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1 Introduction 

The last decade has marked incredible technical progress 

in AI and Machine Learning (ML) with remarkable success 

stories in the fields of computer vision, speech recognition, 

natural language processing, and other domains. This 

wave of success and excitement in AI has been in large 

part driven by Deep Learning [1], and in particular by 

Foundation Models, deep neural networks that are trained 

on large broad datasets and can be deployed on a wide 

range of downstream tasks. This flexibility in being applied 

to a whole array of applications is what makes Foundation 

Models functionally interesting and practically valuable, 

and has unlocked novel tantalizing applications for 

instance in language and synthetic image creation by 

enabling the generation of fluent text [2], and realistic 

images from text [3]–[5]. 

While ML has seen increased adoption in the civil 

engineering domain in recent years for instance in 

applications like condition assessment [6], novelty 

detection for structural health monitoring [7] or other 

structural engineering tasks [8], the impact of Foundation 

Models specifically on civil engineering is however still in 

its infancy, owing to a gap between research development 

and application use cases. 

The goal of this paper is to contribute to bridging the gap 

between the development of Foundation Models in AI and 

their practical adoption among technical practitioners, 

specifically in visual inspection applications for civil 

engineering. We do that by first analyzing the 

requirements in terms of data availability that renders a 

particular use case amenable to the use of the Foundation 

Model pre-training/fine-tuning paradigm, e.g. situations 

where data labeling is scarce or costly, but where 

unlabeled datasets are readily available. We then illustrate 

proof-of-concepts workflows for visual inspection using 

Foundation Models, focusing our considerations on 

leveraging key emerging properties of Foundation Models 

in an interactive human-in-the-loop visual inspection 

setting such as defect detection and classification for the 

maintenance of civil engineering structures. 
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2 Data requirements 

Foundation Models are enabled by transfer learning [9], 

i.e. the transfer of knowledge from a source task to 

downstream tasks of interest, and pretraining at scale, i.e. 

pretraining the model on vast amounts of data of broad 

source tasks so as to supercharge the transfer learning 

capabilities. This is typically achieved thanks to self-

supervised learning, a training paradigm that dispenses of 

potentially time-consuming human annotations and 

therefore enables scaling up the training of neural network 

models on large amounts of data. The availability of large 

amounts of data is therefore a key requirement for training 

a Foundation Models. 

After a Foundation Model has been pretrained on large-

scale unlabeled data, it can be fine-tuned on a 

downstream task of interest. This requires only a small 

amount of high-quality annotated data to achieve 

accuracies at the level of machine learning models that 

don’t undergo large-scale self-supervised pretraining but 

are trained on much larger amounts of high-quality 

annotated data. 

In this sense, Foundation Models training is an approach 

that trades off the need for task-specific data with the 

need for large amounts of data at pretraining. This is 

leveraged in hierarchical self-supervised pretraining which 

consists of a sequence of self-supervised training steps on 

decreasing amounts of increasingly task-relevant data, so 

as to tune the trade-off between data quantity and quality 

in ways that best match the data availability [10], [11]. 

The first conclusion in regards to data requirement is then 

that Foundation Models require less annotated data (used 

at fine-tuning) than traditional supervised learning models 

but need a potentially large amount of (cheaper) unlabeled 

data (used at pretraining). Seen from a different 

perspective, Foundation Models are a potentially attractive 

means to take advantage of large troves of available 

datasets that are still unlabeled and would otherwise be 

costly to use in a traditional supervised learning setting, 

because of the effort needed to annotate them. 

Pretraining at scale introduces another requirement, 

namely the need for computer hardware and training 

infrastructure that supports it (see e.g. [12]). Importantly, 

the resulting training compute costs of Foundation Models 

are amortized over all the downstream tasks that can be 

addressed with the same model. For instance, the 

compute cost of pretraining GPT-3, a 175B-parameter 

Large Language Model by OpenAI [13], has been 

estimated to be around a staggering $4,600,000 [14]. 

However, the resulting pretrained model and its variants 

are now powering a wide range of downstream 

applications and services, including code assistant tools 

and chatbots, and access the model is being offered as a 

service through API calls. 

