
Citation: Estêvão, J.M.C. Effectiveness

of Generative AI for Post-Earthquake

Damage Assessment. Buildings 2024,

14, 3255. https://doi.org/10.3390/

buildings14103255

Academic Editor: Mizan Ahmed

Received: 12 September 2024

Revised: 9 October 2024

Accepted: 10 October 2024

Published: 14 October 2024

Copyright: © 2024 by the author.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

buildings

Article

Effectiveness of Generative AI for Post-Earthquake
Damage Assessment
João M. C. Estêvão 1,2

1 ISE—University of Algarve (UAlg), Campus da Penha, 8005-139 Faro, Portugal; jestevao@ualg.pt
2 CIMA—Centre for Marine and Environmental Research, ARNET—Infrastructure Network in Aquatic

Research, UAlg, Campus de Gambelas, 8005-139 Faro, Portugal

Abstract: After an earthquake, rapid assessment of building damage is crucial for emergency re-
sponse, reconstruction planning, and public safety. This study evaluates the performance of various
Generative Artificial Intelligence (GAI) models in analyzing post-earthquake images to classify struc-
tural damage according to the EMS-98 scale, ranging from minor damage to total destruction. Correct
classification rates for masonry buildings varied from 28.6% to 64.3%, with mean damage grade errors
between 0.50 and 0.79, while for reinforced concrete buildings, rates ranged from 37.5% to 75.0%,
with errors between 0.50 and 0.88. Fine-tuning these models could substantially improve accuracy.
The practical implications are significant: integrating accurate GAI models into disaster response
protocols can drastically reduce the time and resources required for damage assessment compared
to traditional methods. This acceleration enables emergency services to make faster, data-driven
decisions, optimize resource allocation, and potentially save lives. Furthermore, the widespread
adoption of GAI models can enhance resilience planning by providing valuable data for future
infrastructure improvements. The results of this work demonstrate the promise of GAI models for
rapid, automated, and precise damage evaluation, underscoring their potential as invaluable tools
for engineers, policymakers, and emergency responders in post-earthquake scenarios.

Keywords: post-earthquake damage assessment; generative artificial intelligence; damage classification;
EMS-98 scale

1. Introduction

In regions with a history of destructive earthquakes, it is vital for communities to be
prepared to respond effectively to such natural disasters. Improving the ability to quickly
and safely assess the seismic vulnerability of affected buildings, based on the damage they
have sustained, plays a crucial role in ensuring a swift and effective response.

In large-scale disasters, such as the earthquake that struck Turkey in 2023, thousands
of individuals may be required to assess the degree of damage to buildings affected by
an earthquake [1]. This assessment is essential for ensuring that buildings can be safely
used and must be conducted as quickly as possible, often under emergency conditions.
However, post-earthquake damage assessment is a complex task, which is particularly
challenging when relying solely on visual inspection, given the various types of damage
that may occur in buildings affected by seismic vibrations [2–4].

In this context, it is crucial to explore the potential use of artificial intelligence (AI)
algorithms for assessing building damage following a devastating earthquake. This ap-
proach can be particularly valuable when there is a limited number of available human
resources to perform the task. AI (refer to the list of abbreviations in Abbreviations) can
assist in identifying severe damage or collapses, which may involve potential victims, as
well as in evaluating less critical damage that could still affect the safe occupancy of build-
ings. Addressing these issues promptly is essential to managing the number of displaced
individuals, who also require timely assistance.
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There is a wide variety of AI algorithms, which can be categorized into several subcat-
egories (Figure 1). These AI algorithms possess different capabilities, making it essential to
understand some fundamental concepts before selecting one to address a specific problem.
For example, some AI algorithms are particularly effective in handling classification tasks,
others are better suited for addressing regression problems, and some are optimized for
solving complex optimization challenges [5,6].
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The use of AI in the context of earthquake engineering is not a new concept. For
example, in 1998, Estêvão was one of the first researchers in Portugal to propose the
application of AI in seismic risk assessment for buildings. Specifically, in his MSc thesis [8],
he presented the idea and used a combination of a fuzzy expert system with a deep learning
(DL) system based on multi-layered feedforward neural networks (NN), utilizing an Error
Backpropagation Learning Algorithm. That generation of researchers was significantly
influenced by the success of the AI system known as DeepBlue, which, for the first time
in human history, was able to defeat the world chess champion, Kasparov, in 1997 [9].
It is important to highlight that, at that time, the wide array of AI libraries for various
programming languages (such as Python or C#) that we have today did not exist. Therefore,
these algorithms had to be studied in great detail before they could be implemented in
software, as was the case with the NEUNET software [8]. However, this line of research
often remained stagnant for many years. For example, Estêvão’s study [8] was only partially
published in a journal almost 20 years after it was initially presented, now including results
from nonlinear analyses used to train the neural networks (NN) [10]. This approach
was later extended to the context of schools [11], following the PERSISTAH project [12].
The temporal gap in the adoption of AI for various applications was largely due to the
evolution of AI itself and advancements in computational systems. In the past, there was
a significant limitation in the computational power required to train deep learning (DL)
systems. Additionally, a substantial portion of the scientific community was highly skeptical
about the use of AI, which hindered the formation of collaborations, the acquisition of
funding, and made it challenging to get AI-related research in earthquake engineering
published in scientific journals. This resistance was also evident in other scientific fields,
such as computer vision. A pertinent example is a paper submitted to a conference by
Yann LeCun and his collaborators, which was rejected because the scientific community at
the time did not believe that deep learning systems could learn to classify images solely
from examples [13]. It is important to highlight that Yann LeCun was a pioneer in using
Convolutional Neural Networks (CNN) for image recognition [14], and today he is a well-
known and highly awarded researcher. In essence, there were two prevailing perspectives:
on one side were the researchers who had an intuition about the potential of DL, and on the
other side was the majority of researchers who were highly distrustful of these capabilities,
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primarily because they viewed these systems as “black boxes” where humans could only
control the training process of the AI system, not what it learned.

A significant turning point in the perception of DL capabilities occurred in 2012 with
the advent of the widely recognized AlexNet [13,15], which demonstrated its effectiveness
in accurately classifying various types of images. This shift in perception was further
reinforced in 2016 when AlphaGo defeated a world champion human player in the game of
Go, followed by AlphaZero’s remarkable performance in chess [9]. However, DL systems
require substantial amounts of data to ensure the proper training of neural networks;
otherwise, issues like overfitting may arise [10]. In the domain of computer vision, strategies
must also be developed to combat overfitting, especially when there is an insufficient
number of images available, such as employing distinct forms of data augmentation [13].

