detection has traditionally relied on human-
led inspections. Recent advances in thermal imaging and
UAS have expanded the tools available to inspectors, while
deep learning has rapidly emerged as a leading strategy for
defect detection across sectors such as medicine, automotive,
and electrical engineering [33], [36], [39], [40]. Numerous
studies now demonstrate that Artificial Neural Networks can
outperform or replace manual inspection processes with high
accuracy [41]. Human-based inspection, although valuable,
is limited by inefficiency, variability in expertise, and sus-
ceptibility to environmental conditions. In contrast, improve-
ments in machine learning, computational power, and sensor
technologies have broadened both the complexity and relia-
bility of automated defect-detection tasks [35], [36]. While
traditional image-processing approaches are effective only
under controlled conditions, modern deep learning methods
operate more robustly across variations in lighting, noise,
and surface appearance [35]. A range of techniques including



Generative Adversarial Networks (GANs), Support Vector
Machines (SVM), Local Binary Patterns (LBP), MobileNet
Single Shot Multibox Detector, Region-Based Convolutional
Neural Networks (CNNs), Self-Organizing Maps, Convolu-
tional Denoising Autoencoders, and VGG architectures have
all been evaluated for defect detection [35], [36], [39], [41].
Additional approaches such as Deep Convolutional Neural
Networks (DCNN), Learning Vector Quantization (LVQ), and
Multi-Layer Perceptron (MLP) have also shown promise
[39], [42]. Despite methodological diversity, CNN-based ap-
proaches remain the most consistently recommended, though
their performance is often constrained by limited datasets,
particularly for rare defect types. These techniques impose
design constraints requiring an algorithm capable of running
directly on a UAS, thereby excluding many otherwise effec-
tive machine learning methods whose power and processing
demands exceed onboard capabilities [40], [43]. Although
compact compute modules are emerging, mobile hardware
still falls far short of ground-based performance, and heavier
systems would interfere with the UAS’s primary mission
[29], [33], [44]. UAS-based image collection remains superior
to manned aviation or satellite imaging due to its lower
cost, manoeuvrability, and ability to capture close-range, high-
density imagery from multiple angles and altitudes [29]. Most
rooftop defects require near-surface photography, which is
unattainable from high-altitude platforms, making UAS the
most suitable choice for this work. A high-quality dataset is
essential. It must comprehensively represent common defect
types and be precisely labeled, as detection is complicated
by factors such as shadows, water accumulation, and visually
similar surface conditions.

C. Contribution and Structure

This paper presents a novel deep learning framework for
UAS-based flat-roof defect detection that integrates image
tiling, lightweight CNN-SVM classification, and multi-altitude
UAS imaging with rigorous experimental validation. The key
contributions are listed as follows:

(a) A tile-based neural architecture (CNN-SVM) that pre-
serves high-resolution defect cues while reducing com-
putational load, enabling near-real-time inference on em-
bedded UAS hardware.

(b) A computation-aware CNN-SVM design with optimized
hyperparameters and reduced feature-map dimensionality,
achieving over 92% in testing accuracy while remaining
deployable on low-power processors.

(c) A multi-resolution, dual-altitude UAS imaging strategy,
motivated by prior multi-altitude inspection studies and
adopted as a design rationale to target small, irregular,
or partially occluded defects. Further work is required to
isolate the benefit of this is required.

(d) An end-to-end operational pipeline for autonomous
roof inspection, validated with real UAS imagery (DJI
Matrice 350 RTK with the camera mounted to DIJI
Zenmuse H30T) obtained from onsite visits and de-
signed to reduce human risk, lower inspection costs,
and support sustainable building maintenance. An ex-
perimental demonstration video summarizing the final

autonomous CNN-SVM-based framework for drone-
based rooftop defect inspection can be accessed at
https://youtu.be/9RsdTeuylJM.

Structure: The remainder of this paper is organized as
follows. Section II presents the problem formulation and
details the dataset preparation, image tiling strategy, data
augmentation techniques, and the image information-density
analysis. Section III outlines the research methodology, includ-
ing the proposed tiling approach and the model architecture.
Section IV describes the overall workflow, identifies key
challenges encountered during development, and discusses
corresponding mitigation strategies. Section V reports the
experimental results of the proposed model and provides a
comparative evaluation against state-of-the-art methods. Fi-
nally, Section VI concludes the paper and highlights the main
contributions.

II. PROBLEM FORMULATION

Artificial Intelligence has rapidly advanced in recent years,
driven by increased computational capabilities and widespread
deployment of machine learning applications [33], [44], [45].
Neural networks, inspired by the structure and function of
biological neurons, seek to approximate aspects of the brain’s
processing mechanisms, an objective that remains computa-
tionally demanding despite significant algorithmic progress.
Modern deep learning models require substantial processing
power, memory, and energy, which constrains their deployment
on mobile platforms such as UAS [29], [40]. Unlike stationary
computing systems, UAS must remain lightweight and energy-
efficient, limiting the feasibility of large, resource-intensive
neural architectures. Consequently, developing algorithms that
deliver high accuracy while remaining computationally effi-
cient is essential for real-time onboard inference. This chal-
lenge illustrates the need for alternative or streamlined ma-
chine learning approaches capable of supporting real-time
rooftop defect detection within the strict power, mass, and
processing constraints of UAS platforms.

A. Dataset and Preparation

The training dataset contains some images that may work
against the goal of this project. As illustrated in Fig. 3,
certain environmental conditions, such as lighting, shadows,
or recent precipitation can cause non-defective roofs to appear
visually similar to defective ones. For example, Fig. 3.(a)
shows a damp roof membrane that is not indicative of a
defect; the moisture likely results from recent rainfall and will
dissipate under normal conditions (e.g., warm temperatures,
low humidity, solar exposure). Flat roof systems are designed
to tolerate short-term water exposure [2]. In contrast, Fig.
3.(c) depicts a superficially similar but defective roof where
long-term ponding occurs due to structural degradation or
improper slope. Prolonged standing water accelerates mem-
brane deterioration, increases the risk of biological growth,
and ultimately contributes to roof system failure [46]. The
visual similarity between transient, benign moisture conditions
and true defects poses a significant challenge for supervised
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learning models, as both appear alike in RGB imagery. This
highlights the need for improved data differentiation strategies,
such as expanded datasets, enhanced annotation protocols, or
complementary sensing methods, to ensure robust and reliable
defect classification. Consistent with these challenges, recent
work on flat roofs has used deep semantic segmentation
to map surface stains. These defects have proven to be a
common source of ambiguity and false positives in automated
inspection [47].