In the next sections, we make the case for the use of 

Foundation Models in civil engineering. We will do that by 

sketching proof-of-concepts workflows and integrating 

them into visual inspection use cases. Our hope is that 

these will trigger conversations in the civil and structural 

engineering communities on the potential of Foundation 

Models to support visual inspections, and result in more 

consolidated workflows that might contribute to 

supporting maintenance inspections workloads. 

3 Proof-of-Concept Workflows 

3.1 Self-supervised learning on unannotated 

images 

Computer vision, specifically in the form of deep learning 

models, is being increasingly deployed for aiding with the 

task of visual inspection of civil engineering use cases. In 

particular, these models can help quickly sort through 

large amounts of images looking for objects of interest 

which have a high associated risk and need to be attended 

to immediately, such as structural cracks and visible 

corroded rebar in bridges. 

Nevertheless, having accurate computer vision models 

depends on being able to train these models on a large 

volume of labeled data. However, high-quality labels are 

difficult and costly to obtain in real world scenarios, such 

as in the case of visual inspection. This is because 1) 

objects of interest tend to be defects which are 

undesirable, and therefore in most use cases rarely occur. 

And 2) visual inspection usually relies on tasks such as 

object detection and instance segmentation to achieve 

good localization, two computer vision tasks for which 

labeling is notoriously time consuming and expensive. On 

the upside, visual inspection settings tend to yield large 

amounts of data due to the recent automation of data 

acquisition such as when using drones to scan bridges. 

Foundation models can learn and leverage these unlabeled 

data by using self-supervised learning. These in turn can 

be fine-tuned with few labels only all while achieving 

accurate performance. 

In self-supervised learning (SSL) training labels are 

automatically generated from the data by defining a 

pretext task. Hence this training paradigm can leverage 

large amounts of data which are not labeled. 

SSL has been present in the field of computer vision for 

many years now, with approaches such as de-noising 

autoencoders [15] and even earlier with the use of 

Siamese networks dating back to 1992 [16]. More recently 

we have seen a resurgence of such self-supervised 

pretraining approaches in computer vision PIRL [17], BYOL 

[18], MOCO [19] and SimCLR [20], even more recently 

with using vision transformer architectures ViT [21], such 

as in DINO [22], MSN [23], MAE [24], and SimMIM [25]. 

Furthermore, SSL pretraining has shown to improve 

overall model performance [26] and that pretrained 

models are very good few shot learners on downstream 

tasks [23]. 

Foundation Models for bridge defect detection 

Here we report experiments with SSL pretraining for 

creating foundation models using Masked Auto Encoder 

(MAE) [24]. In this approach a large portion of the image 

is masked, and the model’s pretext task is to learn to 

reconstruct the original image from the masked one. The 

preliminary results are promising. For example, we show 

that training and using a foundation model that is 

pretrained on concrete bridge images can boost the overall 

model performance on a defect detection downstream task 
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as can be seen in Figure 1. 

In Figure 1, bbox stands for bounding box, and segm 

stands for segmentation mask basically the results of 

Object Detection and Instance Segmentation respectively. 

The AP score stands for Average Precision (higher is 

better) and which is the benchmark metric in these two 

tasks. The blue line represents fine-tuning the concrete 

bridge foundation model on the downstream task vs the 

orange line which represents fine tuning a generic base 

model for comparison. 

Furthermore, we also notice that the fine-tuned concrete 

bridge foundation model is particularly beneficial on hard 

to detect defects. This can also be seen in Figure 2. 

In Figure 2, we can see that using the concrete bridge 

foundation model does not give significant performance 

improvements on the algae defect which is usually a big 

green blob and easy to detect. Whereas it gives a 

significant performance boost for both the Crack and Net-

Crack defects which are much finer and harder to detect.

3.2 Model-assisted image labeling 

Model-Assisted Labeling for Visual Inspection via 

Explainability 

As mentioned, one key advantage of Foundation Models is 

the decrease in the number of annotated samples needed 

to reach a specific accuracy in a given downstream task. 

