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Abstract

Building cracks are among the critical building defects, as they can compromise structural
integrity, occupant safety and building sustainability. Traditional laborious building inspec-
tion methods are cumbersome and erroneous. Computer vision-based crack detection relies
on image recognition and does not analyse the underlying causes or suggest rectification
strategies. This study explores the potential and limitations of multimodal AI models, that
integrate image and text modalities for building crack analysis. As a proof-of-concept,
the vision-language model, CracksGPT was built upon a fine-tuned MiniGPT-v2. It was
trained on custom crack images with text descriptions detailing visual features, possible
causes, and rectification options. It was tested on crack images from a building site in Syd-
ney. When provided with an image of a wall crack, CracksGPT can classify crack patterns
of vertical, horizontal, diagonal, and stair-step and interpret possible underlying causes
with potential rectification strategies. The ROUGE metric was used for language generation
quality evaluation followed by a performance evaluation by building inspection experts.
The model’s performance is sensitive to input image quality and training data limitations,
specifically in complex scenarios, reaffirming the value of expert overseeing. The findings
highlight the potential and limitations of multimodal Al for integrating vision-language
reasoning into building inspections.

Keywords: artificial intelligence; building defects; computer vision; cracks; large language
models; multimodal models; vision-language models

1. Introduction

Building defects significantly impair the structure’s ability to function properly, shorten
its lifespan, and pose safety risks to occupants [1,2]. Identifying such defects, understanding
their root causes, and implementing timely rectifications are critical for ensuring long-term
sustainability [3]. Among the most prevalent defects in buildings are cracks, cladding
issues, and waterproofing failures [4]. These defects are often costly and time-consuming
to detect and repair [5]. A major share of the building maintenance budget is allocated to
rectify such building defects [4].

Among the building defects, cracks are particularly critical. If not diagnosed and
addressed promptly, cracks can severely impact structural integrity and occupant safety [3].
Additionally, cracks can act as entry points for water, leading to significant waterproofing
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problems [6]. Crack severity is commonly classified as minor, medium, or severe, often
based on measurable crack width [7]. Traditional manual inspection methods rely heavily
on subjective judgement and sometimes hazardous when assessing building cracks on mid-
to high-rise structures [8].

Advancements in computer vision and deep learning algorithms have significantly
improved the automated detection of surface wall cracks to replicate human vision [9,10].
These methods employ cameras and algorithmic techniques to collect, process, and analyse
visual information, substantially reducing reliance on labour-intensive and error-prone
manual building inspections [9,11,12]. However, visual data alone is insufficient for a
comprehensive analysis of cracks. To fully understand the causes of cracks and recommend
effective remediation strategies, it is necessary to integrate text information with images.
This need has given rise to multimodal Al models, which combine and interpret data from
multiple sources or modalities, such as images (vision) and descriptive text (language) [13].

This study introduces CracksGPT, a vision-language model, which explores the po-
tential and limitations of multimodal Al for analysing building cracks. It leverages the
strengths of Large Language Models (LLMs), and computer vision to process image—text
combinations [13,14] for detecting cracks based on visual characteristics and interpret-
ing possible causes with potential rectification strategies. The proof-of-concept model of
CracksGPT was developed to visually demonstrate its potential functionality, applying
design science research (DSR) framework [15]. The main research question guiding this
study is: “What are the potential capabilities and current limitations of multimodal Al,
particularly vision-language models, in analysing building cracks for building inspection?”

The manuscript is structured as follows: Section 1 introduces the study, followed by a
review of relevant literature in Section 2. Section 3 outlines the research methodology, and
Section 4 presents the results and discussion. Section 5 concludes the study and outlines
future research directions.

2. Literature Review
2.1. Building Cracks

Buildings regularly subject to minor movements due to factors such as foundation set-
tlement, ground condition changes, and alterations in the building fabric [16]. While many
of these movements are negligible, if the building is unable to accommodate them, cracking
may occur [17]. These cracks, aside from being visually unappealing and concerning for
occupants, may escalate into serious structural issues if not identified and addressed in
time [18]. Surface cracks on building facade can be attributed to factors such as building
age, material degradation, environmental conditions, and construction quality [19]. Cracks
in exterior walls allow rainwater to seep into the building, causing corrosion of internal
steel reinforcements. Over time, this can compromise the waterproofing membrane and
affect the structural performance of the building [20]. The risk of seepage and corrosion
increases with building age, highlighting the significance of early detection and rectification
through effective defect analysis [19].