B. Image Tiling

At the outset of this research, no publicly available, labeled
dataset suitable for rooftop defect classification was identified.
Unlike many contemporary machine learning domains that
benefit from extensive, well-structured datasets, rooftop defect
detection remains a relatively unexplored problem. Existing
object-detection frameworks such as YOLOv4 and R-CNN
[44], [48] can reduce some annotation effort, but they still
require substantial manual labeling and do not circumvent the
need for a domain-specific dataset. Consequently, a custom
dataset was assembled and annotated for this study. Images
were sourced from limited online repositories as well as
collected directly using a UAS (DJI Matrice 350 RTK drone
via onsite visits). Online imagery, though useful, was sparse
and heterogeneous, leading to inconsistencies in data quality
and resolution (1,280 x 720 to 1,920 x 1,080 pixels). In
contrast, UAS-acquired images provided high-resolution data
(4,032 x 3,024 pixels), which were standardized by cropping
to 3,840 x 2,160 pixels. All images were then tiled into
640 x 360-pixel tiles using the PILLOW library in Python (Fig.
4.(a)-(b)). This tiling strategy enabled the model to train on
smaller, localized regions, improving computational efficiency
and reducing the likelihood of convergence to suboptimal
local minima. Following preprocessing, each tile was manually
classified as defect or no defect, forming the final training
dataset. All imagery is of modified-bitumen ("'mod-bit’) mem-
branes which is a widely used flat-roof waterproofing system
comprised of a polymer-modified (APP or SBS) bituminous
sheet, typically surfaced with mineral granules. This system
type was decided upon because in-house roofing expertise
was available to support reliable annotation. Labelling was
carried out by one annotator with five years of experience as
an administrator at a roofing company, who consulted in-house
roofing experts on ambiguous cases. A tile was labelled defect

(b) | (©)

Fig. 3: Environmental challenges: (a) A roof membrane that is damp due to recent rainfall, (b) a dry section of roof membrane,
and (c) a section of roof membrane that is wet due to an issue causing prolonged standing water.

if it contained any recognized mod-bit defect such as surface
cracking, alligatoring, granular loss, blistering or wrinkling,
exposed roof deck, moisture staining or a failed seam, or
membrane seam separation, with representative examples of
each shown in Fig. 5. Otherwise, the image was labelled
as no defect. Since this is a binary classifier, no multi-class
adjudication was required. After an initial pass, the annota-
tor manually reviewed the entire dataset for quality control.
Because a single expert annotator produced the labels, inter-
annotator agreement could not be computed, which is noted
as a limitation. The dataset and model are therefore specific
to mod-bit membranes and generalization to other systems
such as TPO, EPDM, or PVC is not claimed. The addition of
purpose-collected UAS imagery significantly improved dataset
uniformity, coverage of defect types, and the overall fidelity
and robustness of the resulting model.

C. Data augmentation

The preliminary dataset contained membrane roof images
captured from a variety of angles; however, to expand its diver-
sity and improve model generalization, additional preprocess-
ing and data augmentation were applied. Augmentation was
performed using the PILLOW library in Python, employing
standard techniques widely used in related research [49]—[51],
including random rotation, flipping, brightness variation, and
noise injection (Fig. 4.(c)-(d)). Each original image was paired
with an augmented counterpart, both retaining the same class
label. These augmentations effectively increased the dataset
size and broadened the range of environmental and lighting
conditions represented. As discussed in Subsection II-B, early
data sources were limited and relatively homogeneous, which
created classification gaps when the model encountered new
UAS-captured images with different illumination, membrane
colours, or surface conditions. The expanded dataset mitigated
these gaps, enabling the model to more reliably identify defects
under previously unseen conditions. Consequently, the model
demonstrated improved robustness and a higher capacity to
generalize beyond the narrow conditions represented in the
initial training set.

D. Image Information Density and Distance

The preliminary dataset consisted of roof images captured
at varying resolutions and distances from the surface. Most
online-sourced images were at least 1,920 x 1,080 pixels,
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Fig. 4: Dataset preparation: (a) An image highlighting defects in a roof surface, (b) a visualization of the same image tiled
into smaller subsections, (c) an unmodified image, and (d) an augmented version of the image, (e) a tiled image taken from a
distance away from the roof surface, and (f) a tiled image close to the roof surface.
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Fig. 5: Representative dataset tiles for the defect categories the CNN-SVM is trained to detect: (a) exposed roof deck, (b)
surface cracking, (c) granular loss, (d) alligatoring, (e) wrinkling/blistering, (f) moisture staining and a failed seam, and (g)
membrane seam separation; (h) shows a healthy membrane for contrast. All tiles are drawn from the labelled dataset, and the
binary defect/no-defect label aggregates these modified-bitumen failure modes.

although some lower-resolution images (down to 1,280 x 720
pixels) were incorporated to broaden the range of defect
conditions represented in the dataset. Image capture distances
by the DJI Matrice 350 RTK drone also varied substantially:
some photographs were taken only one to two meters above the
roof surface, while others were captured from heights of 10-20
meters. High-resolution, close-range imagery is essential for
identifying fine-grained defects such as membrane cracking
or alligatoring, where subtle texture variations must be clearly
visible. Conversely, large-scale issues, such as missing mem-

brane sections or water pooling are more effectively assessed
using images captured from higher altitudes, which provide the
necessary spatial context. To support the model’s ability to rec-
ognize both fine-scale and large-scale defects, images across
this full range of resolutions and distances were retained,
thereby exposing the model to varying levels of effective
information density. Fig. 4.(e) and 4.(f) illustrate this contrast:
the high-resolution source image in 4.(e) preserves detailed
membrane features, whereas the lower-resolution image in
4.(f) emphasizes broader defect patterns. For practical UAS



data collection, this suggests the value of a dual-pass strategy:
an initial high-altitude survey to capture large-area anomalies,
followed by a low-altitude pass to acquire detailed imagery
for fine-scale defect detection.

E. Dataset Compilation and Exclusions

During dataset preparation, specific image types were inten-
tionally excluded to facilitate more effective model training.
The goal was to provide the algorithm with clean, idealized
examples during the early stages of development by removing
images containing elements that could introduce noise or con-
fuse defect classification. Representative examples of excluded
images are shown in Fig. 6. These images contain objects
commonly present on rooftops or within the camera’s field of
view but unrelated to roof condition assessment. For instance,
Fig. 6.(a) includes a brick wall that does not contribute any
information about the state of the roof and may distract the
model. Similarly, Fig. 6.(b) captures the roof edge along with
a vehicle in an adjacent parking lot, introducing irrelevant
visual features that could negatively affect training. In Fig.
6.(c), portions of a wooden plank and a mechanical unit
appear alongside a small section of membrane, a scenario
frequently encountered during UAS roof inspections but not
informative for early-stage defect detection. These examples
represent only a subset of the images that were removed;
the full set is non-exhaustive but illustrates the rationale
behind the exclusion process. As the dataset expands and
the model matures, the long-term objective is to reintroduce
such images properly annotated to improve robustness and
generalization. However, to avoid early-stage overfitting and
reduce classification ambiguity, these images were omitted
from the initial phases of this research.