Interestingly, Foundation Models can also be useful in the 

complementary use case of annotating new image 

samples in a human-in-the-loop setting. In particular, in 

[27] we developed a defect annotation workflow where 

human annotators work to annotate segmentation masks 

defects on images of civil engineering structures by 

refining automatic annotation proposals (see Figure 3). 

Such annotation proposals are extracted using gradient-

based explainability methods that produce a mask of 

salient pixels given an input image and a classification 

model trained to discriminate between different types of 

defects. Intuitively, the salient pixels highlighted by the 

explainability methods are those that are being used by 

the model to predict the type of defect present in the 

image and are therefore a good proxy for a segmentation 

mask of the defect. 

A natural candidate for the classifier proposing the initial 

annotations (via explainability) is a Foundation Model 

Figure 1 Overall model performance results when using a concrete bridge foundation model for fine-tuning on the task of bridge defect detection 

vs using a generic model for fine-tuning. On the left, the average precision of the bounding box detection, and on the right the average precision 

of the segmentation mask detection. The blue line represents the fine-tuned concrete bridge foundation model results, and in orange the results 

of a fine-tuned generic supervised pretrained model. The x-axis represents the number of training iterations. 

Figure 2 Per-defect model performance results when using a concrete bridge foundation model for fine-tuning on the task of bridge defect 

detection vs. using a generic model for fine-tuning. On the left the Algae defect results, in the center the Crack defect results, and on the right 

the Net-Crack defect results. The blue line represents the fine-tuned concrete bridge foundation model results, and in orange the results of a fine-

tuned generic supervised pretrained model on ImageNet. The x-axis represents the number of training iterations. 
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trained pretrained on large datasets and fine-tuned on 

discriminating between defects. 

 

Figure 3 Overview of the model-assisted labeling framework 

presented in [27]. 1. A classifier is trained to discriminate between 

defects. 2. Gradient-based explainability applied to the trained 

classifier generates class-activation maps [28] . 3. The class-activation 

maps are processed into segmentation annotation proposals that the 

human annotator can refine. See [27] for more details. 

Active learning for imbalanced datasets 

Active Learning (AL) is another model-assisted annotation 

paradigm that has the scope of minimizing the number of 

samples that a human annotator has to label by prioritizing 

the labeling of samples that are predicted to be highly 

informative.  

The goal is in other words to optimize the trade-off 

between the cost of additional annotations (number of 

annotated samples) and the accuracy of a model trained 

on the annotated data (which is assumed to monotonically 

increase as more samples are labeled). AL has been 

successfully applied in medical imaging [29], [30], 

astronomy [31], and surface defect detection [32]. 

In [33], we presented a method that effectively and 

efficiently selects minority samples from a pool of 

unlabeled data for large datasets suffering from heavy 

class imbalance. While most academic datasets are class 

balanced, with each class having the same number of 

samples, we elected to focus on the imbalanced case 

because it is more representative of real-world industry 

datasets that usually suffer from a long-tailed class 

distribution [34], [35]. Moreover, in these cases, the 

minority classes are often the most important ones. This 

is usually the case for civil structures: dangerous/critical 

defects rarely appear on drone scans of the structure as 

they are well maintained. 

Contrary to classical AL methods that try to find 

informative samples from all classes, our method works by 

selecting samples for the minority class, investing the total 

labeling budget for samples that improve model 

performance for only that minority class. To this end, our 

method replaces the AL acquisition function with a binary 

discriminator explicitly trained in a one-vs-all fashion 

(minority vs. majority classes) to distinguish between 

unlabeled minority and majority samples. 

Applying our method to our proprietary civil infrastructure 

dataset (see Figure 4), we show a minority class recall 

improvement of 32% and an overall accuracy gain of 14% 

compared to the best-performing traditional AL method 

(BALD [36]). 