High-profile structural failures in Australia such as the evacuation of Sydney’s Opal
Tower in December 2018 and Mascot Tower in June 2019 due to the appearance of significant
cracks, have drawn global attention [21]. These incidents have raised serious concerns about
construction quality, structural integrity, effective maintenance and regulatory oversight in
high-rise residential buildings in Australia [22]. These building crack incidents triggered
investigations and legislative reforms related to serious defects, particularly in multi-storey
apartment buildings in New South Wales (NSW), Australia. According to the [23], 53%
of buildings reported serious defects in 2023, a significant increase from 39% in 2021. To
address such frequent problems, legislative reforms such as the Residential Apartment
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Buildings (RAB) Act 2020 and the Design and Building Practitioners (DBP) Act 2020 were
introduced by the NSW Government.

Traditionally, building wall cracks are detected through manual visual inspections by
trained, professionally qualified personnel. While this approach provides direct observa-
tions, it is highly subjective, labour-intensive, and error-prone, especially when inspecting
hard-to-reach areas or subtle micro-cracks [24]. Although tools such as thermal imaging
cameras, borescopes, and drones have been introduced to improve accuracy, these methods
still rely heavily on the inspector’s expertise [25]. Inspectors observe the length, width,
and direction of cracks and track this information over a period to assess the condition of
structures [26]. However, the manual visual-inspection method cannot completely satisfy
the requirements of modern high-rise buildings owing to limitations in terms of access,
safety, accuracy, and efficiency. Thus, reliable crack detection methods are urgently required
to satisfy the practical requirements [25]. Over the years, detection methods have evolved
significantly, moving from manual inspections to advanced Al approaches using computer
vision and deep learning to analyse images of building cracks [2,9].

2.2. Role of Computer Vision in Image-Based Crack Detection

There has been a growing adoption of image-based techniques leveraging digital
technologies for the detection of cracks in building walls. Various semi-automated crack
detection methods have been explored to capture images, including the use of stereoscopic
cameras, terrestrial laser scanners, and unmanned aerial vehicles (drones) [27]. These inno-
vations have significantly advanced computer vision-based building inspections based on
image processing and analysis [11,28]. To classify cracks effectively during exterior wall in-
spections, computer vision systems frequently classify them based on visual characteristics,
such as shape, orientation, and patterns [1,29] as shown in Figure 1.

Oy Iy

Horizontal Crack Vertical Crack
Diagonal Crack Stair-step Crack

Figure 1. Crack classification for computer vision models. Source: (Lai, 2020 [29]).

With computer vision techniques, the emergence of deep learning, a subset of machine
learning, has further transformed image-based crack detection based on the visual charac-
teristics. Deep learning models, particularly convolutional neural networks (CNNs) have
demonstrated high accuracy in detecting cracks in building walls [1]. The process starts
with collecting and labelling a large image set of cracks, which is then pre-processed to
improve model performance. The CNNs learn to detect patterns such as edges and textures
that indicate cracks. Once trained, the model can detect, classify, and locate cracks in new
images [9,25].

Training deep learning models incurs high computational costs and programming
complexities. Their effectiveness depends on access to large and diverse datasets, which are
often difficult to collect and analyse [30]. Images with complex and ambiguous crack pat-
terns captured under inconsistent lighting, varying surface textures, and material variability
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further complicate accurate crack detection in real-world conditions [25,31]. Although
visual data plays a crucial role in detecting building cracks, on its own, image-based
analysis is not sufficient to analyse building cracks. To fully understand the underlying
causes of building defects and recommend effective remediation strategies, text information
should be combined with visual inputs [32]. Multimodal Al models have been designed
to process and interpret data from multiple sources, such as images and descriptive text,
simultaneously [33].

2.3. Multimodal Al Models and Vision—Language Models

Multimodal AI models are inspired by the way humans naturally perceive the world
aiming to process and integrate data from multiple sources such as text, images, audio,
and video for a more comprehensive understanding [33]. The capabilities of such models
have demonstrated significant success across diverse fields such as healthcare diagnostics,
robotics navigation, and environmental monitoring [34,35]. The advancement of Generative
Al driven by LLMs and Generative Pre-trained Transformer (GPT) model architecture has
significantly accelerated progress in multimodal Al These innovations laid the groundwork
for conversational Al platforms such as ChatGPT [36], which provide more intelligent inter-
actions with multimodal data. Although initially designed for text, GPT model architecture
has proven highly effective across other modalities due to their self-attention mechanisms
and ability to model long-range dependencies [34].