With the emergence of the transformer architecture in 2017 [16], followed by its
application in natural language processing (NLP) [17], generative artificial intelligence
(GAI) gained significant visibility within the scientific community. This visibility extended
to the general public in November 2022 with the release of ChatGPT, showcasing its
potential across various domains [6]. Today, the conversational abilities and cognitive
performance exhibited by the most recent large language models (LLMs) are already
evident [18], particularly in the chatbots currently in use.

In the context of post-earthquake damage assessment, several methods for the rapid
and automatic evaluation of building damage were recently tested. The first attempt
to use remote sensing imagery for earthquake damage mapping, still preliminary in na-
ture, occurred during the 1906 San Francisco earthquake in California, USA, where aerial
photographs of the affected areas were obtained. The first use of satellite images likely
dates back to 1972, concerning the 1964 Alaska earthquake [19]. Currently, the methods
typically proposed rely on satellite images, aerial views, images captured by unmanned
aerial vehicles (UAVs) at the building level, or combinations of these image sources [19–23].
Many of these methods employ various types of AI algorithms, such as Support Vector
Machines (SVM) and Random Forest (RF), which are ML algorithms, or CNNs, which are
DL algorithms [19,24–26].

RF is an algorithm typically used to solve regression or classification problems. In the
context of post-earthquake scenarios, these algorithms can be trained to classify the extent
of building damage into categories such as “standing” and “collapsed” over large areas
using imagery [27].

SVM is a supervised learning algorithm primarily used in classification problems,
allowing the assignment of a damage grade based on the distance of a result to a hyperplane
that divides the data into classes [28].

The use of CNNs is, very likely, the most widely adopted strategy for assessing
building damage in post-earthquake scenarios, with numerous recent studies published
on the topic [29–43]. Various network architectures based on AlexNet [31], previously
recognized as a significant milestone in computer vision, were developed, alongside many
other CNN architectures [30]. An important conclusion is that CNN-based networks
encounter several challenges, particularly related to the loss of spatial information and the
fact that training data may not fully represent the problem domain [30].

Generative Adversarial Networks (GANs) are relatively recent models of GAI that are
beginning to be employed in earthquake engineering [44], particularly for post-earthquake
damage assessment in buildings [45]. In this context, a pertinent question arises: Can GAI,
especially considering the current availability of multimodal systems with models that
possess an enormous number of parameters and were trained on supercomputers using
vast amounts of data from the internet, effectively contribute to solving the problem of
damage assessment in post-earthquake scenarios? Addressing this question, the present
work conducts a preliminary study aimed at providing an initial answer to this inquiry.
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2. GAI Models

Given that the approach proposed in this work involves GAI concepts that are not
yet widely understood by all stakeholders in post-earthquake damage assessment, and
because information on the subject is still fragmented, this section was created to provide
the necessary clarifications within the context of the research conducted, which involves
both text and image data.

For a GAI system to effectively assess the damage level of a building in a post-
earthquake scenario based on a single image, it is likely desirable to utilize a Foundation
Model (FM) [46,47] with multimodal capabilities (text–image–text). Access to such models
can be facilitated through a chatbot, which provides a user-friendly interface, or via an
Application Programming Interface (API), which is more suited for software developers.

Since the introduction of the first version of ChatGPT, a chatbot powered by a Gener-
ative Pretrained Transformer (GPT)-based LLM, the potential impact of such models on
society has become evident, encompassing both positive and negative aspects [48]. To en-
able these chatbots with multimodal capabilities [6], multimodal models can be employed,
such as a text-to-image diffusion model like DALL-E 3 [49], or a multimodal LLM with
text-to-text and image-to-text capabilities like GPT-4 [50]. Alternatively, a combination
of unimodal models may be used (e.g., an LLM like GPT-3.5 [51], initially introduced in
ChatGPT on 22 November 2022 [52], paired with an image generation model), or hybrid
approaches may be adopted that integrate certain multimodal components with unimodal
ones, working together synergistically (Figure 2).
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Figure 2. GAI models (examples include text-to-text, text-to-image, image-to-text, and image-to-
image). The image of the damaged building that is shown in Figure 2 was generated by the DALL-E
3 model [53], to illustrate the current capabilities of GAI.

Given the multiplicity of an FM and the rapid emergence of new models, it is crucial
to understand their differences. One significant characteristic is the model size, which has
increased with each generation, necessitating larger training datasets to prevent overfitting.
For example, the GPT-1 model was developed with 117 million parameters and trained on
4.5 gigabytes of text data, while GPT-2 expanded to 1.5 billion parameters and was trained
on 40 gigabytes of text data. GPT-3 marked a substantial leap with 175 billion parameters
and was trained on 570 gigabytes of text [6,51]. As for GPT-4, its exact size is debated, with
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some suggesting it consists of trillions of parameters [6,51], though this number has not
been confirmed by OpenAI [50].

The performance of these models also varies significantly. For instance, GPT-3.5’s
performance is notably inferior to GPT-4 across various benchmarks [50], highlighting the
need for careful model selection when using AI to assist with specific tasks.

On the other hand, GAI models can be categorized into two major groups: open-source
models (or open-weight models) and closed-source models [54]. Open-source models are
free and available for anyone to use, modify, and distribute. In the case of open-weight
models, only the model’s parameters (the neural network weights) are modifiable, not the
underlying code. Typically, closed-source models are larger and offer superior performance,
but they limit customization and provide less control over the training data. However,
there are now large open-source models with performance comparable to those of closed-
source models [47]. The choice between an open-source (or open-weight) model and a
closed-source model depends on the specific needs of its use, including budget, security
requirements, and the need for customization and control over data and the model.

2.1. Transformer Architecture

The emergence of the transformer architecture [16] and GPT [17] has been pivotal
in the development of LLMs. Therefore, it is crucial to have a fundamental theoretical
understanding of these topics, particularly regarding their evolution, to better anticipate
potential application domains [6].