III. METHODOLOGY

CNNs are widely recognized as the primary tool for modern
image classification due to their robustness and adaptability
across diverse applications [33], [52]-[55]. CNNs employ
multiple filters to extract hierarchical features from images,
enabling effective classification [33], [52], [53]. In this re-
search, a CNN is applied to classify roof surfaces as defective
or non-defective using live imagery collected by a UAS.
Roof images are largely static aside from camera movement,
reducing complications from dynamic environmental changes.
To achieve near real-time processing, this study incorporates
image tiling (Section II-B), which simplifies the classification
task. Images are composed of pixels representing the under-
lying information, which can be interpreted as features such
as color, texture, shape, and spatial location, analogous to
human visual perception. CNNs extract these features through
convolutions, where filters combine input information to pro-
duce feature maps. Early convolutional layers detect simple
patterns, such as edges or corners, while deeper layers generate
complex feature maps representing higher-level structures.
The resolution of the input image directly affects the feature
map’s detail: higher-resolution images yield richer feature
maps, enhancing the model’s ability to detect fine defects.
The architecture of a CNN, including the number, order, and

size of filters, as well as pooling operations, is application-
specific. Pooling reduces the dimensionality of feature maps by
aggregating neighboring information, balancing computational
efficiency with feature preservation. For roof defect detection,
a higher number of feature maps is necessary to capture
the diversity of potential defects. This necessitates a large,
varied dataset to avoid underfitting, as discussed in Section II.
However, excessive augmentation or tiling without sufficient
data diversity can lead to overfitting, highlighting the need for
careful dataset design. Standard practice in image classification
often uses square images of 256 x 256 pixels to reduce com-
putational demand [54]. While convenient, such downscaling
compromises feature map resolution and is insufficient for
real-world UAS imagery, where higher-resolution inputs are
required to detect both small-scale defects, like membrane
cracking, and larger-scale issues, such as pooling water or
missing membranes.

A. tiling

To maintain a real-world data stream while meeting real-
time processing requirements, the collected images are pre-
processed through image tiling prior to input into the CNN.
This approach reduces feature map sizes, thereby decreasing
computational load and training times, while still preserving
the high-resolution detail necessary for accurate defect clas-
sification. As described in Section II-A, the initial training
data were sourced from online video repositories, whereas
subsequent testing and additional training data were acquired
using a UAS (DJI Matrice 350 RTK drone via onsite visits).
Image tiling divides a high-resolution image into smaller,
lower-resolution components. These tiles collectively retain
the total information content and pixel count of the original
image, and can be recombined if needed. However, larger
objects spanning multiple tiles may lose their overall form,
which can complicate learning or classification. This limitation
is mitigated by capturing images at varying heights relative
to the roof surface, as discussed in Section II-D. Objects
that lose form at lower altitudes can be better interpreted
through images acquired at higher altitudes. While this tiling
strategy is particularly suitable for rooftop defect detection,
its applicability to other classification tasks may be limited.
Defects often vary in shape, size, and color, and may span
across multiple tiles [19], [35], [46], allowing classification
to proceed effectively. The number of tiles generated from
each original image is determined by its resolution. A final
tile size of 640 x 360 pixels was selected, allowing all source
images to be evenly divided while facilitating manual labeling
and reducing processing times. Images of 1,280 x 720 pixels
were divided into four tiles, 1,920 x 1,080 pixel images into
nine tiles, and high-resolution UAS imagery of 3, 840 x 2, 160
pixels into 36 tiles. This systematic tiling ensures consistent
input dimensions for the model while retaining sufficient detail
for accurate defect detection.

Width of Cropped Image 3340
Number of Vertical Sectors 6

Height of Cropped Image 2160
Number of Horizontal Sectors 6

= 640 pixels

= 360 pixels
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Fig. 6: Examples of images that have been excluded from the dataset: (a) an image predominantly displaying a brick wall with
some membrane and flashing visible, (b) the edge of a flat roof, with a vehicle visible on one side below the roof, (c) a flat
roof with a wooden deck on top on the left side, as well as a mechanical unit on the right side.

(a)

(b)

Fig. 7: tiling approach: (a) An image captured using a UAS and (b) the resulting tiling of the same image into 36 equal
parts. The tiling of the image allows for faster compute time while maintaining all of the information that is important to the

classification problem.

The use of tiled images provides several key advantages.
Primarily, defects are often visible in only a single tile,
enabling more precise classification and thereby improving
training accuracy. Additionally, smaller tiled images contain
fewer pixels, resulting in reduced feature map sizes within the
CNN and significantly shorter training and processing times
compared to networks processing full-resolution images. A
key objective of this project is to integrate the classification
model with a UAS. The UAS will capture sequential, overlap-
ping images of the roof surface at a resolution of 3, 840x2, 160
pixels and process them in real time to identify defects. Photos,
rather than video, are used to simplify the processing pipeline.
High frame rates are unnecessary for two reasons: first, the
substantial overlap between images ensures that any defect
visible in one image will also appear in neighboring images;
second, the roof surface is static, making processing speed
more critical than capture rate. The current model architecture
is shown in Fig. 8. Experiments with an 80% image overlap
yielded successful results at capture rates of 0.5-1.4 images per
second, which substantially reduces computational demands
relative to continuous video capture. While video has been
used for training purposes, slower capture rates are sufficient
for real-time classification. Limiting the data input rate allows
the UAS to perform additional tasks concurrently, such as

generating a live map of identified defects for the operator,
while maintaining real-time performance.