The success of computer vision and natural language processing models has prompted
researchers to combine these techniques in developing vision-language models (VLMSs) [37].
VLMs are capable of jointly processing visual data (images, videos) and language data (text,
voice) [34]. By integrating visual and language inputs, these models can produce more
effective and accurate results in image captioning, visual question answering, and text-to-
image generation [33,35]. To train these models efficiently, researchers use vision-language
pre-training, where large datasets of image—-text or video—text pairs help the model learn
shared representations of visual and textual information [38]. As ref. [39] explain, vision
is the main input in these models and is often combined with text or audio to create a
more complete contextual understanding. To process visual data, VLMs often use CNNs
or Vision Transformers (ViTs). For processing text, they rely on language models such as
Bidirectional Encoder Representations from Transformers (BERT) [40] or GPT. Transformer-
based models (GPTs) are especially popular in multimodal Al because they are scalable,
flexible, and can handle different types of data effectively [35].

Several well-known models demonstrate how vision and language work together. For
example, Contrastive Language-Image Pretraining (CLIP) learns to align images and their
corresponding text within a shared feature space, enabling the model to understand the
relationship between visual content and language [35]. ViTs use attention mechanisms
to capture global patterns in images, allowing more effective alignment between visual
and textual information than CNNs. As a result, ViTs are now widely used as the visual
backbone in modern multimodal models such as CLIP, offering enhanced generalisation
and interpretability [37].

VLMs prove that it is feasible to build strong multimodal models without large-
scale training [39]. The developments in multimodal vision-language models have shown
notable progress in aligning visual and textual representations. For example, LLaVA-1.5 [41]
and Qwen-VL [42] have demonstrated significant advances in multimodal alignment and
large-scale visual-language training. Nevertheless, at the time of their release, these
frameworks and associated checkpoints were still undergoing active development, making
them less stable and therefore less suitable for integration into a focused, small-scale proof-
of-concept study. MiniGPT-v2 [43] integrates a vision transformer with the LLaMA 2 Chat
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7B language model (LLM from Meta Al), through a lightweight connector. The input image
is first processed by the ViT to extract visual features, which are then mapped into the
language model’s input space using the connector. These adapted embeddings, along with
text prompts, are then processed by the LLaMA 2 model to generate outputs. MiniGPT-v2’s
well-documented implementation enables stable fine-tuning and effective visual-textual
reasoning using modest GPU resources. This makes MiniGPT-v2 faster and easier to train
while remaining capable of generating detailed image descriptions [44].

Despite these advances, recent studies have highlighted that developing appropriate
evaluation metrics for multimodal Al models is an ongoing research challenge. As ref. [45]
note, the current evaluation metrics focus on recognition accuracy and text similarity,
overlooking measures of reasoning quality and interpretive accuracy. Similarly, ref. [46]
emphasise the importance of complementing text-based evaluation metrics with expert
evaluation to assess the factual and contextual validity of VLM outputs.

2.4. Research Gaps

Despite significant advancements in computer vision and deep learning for crack
detection, the existing models focus primarily on visual data. Image-based computer
vision methods cannot interpret the underlying causes of cracks or suggest rectification
strategies, as visual information alone is insufficient for comprehensive crack analysis.
While multimodal AI models, such as VLMs, have demonstrated success in domains
such as healthcare and robotics, their application in the built environment, specifically in
defect diagnosis of buildings, remains limited. Additionally, many VLMs require extensive
datasets and computational resources, causing practical challenges for domain-specific
implementation in the built environment. Although lightweight models such as MiniGPT-
v2 show promise, their application to specialised domains like building crack analysis
remains limited. Existing studies have not yet examined the potential and the limitations
of such trained models in identifying cracks, interpreting possible causes, or suggesting
rectification strategies. Furthermore, limited research exists on how building inspection
professionals perceive such models.

3. Methodology

This study employs the DSR framework as the underlying methodology, as it provides
a structured approach to solving practical problems through the development of techno-
logical artefacts [15]. The DSR process involves five key stages: identifying the problem,
defining the objectives for a solution, designing and developing the artefact, demonstrating
its functionality, and evaluating its performance to inform further refinement. This process
was mapped with the research process of the study.

In this study, the problem was identified through a literature review. This revealed that
while advances in computer vision have significantly improved automated building crack
detection, both visual and textual information are needed to analyse cracks. The aim was
to explore the potential and limitations of VLMs for analysing building cracks. During the
design and development stage, a VLM proof-of-concept model named CracksGPT, was built
on a fine-tuned MiniGPT-v2 model. It was trained on a custom crack image dataset with
text descriptions detailing visual features, possible causes, and rectification options. The
functionality of CracksGPT was demonstrated with its ability to process multimodalities of
vision (images) and language (text) in the crack analysis context. Overview of the research
process is in presented in Figure 2.
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Figure 2. Overview of the research process.

Followed by the data collection and model development, the CracksGPT was tested to
demonstrate the functionality. The model was evaluated using ROUGE metric for language
generation quality, followed by expert feedback for further refinement. The following
sections describe the research process in detail.