2.1.1. Tokenization

Tokenization is the process aimed at creating a digital representation of a real-world
object. In the context of LLMs, text is divided into tokens, which can be words, sub-
words, or individual characters. These tokens are mapped to specific codes (numerical
identifiers) [55], as illustrated in Figure 3. The same principle can also be applied to images,
where images are similarly tokenized to facilitate processing by AI models [56].
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Figure 3. Example of text tokenization in GPT-4 [55]. The text associated with each color corresponds
to a token.

2.1.2. Embeddings

Each token is converted into a numerical vector known as an embedding, of a specific
dimension (dimension NE), as depicted in Figure 4. This vector aims to represent the
meaning of the word (or token) in a multidimensional vector space, capturing both semantic
and syntactic relationships with other tokens [57]. Accordingly, the model has a predefined
vocabulary of tokens with a certain size (NV), and an embedding matrix is created with
dimensions equal to NE × NV (each column represents the vector representation of a token
from the vocabulary in the embedding space) [58].

Buildings 2024, 14, x FOR PEER REVIEW 5 of 22 
 

and was trained on 40 gigabytes of text data. GPT-3 marked a substantial leap with 175 
billion parameters and was trained on 570 gigabytes of text [6,51]. As for GPT-4, its exact 
size is debated, with some suggesting it consists of trillions of parameters [6,51], though 
this number has not been confirmed by OpenAI [50]. 

The performance of these models also varies significantly. For instance, GPT-3.5’s 
performance is notably inferior to GPT-4 across various benchmarks [50], highlighting the 
need for careful model selection when using AI to assist with specific tasks. 

On the other hand, GAI models can be categorized into two major groups: open-
source models (or open-weight models) and closed-source models [54]. Open-source 
models are free and available for anyone to use, modify, and distribute. In the case of 
open-weight models, only the model’s parameters (the neural network weights) are 
modifiable, not the underlying code. Typically, closed-source models are larger and offer 
superior performance, but they limit customization and provide less control over the 
training data. However, there are now large open-source models with performance 
comparable to those of closed-source models [47]. The choice between an open-source (or 
open-weight) model and a closed-source model depends on the specific needs of its use, 
including budget, security requirements, and the need for customization and control over 
data and the model. 

2.1. Transformer Architecture 
The emergence of the transformer architecture [16] and GPT [17] has been pivotal in 

the development of LLMs. Therefore, it is crucial to have a fundamental theoretical 
understanding of these topics, particularly regarding their evolution, to better anticipate 
potential application domains [6]. 

2.1.1. Tokenization 
Tokenization is the process aimed at creating a digital representation of a real-world 

object. In the context of LLMs, text is divided into tokens, which can be words, sub-words, 
or individual characters. These tokens are mapped to specific codes (numerical identifiers) 
[55], as illustrated in Figure 3. The same principle can also be applied to images, where 
images are similarly tokenized to facilitate processing by AI models [56]. 

 
Figure 3. Example of text tokenization in GPT-4 [55]. The text associated with each color 
corresponds to a token. 

2.1.2. Embeddings 
Each token is converted into a numerical vector known as an embedding, of a specific 

dimension (dimension 𝑁ா ), as depicted in Figure 4. This vector aims to represent the 
meaning of the word (or token) in a multidimensional vector space, capturing both 
semantic and syntactic relationships with other tokens [57]. Accordingly, the model has a 
predefined vocabulary of tokens with a certain size (𝑁௏ ), and an embedding matrix is 
created with dimensions equal to 𝑁ா ൈ 𝑁௏  (each column represents the vector 
representation of a token from the vocabulary in the embedding space) [58]. 

 
Figure 4. Example of embedding creation. Figure 4. Example of embedding creation.

The distance between two vectors measures their relatedness [59,60]. Small distances
indicate high relatedness, while large distances suggest low relatedness. To better under-
stand this concept, consider the embeddings represented in the two-dimensional space
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shown in Figure 5. The “Royalty” cluster consists of the words King, Queen, and Prince,
which are located close to each other because they are semantically related, representing
terms associated with monarchy and nobility. Their coordinates reflect their strong semantic
connections, forming a tight cluster in the vector space. The “Tropical Fruits” cluster is
composed of the words Pineapple and Papaya, which are located in another region of the
space, reflecting their semantic relationship as tropical fruits. This cluster is distant from
the Royalty cluster, highlighting the distinct context and meaning of these words. The “Ge-
ographical” cluster contains only the word Tropics, which is associated with geographical
and environmental concepts, particularly relating to regions where fruits like pineapples
and papayas grow. Therefore, it is placed closer to the Tropical Fruits cluster than to the
Royalty cluster but still distinct to indicate its unique context.
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2.1.3. Attention Mechanism

There are different types of attention mechanisms, such as self-attention, which occurs
within the same sequence (e.g., between words in a sentence), and cross-attention, which
occurs between different sequences (e.g., between a question and a context in question-
answering systems) [61].

Typically, attention mechanisms involve three distinct steps in each attention layer:
calculating the attention score, applying the softmax function to obtain probabilities, and
generating the context vector.

The attention score is a concept in DL models that combines proximity in the embed-
ding space and relevance in the context. For each token, three vectors are created [16]:
Query (Q), Key (K), and Value (V), using projection matrices WQ, WK, and WV (weight ma-
trices whose dimensions correspond to the embedding space dimensions and the projection
space dimensions, which typically match the embedding space dimensions) [61].

The Q vector represents the query for which the model is attempting to find relevant
information. It is derived from the token being processed and seeks to identify which parts
of the input should be focused on. The K vector represents the “key” that is compared
with the query to measure compatibility or relevance. Each token in the input sequence
has its own key vector. The V vector contains the information that will be extracted and
combined based on the relevance calculated between the query and the keys. It represents
the information associated with each token [61].

For each token i and each layer of the transformer model, we have the following:

Qi = embedding_tokeni·WQ, (1)

Ki = embedding_tokeni·WK, (2)



Buildings 2024, 14, 3255 7 of 21

Vi = embedding_tokeni·WV . (3)

Many practical implementations utilize multi-head attention mechanisms [16], where
multiple sets of Q, K, and V vectors are used in parallel.

In each layer of the transformer model, when evaluating a token, the relevance (or
“attention”) between that token and all other tokens in the prompt is calculated. Therefore,
an attention score matrix is generated (with dimensions NT × NT , where NT is the number
of tokens in the prompt). Each entry of the matrix scoreij represents the attention score
between token i and token j in the prompt and is computed as the following:

scoreij = Qi·KT
j . (4)

Subsequently, the attention scores are normalized using the softmax function, con-
verting them into probabilities. These probabilities sum to 100% and indicate the relative
importance of each token in the context [58].