B. CNN-SVM Model architecture

The CNN employed here is coupled with an SVM, a method
widely used in similar studies for binary classification [56].
SVMs are supervised learning models designed primarily for
classification tasks [55], [57]. Their objective is to identify
an optimal hyperplane that distinctly separates data points of
different classes in a high-dimensional feature space. This
approach has demonstrated robust performance across diverse
applications. The activation function used in this model is
the Rectified Linear Unit (ReLU), which facilitates learning
of complex patterns while maintaining computational effi-
ciency. For linearly separable data, the SVM algorithm aims
to maximize the margin of the separating hyperplane. The
optimization problem is mathematically expressed as in Eq.
(1), (2), and (3). In Eq. (1), w represents the weights, b the
bias, and

flw,z)=w'z+b (1)

The equation

1 & -
m1n§||w||g+C;max (0, 1—yi(w mi—i—b)) 2)
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Fig. 8: Proposed model architecture: following the image tiling process, RGB images are input to the model, and are processed
through data augmentation, convolution, and pooling layers before being flattened. From here, the data is processed through
four dense layers, the last of which is a linear squared-hinge Support Vector Machine (SVM) head that produces the binary
defect / non-defect decision. The exact specifications of each layer used can be seen in Table I.
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Fig. 9: Experimental Validation: (a) Proposed UAS workflow for autonomous rooftop defect detection, and (b) DJI Matrice

350 RTK UAS utilized to collect training and testing data.

where p is the number of training points, ||w||2 = w " w is the

squared Lo norm (the margin regulariser), C' is the penalty
parameter, y; € {—1,+1} is the label of the i-th point, and
w ' z;+bis its decision value. Equation (2) uses the hinge loss;
replacing it with the squared hinge gives the differentiable Lo-
SVM adopted here,
P
min%”w”% + CZIH&X (0,1 —yi(w'z; + b))2 3)
i=1
which penalises margin violations more strongly and is dif-
ferentiable, easing gradient-based optimisation; this squared-
hinge output replaces the conventional sigmoid cross-entropy
head used in standard CNN classifiers. At inference, each tile

is assigned to the defective class when the SVM decision value
w'z +b >0, and to the non-defective class otherwise. This
corresponds with a fixed decision threshold of zero. The final
CNN model consists of five convolutional layers interspersed
with max pooling layers. Following these layers, the output
is flattened and passed through four dense layers, the last
being a linear squared-hinge SVM head. The detailed layer
architecture is provided in Table I.

IV. WORKFLOW, CHALLENGES, AND MITIGATION

A. Overfitting and Optimization Issues

Preliminary model development revealed a persistent per-
formance issue: the accuracy and loss metrics plateaued be-



TABLE I: Model Architecture.

Layer  Description

1 Input layer: Input Shape = (360, 640, 3)

Resizing layer: Output Shape = (180, 320)

Data Augmentation Layer: Random Rotation = 0.1

Data Augmentation Layer: Random Brightness = 0.1

W | W

1st Convolution 2D layer: Filters = 32, Activation function =
ReLu, Kernel size = 3, Stride = 2, Padding = “same”

[=)}

1st Max Pool 2D Layer: Pool size = 2, Stride = 2

7 2nd Convolution 2D layer: Filters = 64, Activation function =
ReLu, Kernel size = 3, Padding = “same”

8 3rd Convolution 2D layer: Filters = 128, Activation function =
ReLu, Kernel size = 3, Padding = “same”

9 2nd Max Pool 2D layer: Pool size = 2, Stride = 2

10 4th Convolution 2D layer: Filters = 256, Activation function =
ReLu, Kernel size = 3, Padding = “same”

11 5th Convolution 2D layer: Filters = 512, Activation function =
ReLu, Kernel size = 3, Padding = “same”

12 3rd Max Pool 2D layer: Pool size = 2, Stride = 2

13 Flatten layer

14 1st Dense layer: Units = 1024, Activation function = ReLu,
Regularizer = L2, L2 = 0.01

15 2nd Dense layer: Units = 128, Activation function = ReLu,
Regularizer = L2, L2 = 0.01

16 3rd Dense layer: Units = 16, Activation function = ReLu,
Regularizer = L2, L2 = 0.01

17 4th Dense layer (linear SVM head): Units = 1, Activation
Function = Linear, Loss = squared hinge (L2-SVM)

low 70% during training. This behavior was attributed to
overfitting. Although data augmentation slightly improved
performance, it did not resolve the problem. An early-stopping
callback was introduced to halt training when the loss failed
to decrease; however, the callback triggered immediately and
repeatedly, indicating that the model was not converging effec-
tively. In the final implementation, the callback was configured
to monitor loss values with a minimum improvement threshold
of 0.001. The primary resolution emerged from modifying the
optimizer. Early development relied on the Adam optimizer,
which combines momentum and root-mean-square propaga-
tion for adaptive learning. However, replacing Adam with
Stochastic Gradient Descent (SGD) [58] produced a substan-
tial improvement. Unlike Adam, SGD uses a fixed learning
rate; a low learning rate of 0.005 and a momentum value of
0.2 were applied. After switching to SGD, model accuracy
increased markedly, exceeding 90%. Additional adjustments
were made to refine model performance. The early-stopping
callback, which previously halted training around the third
epoch, no longer triggered prematurely once the optimizer was
corrected. Following the initial architectural configuration, the
model underwent an extended training cycle before new test
data were introduced. This test dataset collected using the UAS
workflow specifically for this research. Subsequent evaluation
by additional previously unseen test dataset produced accuracy
values up to 93.2%, aligning with the expected performance.

B. Workflow

The CNN-SVM model developed in this research is in-
tended to support a key stage of the workflow illustrated in Fig.
9. The design philosophy throughout development was guided
by the requirements for eventual deployment on a UAS capable
of near real-time onboard processing. During operation, the
UAS (DIJI Matrice 350 RTK drone) is programmed to follow
a predefined flight path to scan the roof surface. Two passes
are conducted at different altitudes to provide complementary
levels of detail: higher-altitude imagery captures large-scale
structural issues, while lower-altitude imagery resolves fine-
grained defects. This multi-scale approach is further discussed
in Section II-D. During each pass, the UAS captures images
with an overlap of approximately 50%-90% at a rate of 1-2
images per second. Immediately after capture, each image is
temporarily stored, creating a buffer that facilitates continuous
operation while maintaining real-time processing. A short
delay between capture and classification is acceptable given
the static nature of roof surfaces and allows the UAS to
perform additional critical tasks as required. Once stored,
each image is tiled into the appropriate sub-images before
being passed to the classification model. The tiled images are
processed sequentially at a resolution of 640 x 360 pixels. The
proposed CNN-SVM model, designed to be computationally
lightweight and accurate, employs a moderate number of
layers to balance computation constraints with classification
performance. The output of the CNN-SVM model is a binary
prediction indicating whether each tile contains a defect. After
all tiles from an image have been evaluated, the predictions
are presented to the operator in a grid format (illustrated
conceptually in Fig. 10).