3.1. Data Collection

Building wall crack images were collected using published online datasets from
previous research [9,47,48]. To ensure representativeness, images were collected to cover
diverse crack types (vertical, horizontal, diagonal, and stair-stepped), severity levels, and
environmental contexts varying in lighting, materials, and surface finishes. The dataset also
contained complex crack patterns, including intersecting, branching, and multi-directional
cracks. This visual and contextual diversity provided the foundation for the proof-of-
concept model. The corresponding text descriptions related to the nature of the crack,
potential common underlying causes and rectification strategies based on severity were
collected based on literature [49,50]. From each crack category, 400 images were selected
and labelled based on their appearance (vertical, horizontal, diagonal and stair-stepped).

To enhance the scale and diversity of the training data, prompt engineering techniques
were used during the training process by systematically combining key attributes (“crack

v

type”,
based on severity” and “professional consultation with a human expert”), resulting in a

”ou VZa7i

general appearance”, “possible common causes”, “potential rectification strategies

dataset of 4000 image—-text pairs. This was mainly achieved using synonym substitution
and rewording strategies that preserved the original meaning.

The model was fine-tuned from MiniGPT-v2, which jointly processes image embed-
dings and textual prompts to generate responses and learns visual-text relationships during
training. To demonstrate an example of the training process, a “horizontal crack” type was
selected. First, all the images collected under this category were labelled as “horizontal
crack”. Then, the text descriptions for training were prepared as per Table 1. The attributes

are “crack type”, “general appearance”, “possible common causes”, “potential rectification
strategies based on severity” and “professional consultation with a human expert”.
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Table 1. Example of the model training process.

Attribute Text Description Example Used for Training

Crack type

Horizontal crack

Horizontal cracks in walls are generally aligned parallel to the ground and appear along the
General appearance length of the wall. They might range up to about 5-10 degrees. These cracks are typically
observed at points where the lateral pressure is most effective.

Check whether the wall is a foundation wall, a basement wall, an internal partition wall or a
structural wall.

Horizontal cracks are often caused by lateral pressure exerted by the surrounding soil,
particularly due to changes in soil moisture content. As the soil expands and contracts, it can
exert lateral pressure on the walls, leading to cracking. Another reason would be hydrostatic
pressure. Water accumulating in the soil around a building’s foundation can create
hydrostatic pressure, pushing against the walls and leading to cracking. Inadequate
reinforcement, poor material quality, or improper curing during construction can lead to
horizontal cracks. If upper levels are added or modified without adequately reinforcing the
lower structures, it can exceed the design capacity of the walls or foundation and cause
horizontal cracks. Uneven settling or heaving of the soil, often caused by frost or expansive
soil in cold climate regions, can lead to horizontal cracking.

Possible common causes

To determine the strategies for rectifying the cracks, the severity of the crack needs to be
identified. To define the severity of cracks, refer to the guidelines provided by the Building
Research Establishment (BRE) Digest 251 (2014) [51].
0—Hairline cracks: Less than 0.1 mm in width.
1—Fine cracks: Up to 1 mm in width.
2—Cracks easily filled: Up to 5 mm in width.
3—Cracks that require opening: Widths of 5-15 mm.
4—Extensive damage: Widths of 15-25 mm.

Potential rectification strategies based on severity =~ 5—Structural damage: Widths greater than 25 mm.
In general, categories 0, 1, and 2 with crack widths up to 5 mm can be regarded as minor
cracks and “aesthetic” issues that require only redecoration. Categories 3 and 4 can generally
be regarded as moderate cracks causing ‘serviceability” issues, which affect the tightness of
the building and the operation of doors and windows. Category 5 presents serious cracks
with “stability” issues and is likely to require structural intervention.
For minor cracks, epoxy injections can be used to fill the cracks, sealing them and preventing
water intrusion. Monitor the cracks for changes and further development over time. For
moderate to serious cracks, professional consultation is needed for rectification purposes.

CracksGPT is an Al tool and cannot provide context specific advice. Consulting with a
professional (building inspector, building surveyor, general contractor, specialised crack
rectification contractor, structural engineer), is crucial to diagnose the exact causes of cracks
and select the most appropriate rectification techniques.

Professional consultation with a human expert

3.2. Model Development and Evaluation

The model (CracksGPT) was developed using a fine-tuned version of MiniGPT-v2 [43]
selected for its unified interface and robust capability in handling diverse vision-language
tasks. The model was trained to analyse building wall cracks from uploaded images using
predefined prompt questions. These prompt questions were designed to reflect the typical
inquiries a user might have, enabling the model to generate relevant answers regarding the
crack’s characteristics, underlying causes, and potential remedies as explained below.

e  Type of the crack based on the visual appearance and the appearance and location of
the crack in general.