The context vector for a token i is then calculated as a weighted combination of the V
vectors of all tokens, using the attention probabilities as weights, given by:

context_vectori =
NT

∑
j=1

attention_weightsij·Vj (5)

These vectors serve as the input to the subsequent layer. The process is repeated until
the output of the last attention layer is obtained [58].

It is important to highlight that these models can only process a certain number of
tokens, a characteristic referred to as the context window [62], which is a crucial feature of
a GAI model.

2.1.4. Next Token Prediction

The process of predicting the next token involves several steps. The context vector,
derived from the attention mechanism, is processed through additional layers of the NN,
such as feed-forward neural network layers. The resulting state then passes through an out-
put layer, typically a linear transformation followed by a softmax function. This generates
a probability distribution over all tokens in the model’s vocabulary. The token with the
highest probability is generally selected as the next in the sequence, though techniques like
sampling can be employed to introduce diversity. This process occurs iteratively, with each
new predicted token being added to the context for the next prediction [47,58,61] (Figure 6).

Buildings 2024, 14, x FOR PEER REVIEW 7 of 22 
 

combined based on the relevance calculated between the query and the keys. It represents 
the information associated with each token [61]. 

For each token i and each layer of the transformer model, we have the following: 𝑄௜ ൌ 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔_𝑡𝑜𝑘𝑒𝑛௜ ∙ 𝑊ொ, (1)𝐾௜ ൌ 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔_𝑡𝑜𝑘𝑒𝑛௜ ∙ 𝑊௄, (2)𝑉௜ ൌ 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔_𝑡𝑜𝑘𝑒𝑛௜ ∙ 𝑊௏. (3)

Many practical implementations utilize multi-head attention mechanisms [16], where 
multiple sets of Q, K, and V vectors are used in parallel. 

In each layer of the transformer model, when evaluating a token, the relevance (or 
“attention”) between that token and all other tokens in the prompt is calculated. Therefore, 
an attention score matrix is generated (with dimensions 𝑁் ൈ 𝑁் , where 𝑁்  is the 
number of tokens in the prompt). Each entry of the matrix 𝑠𝑐𝑜𝑟𝑒௜௝ represents the attention 
score between token i and token j in the prompt and is computed as the following: 𝑠𝑐𝑜𝑟𝑒௜௝ ൌ 𝑄௜ ∙ 𝐾௝் . (4) 

Subsequently, the attention scores are normalized using the softmax function, 
converting them into probabilities. These probabilities sum to 100% and indicate the 
relative importance of each token in the context [58]. 

The context vector for a token i is then calculated as a weighted combination of the V 
vectors of all tokens, using the attention probabilities as weights, given by: context_vector௜ ൌ ∑ attention_weights௜௝ ∙ 𝑉௝ே೅௝ୀଵ . (5) 

These vectors serve as the input to the subsequent layer. The process is repeated until 
the output of the last attention layer is obtained [58]. 

It is important to highlight that these models can only process a certain number of 
tokens, a characteristic referred to as the context window [62], which is a crucial feature 
of a GAI model. 

2.1.4. Next Token Prediction 
The process of predicting the next token involves several steps. The context vector, 

derived from the attention mechanism, is processed through additional layers of the NN, 
such as feed-forward neural network layers. The resulting state then passes through an 
output layer, typically a linear transformation followed by a softmax function. This 
generates a probability distribution over all tokens in the model’s vocabulary. The token 
with the highest probability is generally selected as the next in the sequence, though 
techniques like sampling can be employed to introduce diversity. This process occurs 
iteratively, with each new predicted token being added to the context for the next 
prediction [47,58,61] (Figure 6). 

 
Figure 6. Illustration of the next token prediction process in a typical architecture [47]. 

2.1.5. Temperature and Top-P 
Temperature is a parameter that controls the randomness of predictions made by an 

LLM. It adjusts the probability distribution associated with the prediction of the next 

Figure 6. Illustration of the next token prediction process in a typical architecture [47].

2.1.5. Temperature and Top-P

Temperature is a parameter that controls the randomness of predictions made by an
LLM. It adjusts the probability distribution associated with the prediction of the next token.
A lower temperature (<1) reduces randomness, leading the model to select words with
higher probabilities more conservatively. This property results in more predictable and
deterministic text. If the temperature is set to zero, the next token generated will be the one
with the highest probability. Conversely, a higher temperature (>1) increases randomness,
allowing the model to choose fewer probable words more frequently. This characteristic
can produce more varied and creative text but may also introduce incoherence [58].



Buildings 2024, 14, 3255 8 of 21

In addition to temperature, another parameter that can be adjusted in a model (espe-
cially when using an API) is top-P (nucleus sampling). Instead of considering all possible
words, the model selects only the words whose cumulative probability reaches a cut-off
value P [63].

Low values of temperature and top-P result in safer and more coherent texts, which are
ideal for applications where precision and clarity are crucial, such as document summaries
or formal responses. Higher values of temperature and top-P allow for more creative
and varied text generation, making them better suited for tasks like story writing or
brainstorming.

2.2. Prompt Engineering

To develop effective strategies for utilizing GAI models in socially beneficial activities,
it is essential to first have a theoretical understanding of the subject. This understanding
involves leveraging human creativity and possessing knowledge of prompt engineering
(Figure 7).
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A prompt is a set of instructions given to a GAI model, such as a Large Language
Model (LLM), to generate a desired output. The prompts can significantly influence
the generated results, including their accuracy. In this context, prompt engineering is
becoming increasingly important [64], particularly in efforts to minimize the occurrence of
“hallucinations” in LLMs.

In the context of LLMs, a “hallucination” refers to the generation of incorrect or
unintended responses [65]. These hallucinations may present in various forms: (1) internal
inconsistency within the response, such as the LLM generating contradictory statements;
(2) contradiction of the prompt, where the response diverges from the intended meaning of
the question (e.g., a positive inquiry receives a negative reply); (3) factual inaccuracies; or
(4) contextually misplaced information, where the correct data are presented but does not
adhere to the specific instructions provided to the LLM.