With an image capture rate of approximately one frame
per second, this workflow provides operators sufficient time
to assess detected defects and determine whether the scanned
region is clear. At the conclusion of the roof inspection, all
results are compiled into a report. If defects are detected, the
system can initiate secondary actions, such as generating ad-
ditional waypoints for revisiting specific locations to conduct
further analysis. To avoid overstating the system’s maturity, it
is necessary to distinguish what is implemented and evaluated
in this work from what is proposed for future development.
Firstly, the tile-level CNN-SVM classifier, the training and
evaluation pipeline, and all reported metrics, and inference-
time results have been implemented and evaluated. Future
work that has not yet been implemented includes closed-
loop autonomous flight with automatic waypoint generation,
on-board execution, georeferenced defect mapping, and auto-
mated revisiting of flagged regions. The workflow described
above therefore represents the intended end-to-end concept,
of which only the per-tile classification stage is realized and
benchmarked in this paper; the remaining stages are directions
for future work.

V. EXPERIMENTAL RESULTS

The UAS utilized to collect training and testing data for this
project was a DJI Matrice 350 RTK. The camera mounted to
this UAS was a DJI Zenmuse H30T. The M350 weighs in at



(a) Per-tile prediction grid

one UAS image, 6 X 6 tiles

D no defect D defect

(b) Live defect map

aggregated along the flight path

Fig. 10: Illustrative (mock-up) operator feedback during a flight. (a) For each captured UAS image, the model classifies its
36 tiles and presents a colour-coded grid (green: no defect, red: defect). (b) Detected defects are aggregated into a live map
along the flight path for operator review and revisit-waypoint generation.

TABLE II: Architecture sweep of the proposed CNN-SVM on the dataset: held-out test accuracy, training accuracy, training
time, and epochs for 2—-6 convolutional and 2—4 dense layers (single seed, 100-epoch cap, identical hyperparameters; only the
layer counts vary). The adopted 5-convolution/4-dense configuration is shown in bold.

2 Conv 3 Conv 4 Conv 5 Conv 6 Conv

Test acc. 92.5% 87.8% 92.0% 91.7% 94.5%

2 Dense Train acc. 92.7% 93.3% 94.4% 94.6% 96.6%

Time 2h20m 1h22m 2h24m 1h 44m  2h 48m
Epochs 100 100 100 100 100

Test acc. 89.8% 92.1% 91.1% 93.5% 94.1%

3 Dense Train acc. 94.3% 95.6% 96.1% 96.5% 96.7%

; Time 2h 16m 1h2lm 2h25m 1h44m  2h 53m
Epochs 100 100 100 100 100

Test acc. 90.0% 91.3% 92.3% 94.1% 94.3%

4 Den Train acc. 94.1% 95.4% 96.0% 96.3% 96.6%

05 Time 2h30m 1h24m 2h40m 1h45m  2h 52m
Epochs 100 100 100 100 100

TABLE III: Image and classification breakdown.

Data Categorization

Images Original Full tiled Augmented Total
Defect - 11,057 8,874 19,931
No Defect - 14,691 15,170 29,861
Total 5,240 25,748 24,044 49,792

6.47 kg with batteries and before payload, with a maximum
flight time of 55 minutes. The M350 RTK connects with
GNSS networks to maintain hovering accuracy, and has a
maximum transmission distance of 20 km. The H30T payload
weighs 920 g and provides 3-axis stabilization in flight. When
connected with the UAS the camera has a controllable pan
range of 320°and a tilt range of —120° to 4+60°. The H30T
has three cameras (wide-angle, zoom, and infrared), as well
as a laser range-finder. The wide-angle camera used to collect
imagery for this research uses a 1/1.3-inch CMOS sensor, has
an Aperture of /1.7 and has an effective resolution of 48 MP.

TABLE IV: Effect of the two training choices that most affect
the proposed CNN-SVM, on the dataset (single seed, 100-
epoch cap). Replacing SGD with Adam collapses training
to the majority class; removing data augmentation fits the
training set almost perfectly and widens the train-test gap.
These single-run values carry run-to-run variation; the seed-
averaged accuracy is reported in Table VI.

Configuration Train acc.  Test acc.  Recall
Proposed (SGD + augmentation) 96.4% 91.4% 0.940
Without augmentation 99.7% 92.3% 0.875
Adam instead of SGD 49.5% 54.4% 0.000

A. Dataset Download

To ensure reproducibility, all dataset splits, core scripts, and
trained models that we collected, processed, and produced
are openly archived on Zenodo under a Creative Commons
Attribution 4.0 International (CC BY 4.0) license. A fixed
random seed of 42 was maintained across all experiments
to guarantee deterministic results. The specific assets are



available via the following Digital Object Identifiers (DOIs):

o The ’tiled and augmented UAS imagery of modified-
bitumen flat-roof defects’ dataset, including the repro-
ducible train/validation/test split index (manifest.csv), is
accessible at https://doi.org/10.5281/zenodo.20594605

o The scripts utilized for tiling, augmentation, dataset
splitting, training, and evaluation are archived at
https://doi.org/10.5281/zenodo.20599364.

e The final trained model weights are preserved at
https://doi.org/10.5281/zenodo.20596485.

B. Proposed CNN-SVM Performance and Test Accuracy

The CNN-SVM model developed in this research was
trained on a lab computer equipped with an AMD Ryzen
9800X3D CPU (4.7 GHz, 4 nm) and an Nvidia RTX 5070
GPU (192-bit memory interface, 2.33 GHz). Python 3.13
was used, along with TensorFlow, Keras, NumPy, Matplotlib,
and PILLOW. Model iterations were performed incrementally,
with small hyperparameter adjustments to ensure controlled
and traceable improvements. A video summarizing the final
autonomous CNN-SVM framework for drone-based rooftop
defect inspection is available at

o Video of experiment: https://youtu.be/9RsdTeuylJM

Table II reports the training and test accuracy, training time,
and number of epochs for the tiled-image model across 2—6
convolutional and 2—4 dense layers. This testing was evaluated
with identical callback and optimizer settings and a 100-epoch
cap (the callback configuration is detailed in Section IV-A).
On this split none of the configurations degenerates: every
architecture attains between 87.8% and 94.5% test accuracy.
Increasing the number of convolutional layers yields a small
but consistent improvement (from = 90.8% mean test accuracy
at two convolutional layers to ~94.3% at six, averaged over
dense depth). Conversely, the number of dense layers has little
effect (~91.7% to 92.4% across two to four). Training accu-
racy rises monotonically with depth (up to 96.7%), but test ac-
curacy plateaus, indicating that the additional capacity mainly
improves the fit to the training data rather than generalization.
The adopted five-convolution/four-dense model reaches 94.1%
test accuracy, within roughly half a percentage point of the best
configuration (six convolutional layers, 94.3-94.5%) however
it’s training time was about an hour faster. It was therefore
retained as a balance between accuracy and computational
cost. Since each cell reflects a single training run, differences
below roughly two percentage points are within run-to-run
variation (see the seed-averaged confidence intervals in Ta-
ble VI). Throughout development, key performance metrics
were continuously monitored to ensure sustained improvement
in both training and validation accuracy. Table III shows the
number of original images and their tiling into the dataset
used for training. After tiling, some images were removed for
quality control, and data augmentation was applied to increase
dataset diversity.