<What is this crack>, <Tell me about this crack>, <Tell me about the image>, < What
is the type of this crack>
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e  Potential causes behind the occurrence based on the type of crack.

<What can be the causes of this crack>, <What are the potential causes>, <What caused
this crack>, <How did this crack occur>

e Potential solutions and contacting a human expert based on the recommendations

<How to fix this crack>, <How to rectify this>, <How to repair this crack>, <What are
the potential solutions>

The model’s pipeline is shown in Figure 3. This pipeline begins by processing the
input image through a patch-based image encoder, whose outputs are mapped into the
Llama 2 embedding space. These visual features are then combined with a textual query
and passed to the language model to generate an answer. During the training process, only
the language model parameters were fine-tuned, using the Low-Rank Adaptation of Large
Language Models (LoRA) method [52], to adapt the system for crack analysis.

4 This image shows a stair-step shaped crack on a brick 2

wall. These cracks typically appear in masonry structures,
such as brick or block walls. The stair-step cracks follow
the joints between bricks or blocks, creating a zigzag
\_ pattern that resembles the steps of a staircase. )
7y
r ™
Llama 2
L J
7'y T
( . ) Question Prompt
PrOJectlon Layer <SoS>Describe the
~ ’y - image.<EoS><Img>
P 3
Image Encoder
| J

() Frozen () Trainable

Figure 3. CracksGPT Pipeline.

Given an input image and a question prompt, the model generates a text-based answer
derived from the image. The image is first divided into patches, which are processed by
the image encoder to produce image embeddings. These embeddings are projected into
the Llama 2 embedding space through a projection layer. The projection layer output,
combined with the question prompt, is then passed to Llama 2, which produces the final
answer. Since MiniGPT-v2 already aligns the image encoder and Llama 2, only the Llama
2 language model was fine-tuned using the LoRA method. In the diagram, “blue colour”
indicates unchanged model parameters, while “orange colour” indicates parameters that
are updated. The tokens <SoS>, <EoS>, and <Img> denote the start of sentence, end of
sentence, and image token, respectively.

Model training was conducted on a Linux-based multi-GPU workstation equipped
with four NVIDIA RTX 3090 GPUs (24 GB VRAM each) and 64 GB of RAM, with a total
training time of approximately 14 h. The model was configured with an input image size
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Image

of 448 x 448 pixels and a maximum text length of 1024 tokens. Training used the AdamW
optimiser with linear warm-up (500 steps, learning rate 1 x 10~°) followed by cosine decay,
starting at 1 x 107> with a minimum of 1 x 107, and weight decay of 0.05. A per-GPU
batch size of 2 was employed. To reduce computing cost, LORA was applied with a rank
of 64 and a scaling factor of 16. In this study, all experiments were conducted under a
controlled and consistent environment using a single hardware configuration to ensure
reproducibility and to isolate the effects of fine-tuning from hardware variability. The user
interface of the trained and developed model is presented in Figure 4.

CracksGPT

Drop Image Here

Click to Upload

Temperature

Restart

0.6

= Select Questions

Tell me about this crack. What is this crack? What is the type of this crack?

Figure 4. User interface of CracksGPT.

For evaluation, the trained model was tested using real-world images of building wall
cracks representing vertical, horizontal, diagonal, and stair-stepped types captured from a
building site in Sydney, Australia.

4. Results and Discussion

The initial performance assessment of CracksGPT was conducted internally by the
research team using the test images, focusing on evaluating model’s potential of the work-
flow, usability, and reasoning capabilities. Figure 5 illustrates part of a sample interaction
with CracksGPT, using a horizontal wall crack.

When a building wall crack image is uploaded, CracksGPT prompts the user to
ask a question to identify the crack type based on the shape. It then offers insights into
the typical appearance and common locations of that crack type on a wall. The user
is subsequently prompted to explore potential causes, supported by a list of frequently
associated contributing factors. In the next step, the user is prompted to assess the severity
of the crack, upon which the model recommends potential rectification strategies. Through
the internal assessment conducted by the research team, it was found that the model
successfully identified the crack types from uploaded images, most commonly stair-stepped
cracks. The identification of underlying causes and rectification strategies for stair-stepped
cracks is aligned with descriptions in existing literature. On average, the model generated
an analysis within 10 s.
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Temperature

Restart

CracksGPT Demo

& || X 5 CracksGPT

The image contains a Horizontal crack which is typically observed at
points where the lateral pressure is most effective; such as just below
ground level in basements or at the height where soil accumulates
against a retaining wall.. This type of crack generally aligns parallel to
the ground; appears along the length of the wall; has an angle of O
degrees relative to the horizontal plane,; might range up to about 5-
10 degrees depending on specific structural conditions and forces
impacting the structure; is typically straight or slightly undulating
depending on the wall material and the nature of the forces acting

0.6

on the wall or might sometimes appear wavy or jagged based on
variations in the material strength or the presence of underlying
reinforcements.