Several factors contribute to hallucinations in LLMs. The most evident is the quality
of the training data. If the LLM lacks data on a particular topic, it is more likely to generate
a hallucination-producing text that is grammatically correct but factually inaccurate. Thus,
the more specialized the topic, particularly if it is not well represented in freely accessible
online sources, the higher the likelihood of hallucination. The type of LLM also plays
a role; for instance, the hallucination rate is higher in GPT-3.5 compared to GPT-4 [66].
Another significant source of hallucinations relates to the quality of the prompts used. A
well-structured prompt can guide the LLM toward generating accurate results, whereas
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a poorly constructed prompt might lead to hallucination [64]. This aspect is the part of
hallucination control that users can most easily manage.

In this context, the need for the development of prompt engineering emerges, where
human capabilities such as creativity and intuition play a crucial role, alongside interdisci-
plinary knowledge [67].

A good prompt should be concise (with brief and clear instructions), logical (structured
and coherent instructions), explicit (clear directives on how to present results), adaptive
(balancing creativity and specificity), and reflective (prompt refinement should result from
multiple tests that assess their effectiveness in known domains, particularly regarding the
accuracy, coherence, and utility of responses within the given instructions) [67].

The so-called zero-shot prompt is the most basic type of instruction, where no specific
context is provided on the subject being queried, yet the LLM is expected to generate a
suitable response using its general knowledge (e.g., “Describe what an earthquake is.”).

One way to enhance LLM outcomes is by utilizing multiple-shot prompts. In this
type of prompt, several instructions are provided to give the LLM the necessary context to
recognize patterns by presenting a logical sequence of examples and instructions, thereby
reducing the likelihood of hallucination [68]. One-shot prompts are a particular case where
only one example is given for the LLM to correctly replicate that pattern in another task.
This type of prompt requires some subject matter knowledge to ensure that the example
presented to the LLM is accurate.

More sophisticated strategies are also emerging, such as the use of “Tree of Thoughts” [69],
where instructions are provided in a manner that encourages the LLM to create different lines
of reasoning (which can involve various entities, such as virtual personas). These strategies
can lead to a more consensual and potentially more accurate solution.

Thus, the user’s creativity in crafting prompts, combined with their knowledge of
prompt engineering, seems to be factors that can influence the reliability of results obtained
using multimodal generative AI models, making it essential to test and evaluate these
approaches in the context of building damage assessment.

2.3. Fine-Tuning

Typically, multimodal AI models are built upon an FM that has been trained on large
datasets, often sourced from the internet. These models then undergo a fine-tuning process,
often leveraging Reinforcement Learning (RL), which enhances their initial capabilities [50].
There are various strategies for implementing this fine-tuning [70].

Focusing on the current capabilities of multimodal models to extract text, objects, and
general concepts from images, it becomes evident that fine-tuning the model for the specific
application domain under consideration could significantly improve the accuracy of the
results. However, this task presents challenges: it is computationally intensive, potentially
leading to high costs, and currently, there are few multimodal models that allow for further
fine-tuning. For cost-effectiveness, one might need to select a smaller, open-source (or
open-weight) multimodal model. Therefore, exploring alternative strategies to enhance
model performance is crucial.

2.4. Retrieval-Augmented Generation (RAG)

RAG is a technique that combines the ability to retrieve relevant information (Re-
trieval), interpret and augment it (Augmented), and generate well-formulated and com-
plete responses (Generation) [71]. This technique closely mimics how a human would
respond to a specific question—by reading relevant material, particularly when they do
not have full knowledge on the subject.

RAG can be successfully adapted to specific problems [72], particularly in enhancing
the accuracy of image interpretation, such as in radiological images [73]. Therefore, it is
crucial to assess its effectiveness in post-earthquake damage evaluation using images.
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3. Post-Earthquake Damage Assessment

One of the most critical tasks in the context of civil protection following an earthquake
is the assessment of structural damage to buildings. This systematic assessment is vital
for guiding post-earthquake response actions, such as determining the need for resident
relocation, planning emergency interventions, and supporting reconstruction efforts in
affected areas. Additionally, it provides valuable data to improve construction practices
and strategies for mitigating seismic risks [74].

To streamline the execution of this critical task, it is common for civil protection
organizations in countries located in earthquake-prone regions to develop forms for dam-
age assessment. In Europe, it is common to use the damage grades from the European
Macroseismic Scale 1998 (EMS-98) [75] to support this assessment.

EMS-98 is an important tool for assessing the impacts of earthquakes. This scale classi-
fies building damage into six levels, ranging from D0 to D5, describing damage severity
progressively: D0 (No Damage)—no visible damage after a perceptible earthquake; D1
(Slight Damage)—small cracks in walls and superficial damage to non-structural elements
like plaster and ceilings; D2 (Moderate Damage)—more pronounced cracks in walls, the
detachment of plaster, and significant damage to non-structural elements such as chimneys;
D3 (Substantial Damage)—structural damage, including cracks in beams and columns,
as well as extensive damage to non-structural components; D4 (Severe Damage)—severe
structural damage, potentially leading to a partial building collapse and generally requiring
immediate evacuation; and D5 (Destruction)—a total or partial collapse of the building,
rendering the structure completely uninhabitable.

However, conducting a rigorous assessment of a building’s damage level can be a
complex and time-consuming task, potentially requiring in situ testing [3]. Additionally,
evaluators must be familiar with typical damage patterns across different construction
systems, which can vary significantly. For instance, the damage patterns in traditional
buildings, such as adobe structures [4], are distinctly different from those commonly
observed in reinforced concrete (RC) structures [2].

Therefore, this type of technical task demands qualified personnel, who may be
insufficient in number in the context of a widespread earthquake disaster. In this scenario,
it is crucial to explore alternatives that reduce the need for human resources, making it
important to test the use of AI.

4. Tested Approach

The approach proposed and partially tested in this study involves assessing post-
earthquake damage by utilizing images of buildings captured on-site (e.g., using drones)
and employing multimodal GAI alongside RAG or fine-tuning techniques to enhance the
accuracy of the results.

4.1. Dataset and Data Preparation

Only photographs of the buildings presented in the EMS-98 document were used
in this work. There were two primary reasons for selecting the images from the EMS-98
document to test the capabilities of GAI in identifying damage to buildings affected by
earthquakes. First, the document is openly accessible, eliminating any concerns related to
confidentiality. Second, the images contained within it are exemplary, setting the standard
for this type of damage assessment. If other types of images, particularly those captured
from recent earthquakes, had been used, there would always be a question regarding the
accuracy of human interpretation in damage assessment, which would then be compared
to the models.