The dataset was divided at the level of whole source
photographs into training (75%), validation (15%), and test
(10%) sets using a fixed random seed (42). With this, every

tile and augmentation derived from a given photograph re-
mains within a single split. No photograph appears in more
than one split. The resulting sets contain 43,383 training,
3,869 validation, and 2,540 test images; augmentations are
retained in the training set only, while validation and test use
original tiles only. Balanced class weights computed from the
training set were applied during training to counter the mild
class imbalance, without resampling or threshold calibration.
Because the split is at the photograph level, different (spatially
overlapping) photographs of the same roof can still fall in dif-
ferent splits. The residual effect of these overlapping images is
acknowledged in the Limitations and Future Work subsection.
Table V summarizes the class distribution across the splits.

TABLE V: Class distribution across the training, validation,
and test splits.

Set Defect  No defect Total
Training 17,185 26,198 43,383
Validation 1,589 2,280 3,869
Test 1,157 1,383 2,540

Table IV isolates the two training choices that most affect
the proposed model on the dataset. The choice of optimizer
is clear. When trained with the Adam optimizer the network
fails to converge, collapsing to the majority class (a test
accuracy of 54.4% at zero recall). However, when utilizing
Stochastic Gradient Descent with momentum, the model trains
successfully. Data augmentation, in turn, curbs overfitting.
Without it the model fits the training data almost perfectly
(99.7% training accuracy) which causes the train-test gap
to widen. When trained with augmented data, the model
generalizes with a smaller gap at a comparable test accuracy.
These single-run values carry a few percentage points of run-
to-run variation (see the seed-averaged results in Table VI).
The qualitative conclusions from this testing show that SGD
is essential and augmentation reduces overfitting. Once a stable
training setup was established, evaluation shifted to the held-
out test set. Following iterative revisions, the proposed CNN-
SVM model achieved approximately 97.6% training accuracy,
94.0% validation accuracy, and a mean test accuracy of 94.4%
(95% CI £0.4% over three seeds) (see Table VI), with a
processing speed of roughly 130 full 36-tile UAS images
per second (= 7.8 ms per image). These results demonstrate
that the CNN-SVM model meets the project goals of high
classification accuracy and efficient computation. With further
refinement and training, the model is well positioned for full-
scale deployment as an autonomous roof-inspection solution.

C. Comparison to Cutting-edge Techniques

To evaluate the performance of the proposed CNN-SVM-
based model, its results were compared against two leading
deep-learning architectures: GoogLeNet [59] and AlexNet
[54]. All three models were trained and tested on the same
roof-defect dataset and used identical callback configurations
to ensure fair comparison. All three architectures were config-
ured for the same binary defect/no-defect task on identical
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Fig. 11: The left six subfigures presents accuracy ((b), (d), and (f)) and losses ((a), (c), and (e)) comparison between cutting
edge machine learning techniques across both training and validation: Proposed CNN-SVM ((a) and (b)), AlexNet ((c) and
(d)), and GoogLeNet ((e) and (f)). The right portion (g) refers to Temporal Categorization Latency chart which represents the
time required to perform classification task with different batch sizes of input images. The latency axis in (g) is logarithmic;
GoogLeNet exceeded GPU memory at the largest batch size (576 tiles) and is not plotted there.

TABLE VI: Model comparison on the test set (n = 2,540):

mean £+ 95% confidence interval over three random seeds.

GoogLeNet uses seeds 42/43/45 seed 44 diverged to a NaN training loss in the first epoch and was replaced (the failed run
is retained as an artifact); CNN-SVM and AlexNet use seeds 42—44.

Model Test Accuracy (95% CI) Recall Precision

CNN-SVM (Proposed) 94.4% + 0.4% 0.920 £0.025  0.956 £ 0.030
GoogLeNet 89.2% + 5.7% 0.883 £0.156  0.881 £ 0.040
AlexNet 79.8% + 14.0% 0.672 £0.401  0.856 £ 0.039

input sub-images, trained on the same labelled data and
train/validation/test splits, and evaluated on the same test
set. The accuracy values reported here reflect architectural
differences rather than differences in task or data. As illus-
trated in Fig. 11.(c) and 11.(d), AlexNet reached a training
accuracy of approximately 89%, and a validation accuracy of
approximately 83% on the dataset, stopping after 13 epochs,
and attained a mean test accuracy of 79.8% over three
seeds. Fig. 11.(e) and 11.(f) show that GoogleNet reached
a training accuracy of approximately 85%, and a validation
accuracy of approximately 87%, stopping after 15 epochs,
and attained a mean test accuracy of 89.2% over three seeds.
In comparison, the proposed CNN-SVM model (Fig. 11.(a)
and 11.(b)) reached a training accuracy of approximately
97.6%, a validation accuracy of approximately 94.0%, and
a mean test accuracy of 94.4% (95% CI £0.4% over three
seeds), for more details see Table VI. A central objective
of this research was to develop a model that maintains high
accuracy while minimizing processing time and computational
overhead so that it may be deployed onboard a UAS. Relevant
calculations for operational memory requirements and per-

layer computational complexity are included in the Appendix.
Batch-size sensitivity testing was conducted across all three
architectures, with results summarized in Fig. 11.(g). For the
proposed model, processing time scaled approximately linearly
with batch size, whereas the larger baselines degraded sharply
at the largest batch. At a batch of 36 tiles (corresponding with
a full UAS image) the CNN-SVM model generated predictions
in 7.8 ms on the RTX 5070 GPU:

7.8 ms  0.22 ms

= 4
36 tiles tile “)

One complete UAS-captured image is therefore classified
in well under 10 ms. The CNN-SVM model was consistently
faster than GoogleNet and AlexNet while sustaining the
highest accuracy of the three architectures: for the same
36-tile image the processing times were 7.8 ms for CNN-
SVM, 22.5 ms for AlexNet, and 38.9 ms for GoogLeNet.
The advantage widens as batch sizes increase. At a batch
of 576 tiles the CNN-SVM model remained the fastest at
117.6 ms. Conversely, AlexNet slowed to 2,786 ms under
memory pressure and GoogleNet exceeded the available GPU
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Fig. 12: Precision—recall (a; average precision 0.980) and ROC (b; AUC 0.976) curves on the held-out test set, with defect as
the positive class. The marked point is the default-threshold operating point (recall 0.920, precision 0.953, false-positive rate

0.038), consistent with the seed-averaged values in Table VI.