= Select Questions

What can be the causes of this crack? What are the potential causes?

Figure 5. A sample interaction with CracksGPT.

4.1. Internal Trials and Evaluation

The existing evaluation metrics for VLMs measure recognition and text similarity but
not reasoning or interpretive accuracy [45,46]. The research team employed the ROUGE
(Recall-Oriented Understudy for Gisting Evaluation) metric to assess the performance of
CracksGPT model. ROUGE is a widely adopted metric to evaluate generative Al tasks such
as text summarisation, content generation, and question answering [53]. ROUGE evaluates
the quality of Al-generated text by measuring its similarity to reference (human-written)
outputs, focusing on overlapping word sequences and word pairs. Higher ROUGE scores
indicate closer alignment with human-written responses, reflecting improved fluency
and accuracy. The trials compared the performance of CracksGPT with its base model,
MiniGPT-v2 using ROUGE. In this study, the human-written outputs were developed by
the research team based on relevant literature. ROUGE was applied to assess the extent to
which CracksGPT’s generated descriptions, such as crack type classification, identification
of potential causes, and suggestion of rectification strategies, corresponded with the human-
written outputs. The evaluations were conducted at two levels: (1) per-response, comparing
individual model outputs with their corresponding human-written outputs; and (2) full-
conversation on a crack analysis, comparing the entire Al-generated dialogue to a complete
human-written version. The results of these evaluations are summarised in Table 2.

ROUGE-1 measures the overlap of single words (unigrams) between the generated
and human-written texts, providing a basic indication of content similarity. ROUGE-2
evaluates the overlap of word pairs (bigrams), reflecting the fluency and logical ordering of
the generated content. ROUGE-L focuses on the longest common subsequence, capturing
the sentence-level structure and coherence. Precision indicates the proportion of the Al-
generated content that is relevant, while recall reflects the proportion of relevant content
from the human-written text that the Al successfully captured. The F-measure (F1 score)
represents the harmonic mean of precision and recall, offering a balanced assessment of
overall performance.

As shown in Table 2, CracksGPT consistently outperforms the base model, MiniGPT-
v2, across both evaluation levels. In the per-response comparison, CracksGPT shows
improvements of +24.70% in precision, +27.54% in recall, and 29.81% in F-measure over
MiniGPT-v2 (Row 3 vs. Row 6, ROUGE-L). Similarly, in the full conversation comparison,
CracksGPT achieves an increase in +24.72% in precision, +24.96% in recall, and +28.47% in



Buildings 2025, 15, 4327

11 of 17

F-measure (Row 9 vs. Row 12, ROUGE-L). These results underscore CracksGPT’s ability
to generate accurate, coherent, and human-aligned responses. The ROUGE metric score
indicates the similarity between the Al outputs generated and human-written (reference)
outputs. Higher scores indicate higher similarity between the summary and the reference.
However, several limitations emerged during testing.

Table 2. Evaluation of the CracksGPT model using the ROUGE metric.

ROUGE Score
No. Model Metrics Rouge Precision Recall F1 Score
1 ROUGE Rouge-1 0.1786 0.5381 0.2351
2 MiniGPT-v2 Lo roshonse Rouge-2 0.0350 0.1163 0.0486
3 Rouge-L 0.0978 0.2852 0.1235
4 Rouge-1 0.4347 0.7081 0.5315
5 CracksGPT pelr{?eg;ise Rouge-2 0.2922 0.4743 0.3570
6 Rouge-L 0.3448 0.5606 0.4216
7 ROUGE Rouge-1 0.1877 0.7075 0.2967
8 MiniGPT-v2 per Rouge-2 0.0549 0.2069 0.0868
9 conversation Rouge-L 0.0822 0.3099 0.1299
10 ROUGE Rouge-1 0.4709 0.7999 0.5928
11 CracksGPT per Rouge-2 0.3257 0.5532 0.4100
12 conversation g ee L 0.3294 0.5595 0.4146

As with many LLMs, instances of Al hallucinations were observed [44], where the
model sometimes confidently generated inaccurate or unsupported information. These
were particularly evident in the suggested causes and rectification strategies. Such cases
emphasise the importance of encouraging users to critically evaluate Al-generated content
through independent research and consultation with qualified professionals. Due to
these limitations, the model was designed to consistently prompt users to seek expert
assessment because building cracks can appear complex, even to the human eye. The
current version of the model faces some challenges in detecting cracks in complex scenarios,
such as those with subtle angles that make it difficult to categorise them accurately. It
also struggles to analyse images containing multiple cracks simultaneously, which can
lead to misinterpretations. Furthermore, the model lacks the ability to recognise the
underlying building material or wall surface type, which can limit the contextual accuracy
and precision of the diagnostic recommendations. These challenges are largely attributed to
dataset limitations and inherent constraints in computer vision accuracy [2,9]. The model’s
recommendations serve as general guidance. Therefore, the internal trials demonstrated
the model’s potential value in educational and exploratory contexts.