4.2. Tested GAI Models

The performance of models with varying numbers of parameters and attention win-
dow sizes (with temperature = 1 and top-P = 0.95) was evaluated, specifically OpenAI’s
GPT-4o [76] (a large model that currently leads in many benchmarks, featuring a context
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window of 128,000 tokens), Google’s Gemini 1.5 Pro [77] (a large model with an enormous
context window of approximately 2 million tokens), OpenAI’s GPT-4o mini [78] (equivalent
to GPT-4o but smaller, accessed through the computer code listed in Appendix A), and
Google’s Gemini 1.5 Flash [77] (with a context window of about 1 million tokens).

4.3. Evaluation Metrics and Methods

The EMS-98 scale was utilized in this study to test the current capabilities of multi-
modal GAI models in assessing damage to masonry and reinforced concrete (RC) buildings
in post-earthquake scenarios.

The assessment of the type of structural system present in the buildings identified in
the photographs from the EMS-98 document, as well as the corresponding classification of
the degree of damage, was obtained using different GAI models and the prompt provided
in Appendix B. The models’ performances were compared using accuracy rates and mean
error margins for damage classifications.

4.4. Results

The results obtained are presented in Table 1 and Figure 8 for the images in the EMS-98
document related to masonry buildings and in Table 2 and Figure 9 for the images related
to RC buildings.

Table 1. Performance evaluation of GAI models for building earthquake damage assessment using
EMS-98 imagery–masonry buildings.

N. Figure EMS-98 Document GPT-4o Gemini 1.5 Pro GPT-4o Mini Gemini 1.5 Flash

1 5-1 D3 Masonry (85%)
D3 (80%) 1

Masonry (95%)
D3 (80%)

Masonry (85%)
D3 (80%)

Masonry (100%)
D2 (90%)

2 5-2 D4 Masonry (90%)
D2 (80%)

Masonry (95%)
D2 (80%)

Masonry (85%)
D3 (80%)

Masonry (100%)
D3 (80%)

3 5-3 D4 Masonry (95%)
D2 (90%)

Masonry (95%)
D3 (80%)

Masonry (85%)
D3 (80%)

Masonry (100%)
D3 (100%)

4 5-4 D4 Masonry (90%)
D4 (85%)

Masonry (95%)
D5 (95%)

Masonry (90%)
D3 (80%)

Masonry (100%)
D4 (90%)

5 5-5 D5 Masonry (90%)
D4 (85%)

Masonry (95%)
D4 (85%)

Masonry (85%)
D4 (90%)

Masonry (100%)
D5 (90%)

6 5-6 D2 Masonry (90%)
D2 (80%)

Masonry (95%)
D1 (70%)

Masonry (85%)
D2 (75%)

Masonry (100%)
D2 (80%)

7 5-7 D3 Masonry (90%)
D3 (80%)

Masonry (100%)
D3 (80%)

Masonry (85%)
D3 (80%)

Masonry (100%)
D2 (90%)

8 5-8 D4 Masonry (95%)
D4 (90%)

Masonry (95%)
D4 (90%)

Masonry (90%)
D3 (85%)

Masonry (100%)
D4 (90%)

9 5-9 D2 Masonry (90%)
D3 (85%)

Masonry (95%)
D1 (75%)

Masonry (85%)
D2 (80%)

Masonry (100%)
D2 (100%)

10 5-10 D2 Masonry (90%)
D2 (80%)

Masonry (95%)
D1 (75%)

Masonry (90%)
D2 (85%)

Masonry (100%)
D1 (90%)

11 5-11 D2 Masonry (90%)
D2 (85%)

Masonry (90%)
D1 (80%)

Masonry (85%)
D3 (80%)

Masonry (100%)
D2 (90%)

12 5-12 D2 Masonry (90%)
D2 (85%)

Masonry (95%)
D1 (80%)

Masonry (85%)
D2 (80%)

Masonry (100%)
D2 (80%)

13 5-13 D3 Masonry (90%)
D3 (80%)

Masonry (95%)
D3 (85%)

Masonry (85%)
D2 (75%)

Masonry (100%)
D2 (100%)

14 5-14 D4 Masonry (90%)
D3 (85%)

Masonry (95%)
D3 (85%)

Masonry (85%)
D3 (80%)

Masonry (100%)
D3 (90%)

1 In brackets is the degree of confidence that was presented by the model.
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D4 (85%)

RC (95%)
D5 (95%)

Masonry (90%)
D3 (85%)

RC (100%)
D4 (90%)

3 5-18 D5 RC (90%)
D3 (85%)

RC (95%)
D4 (85%)

RC (90%)
D2 (85%)

RC (100%)
D4 (90%)

4 5-19 D5 RC (90%)
D5 (95%)

RC (95%)
D5 (90%)

RC (85%)
D5 (90%)

RC (100%)
D4 (90%)

5 5-20 D4 RC (90%)
D4 (85%)

RC (95%)
D5 (90%)

RC (90%)
D4 (85%)

RC (100%)
D4 (90%)

6 5-21 D5 RC (90%)
D5 (95%)

RC (95%)
D5 (99%)

RC (85%)
D5 (90%)

RC (100%)
D4 (100%)

7 5-22 D5 RC (95%)
D3 (90%)

RC (95%)
D4 (85%)

RC (85%)
D3 (80%)

RC (100%)
D5 (100%)

8 5-23 D3 RC (90%)
D3 (85%)

RC (95%)
D2 (80%)

RC (85%)
D2 (80%)

RC (100%)
D3 (90%)

1 In brackets is the degree of confidence that was presented by the model.

Accuracy rates for masonry buildings are as follows: 64.3% with GPT-4o; 28.6% with
Gemini 1.5 Pro; 42.9% with GPT-4o mini; and 50.0% with Gemini 1.5 Flash. The mean
errors in damage degree for masonry buildings are as follows: 0.50 with GPT-4o; 0.79 with
Gemini 1.5 Pro; 0.57 with GPT-4o mini; and 0.50 with Gemini 1.5 Flash.