(a) Missed crack

(d) False alarm: debris

(b) Missed crack (near flashing)

(e) False alarm: debris

(c) Missed crack (granulated cap)

(f) Joint correctly classified '

Fig. 13: Error analysis on the held-out test set. Top row false negatives: thin cracks the model missed, near the resolution
limit of a tile ((a) on a smooth cap, (b) beside metal flashing, (c) on a granulated cap). Bottom row (d) and (e) false positives,
both triggered by small surface debris (a stone and a twig) rather than by membrane joints, and (f) a membrane joint correctly
classified as non-defective. Installation seams are generally not confused with cracks; the residual false positives stem from

surface debris.

memory. All values are averaged over 30 forward passes per
configuration after warm-up. These results demonstrate that
the proposed CNN-SVM architecture delivers a balance of
accuracy and computational efficiency. This in turn suggests a
good suitability for near real-time deployment in autonomous
roof-inspection applications.

D. CNN-SVM Time Complexities

The calculations supporting this section are provided in the
Appendix. As illustrated in Fig. 14, the model’s performance
metrics for accuracy, precision, and related indicators are

presented. The confusion matrix in Fig. 14.(a) reports the dis-
tribution of classifications across the four outcome categories.
Of the 2, 540 test images, 1,065 were true positives (TP), 53
were false positives (FP), 1,330 were true negatives (TN),
and 92 were false negatives (FN). In total, 2, 395 images were
correctly classified and 145 were misclassified. The model,
while not perfect, particularly with respect to the small fraction
of missed defects (false negatives), the overall classification
accuracy remains high and is considered successful for the
objectives of this research.

A missed defect (false negative) is considered the most
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Fig. 14: Model performance metric (a) True Positive (TP), False Positive (FP), False Negative (FN), True Negative (TN); and
(b) False Positive Rate (FPR), False Negative Rate (FNR), True Negative Rate (TNR), recall, accuracy and precision of the

model.

TABLE VII: Model parameters, required space, and total
operations. Memory is shown as an 8-byte upper bound; the
deployed FP32 model uses 4 bytes per parameter (=~ 446 MB
total), and the operation counts are FLOPs per tile.

Layers Parameters Space needed Total operation
(bytes) performed

Resizing 0 0 0

Random Rotation 0 0 0

Random Brightness 0 0 0

Convolution 2D-1 896 7,168 770,864

Max Pooling 2D-1 0 0 0

Convolution 2D-2 18,496 147,968 1,931,904

Convolution 2D-3 73,856 590,848 3,863,808

Max Pooling 2D-2 0 0 0

Convolution 2D-4 295,168 2,361,344 1,751,040

Convolution 2D-5 1,180,160 9,441,280 3,502,080

Max Pooling 2D-3 0 0 0

Flatten 0 112,640 0

Dense-1 115,344,384 922,755,072 230,687,744

Dense-2 131,200 1,049,600 262,272

Dense-3 2,064 16,512 4,112

Dense-4 17 136 33

Output 1 8 0

significant since it can lead to water ingress, mould growth, or
structural deterioration. Therefore, recall and the false-negative
rate are emphasized instead of overall accuracy for this safety-
critical task. On a class-wise basis, of the 1, 157 defective tiles
in the test set the model correctly identified 1,065 (a recall
of 92.0%) and missed 92 (a false-negative rate of 8.0%). Of
the non-defective times (1, 383) the model correctly identified
1,330 (a true-negative rate of 96.2%) and produced only 53
false alarms (a false-positive rate of 3.8%). Therefore, the

model combines a high recall with a low false-alarm rate.
Since a missed defect is the costliest outcome, the decision
threshold can be lowered to trade precision for additional recall
whenever an application demands it. From the precision-recall
and ROC curves for the test set (Fig. 12) the model reports
an average precision of 0.980 and an ROC-AUC of 0.976.
These values are consistent with the recall and precision values
reported in Table VI.

On the test set, the CNN-SVM model achieved a mean test
accuracy of 94.4% (95% confidence interval +0.4% over three
seeds). It therefore clearly outperformed GoogLeNet (89.2%)
and AlexNet (79.8%). Additional performance indicators are
presented in Fig. 14.(b), which demonstrate that the CNN-
SVM model maintains high precision, recall, and overall pre-
dictive reliability. Consequently, the CNN-SVM architecture
used in this study performs comparably to other state-of-the-
art machine learning models.

To characterize the model’s errors the misclassified test tiles
were collected and analyzed (Fig. 13). The false negatives are
dominated by thin or hairline cracks near the resolution limit
of a tile (Fig. 13(a)—(c)): the model reliably detects prominent
cracking and alligatoring but can miss faint fractures, consis-
tent with the 8.0% false-negative rate. The false positives are
driven by loose surface debris such as a small stone or a twig
on otherwise-sound membrane (Fig. 13 (d)—(e)). It is believed
that with additional training data, debris within an image will
become less impactful and easier for the model to ignore.
Membrane seams, which are present throughout the dataset,
are in general classified correctly as non-defective (Fig. 13(f)).
Overall, the model appears to focus on the irregular features
of a dark fracture pattern of a crack rather than the regular
straight line of a seam. Throughout the false classifications,
no systematic tendency to mistake assembly gaps between
membranes as defects was observed.

Table VII also lists the number of operations executed
within each layer, with a cumulative total of 242 773,857



operations. This metric is useful for evaluating processor ca-
pability when selecting an appropriate UAS platform to ensure
the system can maintain the required per-second throughput.
The operational demand remains well below the typical pro-
cessing capacity of enterprise-grade UAS systems [40], and
thus does not constitute a significant deployment limitation.
All calculations supporting these values are based on the
equations provided in Appendix A.

The overall compute profile of the model is summarized
here. The network produced by this research has approxi-
mately 117 million parameters. This is primarily dominated
by the first dense layer which has (115 million). With single
precision (FP32, 4 bytes per parameter) this is approximately
446 MB of weights. Each tile therefore requires about 243
million floating-point operations for classification. A full 36-
tile image requires about 8.7 billion operations. The peak
activation memory is on the order of a few megabytes per
tile and is negligible relative to the weights. Inference used
FP32 with a batch size of 32 tiles, giving the per-tile and
per-image latencies reported above. These inference costs are
different from the one-time training cost (17h 15m on the
RTX 5070). On-hardware profiling on an embedded accelera-
tor is identified as future work in the Limitations and Future
Work subsection.