4.2. Expert Evaluation Results Analysis

In addition to the internal performance assessment, five in-person interviews were
conducted to obtain expert feedback on CracksGPT’s usability and real-world applicability.
The approval to conduct interviews with five building inspectors possessing expertise in
crack diagnosis and digital technologies was granted by the University Human Research
Ethics Committee (reference: ETH25-10718). The experts were provided with access to the
CracksGPT model and a test image dataset to facilitate their evaluation. They also had
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the option to upload their own crack images to further assess the model’s performance on
real-world samples. The profile of the respondents is presented in Table 3.

Table 3. Respondents’ profile.

Expert ID Designation Experience
Managing Director and a licensed
El Building Inspector of a Sydney based Over 30 years
home inspection company
B2 Lead Building Ir.15pecto.r of a Sydney Over 23 years
based property inspection company
B3 Lead ]iulldlgg Inspgctor Sydney based Over 20 years
ome inspection company
F4 Licensed Bulldmg. Inspecjfor of a Sydney Over 17 years
based property inspection company
Licensed Property Inspection Specialist of
E5 a Sydney based property Over 15 years

inspection company

The qualitative data collected from the interviews were structured around questions
related to the user interface, detection accuracy, reasoning and logic, and real-world ap-
plicability. These were analysed using content analysis following the approach of ref. [54].
This analysis enabled the extraction of experts’ insights into CracksGPT’s capabilities and
its practical applicability, as discussed below.

(1) User interface

All five experts found the CracksGPT interface to be user-friendly. The model’s struc-
tured interaction was considered particularly beneficial for users who may lack experience
in performing crack analysis. As noted by E3, “I like how it mimics the way I explain issues to
clients during an inspection—question by question, step by step”. E1 and E4 emphasised the
importance of flexibility in the interface, suggesting that users with diagnostic experience
should have the option to engage with open-ended queries in addition to the model’s
prompted questions. E2 and E5 raised concerns about the workflow surrounding the crack
severity assessment step and recommended streamlining this component with open-ended
prompts by the user to improve the overall user experience.

(2) Detection accuracy

Experts generally agreed that CracksGPT was reliable in identifying common crack
types, including vertical, horizontal, and stair-step cracks. However, they noted limitations
in distinguishing diagonal cracks from vertical ones, particularly when the angle was not
clear. As E1 explained, “CracksGPT detected most cases well, mostly the stair-stepped cracks but
with diagonal cracks especially the ones with a small angle, it generated incorrect classifications”.
All experts also highlighted a significant limitation when analysing images containing
multiple cracks. They stated that in such instances, the model generated inaccurate and
fabricated responses. E3 and E4 further pointed out that the model has not been trained to
detect complex crack patterns, such as those resembling spider webs, and currently relies
on the four predefined crack types. However, they acknowledged that cracks with complex
patterns are challenging even for experienced inspectors and are prone to misclassification
by an Al model. E2 and E5 recommended adding a user prompt that asks users to upload
images containing only one crack, corresponding to one of the four types currently detected
by CracksGPT.
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(3) Reasoning and logic

Most experts (E1, E2, E4) acknowledged that the model provided credible general
causes and rectification strategies for most cases. Despite occasional misclassifications, the
model’s logic was generally viewed as reasonable and consistent with standard inspection
practices. As E4 noted, “The logic behind its classification made sense most of the time. It wasn't
just random guesses.” E3 and E5 pointed out that some of the model’s recommendations
lacked the nuance needed for more complex scenarios. They highlighted the model’s
inability for users to provide details related to key contextual factors such as building
materials, age of the structure, structural changes, environmental changes, and weather
changes, all of which are critical for improving contextual accuracy of the diagnosis. They
explained that this limitation could result in Al generating inaccurate and fabricated
information in complex cases. All experts appreciated the inclusion of a disclaimer that
clearly communicated the model’s limitations. They stressed the importance of reminding
users that CracksGPT, an Al model, is not capable of offering context-specific advice.
While the model demonstrates the potential of Al to support crack analysis, users should
be encouraged to consult qualified professionals for accurate assessment and tailored
rectification strategies.