Accuracy rates for reinforced concrete buildings are as follows: 75.0% with GPT-4o;
37.5% with Gemini 1.5 Pro; 50.0% with GPT-4o mini; and 50.0% with Gemini 1.5 Flash. The
mean errors in damage degree for reinforced concrete buildings are as follows: 0.50 with
GPT-4o; 0.63 with Gemini 1.5 Pro; 0.88 with GPT-4o mini; and 0.50 with Gemini 1.5 Flash.

The use of RAG was also tested with the larger models (GPT-4o and Gemini 1.5 Pro),
utilizing the official EMS-98 document to improve the results. In this context, both models
were able to correctly identify the damage degree for all the images previously tested
without RAG, due to the memorization effect of the images.
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D3 (85%) 
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D3 (80%) 
Masonry (100%) 

D3 (90%) 
1 In brackets is the degree of confidence that was presented by the model. 

Figure 9. Deviations in the results obtained from the models tested on RC buildings, compared to the
damage levels presented in the EMS-98 document.

4.5. Theoretical and Practical Implications

The theoretical implications of this study revolve around advancing the field of AI for
earthquake damage assessment by integrating multimodal GAI models. These models show
potential in replicating human-like decision-making processes, moving beyond traditional
pattern recognition towards a more nuanced understanding of structural damage (a claim
supported by the models’ responses, as illustrated in Appendix C). This advancement lays
a foundation for future developments in AI, particularly in enhancing model robustness
and adaptability to diverse post-earthquake scenarios.

From a practical perspective, incorporating GAI models into damage assessment
frameworks could drastically improve response times, especially in high-risk earthquake
zones. By automating preliminary assessments, AI can reduce the burden on human
evaluators and potentially operate in environments where human safety is at risk. How-
ever, for real-world deployment, larger datasets and thorough validation across diverse
geographical and structural contexts are essential to ensure that these models can reli-
ably function under varied conditions, considering the complexity of damage patterns in
different regions.

5. Discussion

GAI models have been advancing at an accelerating rate. As a result, while some of
the most recent GAI models were tested in this study, it is possible that they will already be
outdated by the time this article is published. Despite this rapid advancement, the results
obtained in this research can serve as a preliminary basis for the future development of
software designed to perform automatic damage assessments of buildings. This could be
especially important in earthquake-prone regions with a historical record of destructive
earthquakes. This type of software could be crucial in regions like the Algarve (Portugal),
which has been significantly impacted by earthquakes over time, most notably the one in
1755, where this region experienced the highest seismic intensities in Portugal [79].

It is important to emphasize that the results presented are those obtained from a single
run of each of the tested models. Given the stochastic nature of these models, as described
at the beginning of this article, it is possible that a slightly different outcome could be
obtained in another run of the model. However, the impact of this randomness on the
results is expected to be captured within the overall context of all evaluations, in principle.

It is noteworthy to observe the already significant capability of these models in identi-
fying the existing structural systems in damaged buildings, whose images were analyzed
by the GAI models. Only one error occurred across all tests conducted, as can be observed
from the results listed in Tables 1 and 2.
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Regarding the degree of damage, it is advisable to analyze the results obtained from
masonry buildings separately from those with RC structures.

When examining the errors presented in Figure 8, for masonry buildings, it can be
noted that these errors are generally within the range of one degree (+1 or −1), except for
the buildings shown in Figure 5-2 and 5-3 of the EMS-98 document. The most significant
errors (−2) are likely due to the fact that these images are in black and white in the EMS-98
document. Furthermore, most of the images are old and of low resolution, which may or
may not present greater challenges for the models, particularly in the precise identification
of small cracks. It is important to highlight that some tests were conducted with more
recent images, whose results were not presented in this study for the reasons mentioned
in Section 4.1, and the consistency of the results presented in this study was maintained.
The variation of +1 or −1 observed in the damage degree indicates that the models still
have some difficulty in accurately predicting the correct value for masonry buildings, but
they are already very close. This type of variation might also be expected in the context of
human assessment, which makes these results very promising from the outset.

Regarding buildings with RC structures, although the average error was lower than
that obtained for masonry buildings, the maximum degree of error was higher (−3), as
presented in Figure 9, which somewhat contradicted initial expectations, and there is no
clear explanation for this fact.

In both types of buildings, the GPT-4o model demonstrated the best performance.
It also became evident that larger models do not always yield better results. For

example, in this study, the Gemini 1.5 Flash model (more recent) delivered better results
than the Gemini 1.5 Pro model (bigger but older).

To illustrate the type of responses generated by the models, several results were re-
produced in Appendix C. These results include those obtained for Figure 5-4 (a correct
identification of the damage level of a masonry building), Figure 5-17 (an incorrect identifi-
cation of the building type), and Figure 5-19 (a correct identification of the damage level of
a RC structure) from the EMS-98 document.

It is likely that, with a fine-tuning of the models or even with a simpler process such
as the application of RAG techniques (as was tested, where the Gemini 1.5 Pro excelled),
significantly higher levels of accuracy can be achieved in the future.

6. Conclusions

This study demonstrates the feasibility of utilizing Generative Artificial Intelligence
(GAI) models for automated post-earthquake building damage assessment. Several key
insights were derived from the experiments conducted:

(1) Feasibility of GAI Integration: the integration of GAI models into software for post-
earthquake damage assessment is viable and offers practical solutions for real-time
structural evaluations.

(2) Variability in Model Accuracy: when testing different GAI models, such as GPT-
4o, GPT-4o mini, Gemini 1.5 Pro, and Gemini 1.5 Flash, the accuracy of damage
assessment varied considerably. The overall accuracy rates were 68.2% for GPT-4o,
31.8% for Gemini 1.5 Pro, 45.5% for GPT-4o mini, and 50.0% for Gemini 1.5 Flash.
Among these rates, GPT-4o exhibited the highest accuracy and the lowest average
error margin.

(3) Implications for Future Use: although the current performance of these models
does not reach optimal levels, the application of advanced techniques like Retrieval-
Augmented Generation (RAG) or model fine-tuning could substantially enhance
their accuracy. With further improvements, GAI models hold significant potential for
preliminary assessments of structural damage in buildings following seismic events.