E. Limitations and Future Work

Several limitations define the scope of this study and moti-
vate future work. Firstly, the training and test sets were divided
at the level of whole source photographs. Since consecutive
UAS images typically have a substantial overlap, many photos
share pixels of the same roof which means that the same
data can appear across training, validation and test sets. If
the data was separated in this fashion, a slight decrease in test
accuracy would be expected. A roof- or flight-level split that
keeps all images of a given roof within a single set is planned
for future development in order to quantify and remove this
effect. Splitting the dataset at the photo level elimiates tile
and augmentation level leakage since all tiles that are derived
from a single photograph are confined to one set. However,
leakage can still arise on the roof or flight level since different
photographs may contain spatial overlaps of the same region
with other photgraphs. Consecutive photographs of the same
roof will often contain portions of the same spatial area and
the current data split does not eliminate this. Consequently,
the reported accuracy must be considered with only modest
optimism until a complete leakage-free split is tested against.
Secondly, although the model was designed for embedded
operation, all training and inference metrics reported here
were performed on a workstation GPU. The proposed model
executes approximately 243 million operations per tile (about
8.7 billion per full 36-tile image) and requires under 1 GB of
parameter memory. These characteristics are within the enve-
lope of current embedded accelerators such as the NVIDIA
Jetson Orin Nano (up to 67 TOPS at 7-25 W) and AGX Orin
(up to 275 TOPS) [60]. However, onboard deployment, as
well as the profiling of power, latency and thermal behaviour
remain future work. Thirdly, the reported metrics come from a

small number of training runs, using seeds 42, 43, and 44. For
future testing, additional repeated runs are planned to further
characterize variance. Fourth, images were excluded from
this dataset if they contained walls, vehicles, or mechanical
units. This was done in order to provide a clean set of
training data. For real-world application of this technology,
it will be important to incorporate these images into future
models in order to maintain applicability and effective range.
Additionally, the benefit of the dual-altitude data collection
methodology is motivated by prior multi-altitude inspection
studies [38]. However, it has not yet been isolated through
a dedicated ablation. Finally, performance under specific en-
vironmental conditions such as wet, dry, shaded, or bright
areas or across different roofing-membrane systems was not
evaluated. This alone warrants a deep study and additional
research for integration with future models.

VI. CONCLUSION

This research developed a lightweight, high-performance
model capable of supporting autonomous inspections of flat
roofing membrane systems. Designed specifically for de-
ployment on Unmanned Aerial Systems (UASs), the model
achieves high predictive accuracy while remaining computa-
tionally efficient, an essential requirement given the limited
onboard processing capabilities of contemporary UAS plat-
forms. The tiling-based neural architecture decomposes high-
resolution roof images into smaller, computationally manage-
able tiles. These tiles enable rapid inference without compro-
mising the level of detail required for reliable defect detection.
A significant contribution of this work is the creation of a
bespoke dataset, addressing the absence of publicly available
datasets for flat-roof defect detection. Experimental validation
was achieved through images collected mainly through onsite
UAS-based field surveys (DJI Matrice 350 RTK drone) and
supplemented with online sources, then augmented to expand
the dataset size and enhance environmental and visual diver-
sity. Several modelling strategies including data augmentation
layers, callback mechanisms to mitigate overfitting, and the
use of a Stochastic Gradient Descent (SGD) optimizer with
momentum, were employed to achieve strong performance
metrics. The final model experimental assessment attained
a training accuracy of approximately 97.6%, a validation
accuracy of approximately 94.0%, and a mean test accuracy
of 94.4% (95% CI £0.4% over three seeds). When bench-
marked against established architectures such as AlexNet and
GoogLeNet, the proposed CNN-SVM model demonstrated
superior accuracy while requiring substantially less processing
time. The tiling strategy, which reduces full-resolution images
(3,840 x 2,160 pixels) into 640 x 360-pixel sectors, enabled
the model to process a full 36-tile image in roughly 7.8 ms,
about 130 full images per second. This far exceeds the target
throughput of one full image per second and suggests that
further architectural refinements may yield even greater pro-
cessing efficiency. Beyond model development, this research
also outlined a complete operational workflow for UAS-
based roof inspections, including image acquisition, tiling,
classification, and operator feedback. The workflow maintains



TABLE VIII: Metrics performance and the related mathematical formulas

Metrics Performance Mathematical formula  Interpretation
False Positive Rate (FPR) F}'i% Proportion of non-defective images incorrectly classified as defective
False Negative Rate (FNR) TPZ% Proportion of defective images incorrectly classified as non-defective
True Negative Rate (TNR) F},ﬂ% Proportion of non-defective images correctly classified as non-defective
Recall TPZ_% Proportion of defective images correctly classified as defective (sensitivity)
TP+TN s S
Accuracy TPIFNITNTFP Measure of the model’s correct classification rate
Precision TPT_'_% Proportion of images predicted defective that are truly defective

an effective balance between computational demand and real-
time performance while preserving capacity for critical UAS
functions such as navigation, communication, and collision
avoidance.
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APPENDIX A
CALCULATION OF PERFORMANCE AND TIME
COMPLEXITIES

When evaluating the model’s performance, True Positives
(TP) represent the number of images correctly classified as
defective, while True Negatives (TN) denote images correctly
identified as non-defective. False Positives (FP) correspond to
non-defective images incorrectly classified as defective, and
False Negatives (FN) refer to defective images incorrectly
classified as non-defective. These metrics, along with their
corresponding calculations, are presented in Table VIII and
illustrated in Fig. 14. To determine the number of trainable
parameters in each layer, the following formulations were
applied. For a convolutional layer, where w X h is the filter

size, c is the number of input channels, and & is the number
of filters, the total number of parameters is defined in Eq. (5):

# of Parameters = (w x h x ¢+ 1) x k (5)

For a dense (fully connected) layer, where n denotes the
number of input units and m denotes the number of output
units, the number of parameters is computed in Eq. (6) as

# of Parameters = (n x m) +m (6)
The total number of operations required per convolutional
layer was calculated using Eq. (7) as below
20exwx h)(M —w+s)(N—h+s)

Total Ops = 5
s

)

where M and N represent the spatial dimensions of the input
feature map and s is the stride length. Similarly, the total
number of operations for a dense layer was determined using

Total Ops = m(2n + 1) (8)

where n and m in Eq. (7) retain their definitions as the number
of input and output units, respectively.
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