(4) Real-world applicability

CracksGPT was recognised by all the experts as a promising decision-support tool
with practical value in both professional and educational contexts, with more future de-
velopments. While not intended to replace human expertise, E2, E4 and E5 emphasised
CracksGPT’s potential for preliminary screening before a detailed manual review. E2
explained, “CracksGPT could serve as an initial aid to help residential property owners or less-
experienced personnel identify potential defects before a professional inspection”. E1 and E3
highlighted CracksGPT’s usefulness in educational and training environments, particularly
for junior inspectors or students learning the fundamentals of building defect diagnosis.
E5 noted, “There is a potential application of CracksGPT as an initial screening tool in regional
and remote areas, where access to licensed building inspectors may be limited”. All respondents
agreed that Al-generated outputs should not replace professional judgment in real-world
settings. They emphasised the importance of positioning CracksGPT strictly as an assistive
tool rather than a definitive diagnostic system.

The analysis of expert insights played a critical role in informing the refinement of
CracksGPT for future developments. While there were some discrepancies in experts’
opinions, they were minor, natural, and constructive rather than contradictory because
experts bring diverse experience and interpretive lenses.

4.3. Potential and the Limitations

By moving beyond manual inspection methods, CracksGPT highlights the potential
of multimodal Al for integrating vision-language reasoning into building inspections.
The findings demonstrate CracksGPT’s potential to enhance building crack awareness
and support early identification of structural issues through Al-assisted analysis that
extends beyond image-based deep learning models such as YOLO and Mask R-CNN.
CracksGPT could serve as an initial screening tool for homeowners, helping them recognise
visible building cracks before professional assessment, and as an educational aid for junior
building inspectors and students, fostering understanding of crack types, causes, and
repair strategies.

Several limitations were identified during the development and evaluation of Cracks-
GPT. The model is sensitive to input image quality. Variations in lighting, resolution, and
noise can substantially affect its ability to accurately interpret crack features. The model
exhibits limitations in accurately distinguishing visually similar crack orientations and
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becomes less reliable when analysing images that feature multiple cracks, intersecting
geometries, or intricate morphological patterns. These performance gaps largely reflect
limitations in the underlying dataset as well as the constraints inherent to current com-
puter vision techniques. Because CracksGPT was not trained on contextual structural
and environmental metadata, it is unable to incorporate important contextual cues such
as building materials, surface conditions, construction methods, structural loading, and
weather-related effects. The model’s susceptibility to generating inaccurate information in
complex diagnostic scenarios, results from Al hallucinations inherent in LLMs.

5. Conclusions and Future Directions

This study introduced CracksGPT, a novel vision-language Al model, as a proof-of-
concept. The model was designed to integrate visual crack detection using images with
text-based natural language guidance. Using a DSR approach, CracksGPT was built on a
fine-tuned MiniGPT-v2 model. When provided with an image of a wall crack, the trained
model classifies cracks into vertical, horizontal, diagonal, and stair-step categories and
interprets possible underlying causes with potential rectification strategies. The model
significantly outperformed its base model, MiniGPT-v2, as demonstrated by substantial
improvements in ROUGE scores for language generation quality.

The study contributes both methodologically and practically to the growing body of
knowledge on Al-assisted building inspections. The study also draws attention to the Al
models’ limitations in handling complex or highly context-specific scenarios. Al models in
this context must be deployed with transparency and supported by clear communication of
its constraints. This reinforces the need for human expert verification to ensure that outputs
are interpreted appropriately. This study also underscores the importance of positioning
Al models strictly as supportive tools rather than definitive diagnostic systems. Therefore,
the broader implication is that this study highlights the boundaries between automation
and human expertise and calls for the ethical and responsible deployment of Al models
within the built environment.

Future research should prioritise advancing CracksGPT’s visual detection capabilities
through a comprehensive model training process supported by a high-quality, large and
diverse image dataset including different crack morphologies captured under various light-
ing, environmental and material conditions. To further expand dataset diversity, synthetic
data with morphology-preserving augmentation, such as mild geometric jitter, photo-
metric variation, could also be used. Validating the model’s robustness across different
hardware platforms represents an important step toward reliable real-world deployment.
Simultaneously, incorporating contextual parameters specific to the building and the sur-
roundings will be essential to enhance natural language diagnostic logic. Additionally,
future iterations could expand the model’s diagnostic scope to cover other types of building
defects beyond cracks through more comprehensive field testing using more advanced
models such as LLaVa-NeXT and Qwen-VL-Chat. Integrating expert-in-the-loop feedback
mechanisms could enhance the model’s diagnostic accuracy and foster greater user trust.
Cross-domain validation and large-scale field testing with building inspectors, builders,
building managers, facility managers, valuation professionals, and insurance companies
will be essential before the integration of CracksGPT into real-world building inspection
and maintenance workflows.
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