(4) Need for Further Validation: to ensure robustness at scale, further validation with
larger datasets and real-world testing is essential, particularly in diverse earthquake
scenarios.
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Appendix A

The following is the Python code used to call the OpenAI API (all required libraries
were previously installed on a personal computer) with the goal of extracting information
from an image stored on the hard drive of a personal computer:

import os
import base64
import requests

# Function to read the contents of a file and return as a string
def read_file(path):

with open(path, ‘r’, encoding=‘utf-8’) as archive:
return archive.read()

# Function to encode the image
def encode_image(image_path):

with open(image_path, “rb”) as image_file:
return base64.b64encode(image_file.read()).decode(‘utf-8’)

# Get the API key from the environment variable
api_key = os.getenv(“OPENAI_API_KEY”)

# Define the system headers
headers = {“Content-Type”: “application/json”, “Authorization”: f”Bearer {api_key}”}

# Function to obtain results from analysing an image, using an OpenAI GPT model

https://doi.org/10.54499/LA/P/0069/2020
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def get_GPT_image(model, n, temperature, top_p, max_tokens, image_path, path_
prompt_image):

# Get the base64 string of the image [‘png’, ‘jpeg’, ‘gif’, ‘webp’]
base64_image = encode_image(image_path)

# Reading the prompt
image_prompt = read_file(path_prompt_image)

# Defines the payload for the request
payload = {

“model”: model,
“messages”: [

{“role”: “user”, “content”: [{“type”: “text”, “text”: image_prompt},
{“type”: “image_url”, “image_url”:

{“url”: f”data:image/jpeg;base64,{base64_image}”}}]}],
“n”: n, # Requests n answers at the prompt
“temperature”: temperature, # Adjust the temperature
“top_p”: top_p, # Adjust the top-P as required
“max_tokens”: max_tokens # Establishes the maximum number of tokens

}

# Makes the POST request to the OpenAI API
response = requests.post(
“https://api.openai.com/v1/chat/completions”, headers=headers, json=payload)

# Checks if the request was successful
if response.status_code == 200:

completion = response.json()
else:

completion = response.text

# Returns the completion object
return completion

Appendix B

The following are the prompts adopted in the study using Markdown (which is a
simple and easy-to-use markup language for formatting documents):

# Task
1. Look at the images of one building very carefully;
2. Identify the type of building based of the main structural system (masonry, rein-

forced concrete, timber or steel);
3. Classify the degree of seismic damage to the building;
4. Present your degree of confidence in the assessment you made (0 to 100%).
# Role
You are an earthquake engineer
# Format
## Material
1. Type of building
2. Degree of confidence
## Damage
1. Grade
2. Degree of confidence
## Explanation

https://api.openai.com/v1/chat/completions
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### Material
### Damage
### Confidence
# Conditions
The degree of damage is assigned according to EMS-98 (D0, D1, D2, D3, D4 or D5).

Appendix C

The following is an example of a correct output of a model for Figure 5-4 of the EMS-98
document (GPT-4o):

Material
Type of building: Masonry
Degree of confidence: 90%
Damage
Grade: D4 (Very heavy damage)
Degree of confidence: 85%

Explanation
Material
The building in the images appears to be made primarily of masonry. This assessment

is based on the visible cracking patterns and the type of material exposed in the damaged
areas, which resemble typical masonry construction with visible stones or bricks and
mortar. The absence of visible reinforcing bars and the nature of the wall construction
further support this conclusion.

Damage
The observed damage in the images includes:
Severe cracking and partial collapse of the walls.
Significant loss of structural integrity, particularly at the corners and edges of

the building.
Large sections of the wall have crumbled and fallen away, exposing the interior.
Extensive damage to load-bearing walls, which indicates a compromise in the build-

ing’s structural stability.
These observations align closely with the description of D4 (very heavy damage),

which involves heavy structural damage and potentially very heavy non-structural damage.
The building appears to be on the verge of collapse, which is characteristic of D4 damage,
but it is not entirely demolished, distinguishing it from D5.

Confidence
The confidence levels are based on the clarity of the visible damage and the typical

characteristics of masonry buildings. The visual evidence strongly supports the identifica-
tion of the material and the classification of the damage, leading to high confidence levels
in both assessments.

The following is an example of an incorrect output of a model for Figure 5-17 of the EMS-98
document (GPT-4o mini):

Material
1. Type of building: Masonry
2. Degree of confidence: 90%
Damage
1. Grade: D3
2. Degree of confidence: 85%

Explanation
Material
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The building appears to be constructed of masonry due to the visible brick and concrete
elements that are typical in this type of construction. The presence of cracked walls and
structural damage indicates that it is not reinforced concrete or steel.

Damage
The damage observed includes significant structural failure, including collapsed

sections and large cracks, which aligns with a grade of D3 according to EMS-98. This grade
indicates that the building has sustained considerable damage, affecting its integrity but
not resulting in total collapse.

Confidence
The confidence levels are high due to clear visual indicators of material type and

the extent of the damage observed, albeit with some uncertainty due to the limitations of
assessing from a single image.

The following is an example of a correct output of a model for Figure 5-19 of the EMS-98
document (GPT-4o):

Material
Type of building: Reinforced concrete
Degree of confidence: 90%
Damage
Grade: D5
Degree of confidence: 95%

Explanation
Material
The building in the image appears to be constructed primarily of reinforced concrete.

This assessment is based on the visible structure, which includes concrete floors and
columns that are characteristic of reinforced concrete buildings. Additionally, the manner
in which the building has collapsed suggests that the primary structural system is reinforced
concrete, as masonry buildings typically collapse differently, and timber or steel structures
would not exhibit the same kind of damage.

Damage
The damage observed in the building is extensive. The building has suffered partial

collapse, with significant portions of the structure having disintegrated and fallen. This
level of destruction corresponds to a Grade D5 classification according to the EMS-98 scale,
which indicates very heavy damage or destruction. The visible signs include:

Complete collapse of large sections of the building.
Structural elements, such as columns and beams, have failed.
Extensive debris from the building’s collapse is present.
Confidence
The degree of confidence in the material identification is 90% because the visible

evidence strongly indicates reinforced concrete, though there might be some uncertainty
due to the lack of close-up views of the construction materials. The confidence in the
damage assessment is 95% because the extent of the collapse and the type of damage
observed clearly match the criteria for Grade D5 damage as per EMS-98 standards.
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2. Altunsu, E.; Güneş, O.; Öztürk, S.; Sorosh, S.; Sarı, A.; Beeson, S.T. Investigating the structural damage in Hatay province after
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