Combining Foundation Models and Active Learning could 

have a compounding impact on the number of annotated 

samples needed to reach a particular performance on a 

given downstream task: using a pretrained Foundation 

Model as a starting point for training the model on the 

initial pool of labeled data will lead to a more accurate 

model and, therefore, to a better selection of samples in 

the first annotation round. In turn, this process will lead to 

a more accurate model in the second Active Learning 

cycle. The pattern repeats until the end of the Active 

Learning process leading to a considerably higher sample 

efficiency. 

Figure 4 Results of our Active Learning for imbalance datasets on a civil engineering dataset (see [33]): absolute model performance throughout 

the AL process: for each cycle, after labeling 200 additional samples, we report precision and recall for the minority class, macro average precision 

and recall for the majority classes, and overall accuracy for our proprietary civil infrastructure dataset. Error bands show standard error of the 

mean (SEM). 
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3.3 Pre-trained multi-modal segmentation 

models 

The application of computer vision methods on images of 

civil engineering assets usually considerably benefits from 

preprocessing stages. In the case of visual inspection of 

civil assets such as bridges it is for instance often 

beneficial to separate background from foreground such 

that the computer vision algorithms are only applied to the 

planar surfaces of the bridge identified as foreground, 

whereas partially visible surroundings can be removed as 

part of the background.  

ClipSeg responses to text queries 

Recently, researchers have proposed a method to 

seamlessly perform such image segmentation like 

foreground/background separation by leveraging a 

pretrained multimodal Foundation Model known as CLIP. 

CLIP is a joint text-visual embedding model [37], which in 

practice produces a representation of images and natural 

language in a common vector space such that they can be 

used to reference visual concepts through natural 

language. ClipSeg [38] builds upon CLIP to obtain a 

system that generates image segmentations based on 

arbitrary natural language prompts. 

Using ClipSeg out-of-the-box with queries like "bridge", 

"concrete", and "pillar" on typical civil engineering images 

already produces remarkable results in terms of 

separating the foreground (the concrete structure) from 

the background, presumably owing to the large volume of 

data used to train CLIP. Specifically, Figure 5 shows the 

predicted maps for foreground queries (left part) and 

background queries (right part). However, some queries, 

such as "concrete", produce sharper results than other 

queries like "pillar". Likewise, instead of only using queries 

that refer to foreground, combining multiple queries 

referring to the background seems to as well. For example, 

general queries such as "water" or "forest" produce a 

strong response on regions where they occur. Moreover, 

selective queries such as "natural stone wall" produce 

clean and problem-specific responses. 

Multiple queries for improving segmentation 

Even though single queries produce satisfying results, 

there is no single query that accurately fits all 

foreground/background segmentation instances. To 

achieve that, we suggest ensembling the response 

attention map of multiple queries. 

Figure 6 shows the resulting foreground/background 

segmentation mask (left part) and the uncertainty map 

(right part) for three specific ensembles. We observe that 

for simple images, such as the top image, all three 

variants deliver almost perfect results that segment the 

bridge from the water. The uncertainty map is low, except 

for marking the transition region at the boundary of the 

segments. In contrast, the two middle images show how 

results improve from ensemble E1 up to E3. Similarly, the 

uncertainty is reduced (for example, between E1 and E3 by 

adding the query "forest"). Most artifacts (false-positive 

foreground segmentation on the left and right of the pillar 

of the third input image) for E1 are marked as uncertain, 

henceforth indicating that the constructed uncertainty 

map indicates the trustworthiness of the produced output. 

Additionally, the last input image produces a strong 

response for "concrete" in all regions resulting in no 

background segmentation for E1 and E2. Introducing the 

problem-specific background query "natural stone wall" 

enabled producing a strong response to correctly segment 

the asset with E3. 

Figure 5 Predictions of ClipSeg for foreground queries (left), input (center), and background queries (right). The foreground queries are highly correlated. 
The background queries are selected to complement each other. 
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3.4 Generative Foundation Models for synthetic 

data generation 

Modern image generation models have seen a significant 

increase in interest from researchers starting with the 

publication of generative adversarial network (GAN) [39] 

architecture in 2014. GANs were the first architecture to 

enable the synthetic generation of high-quality high-

resolution images.  

Recently, diffusion models were proposed [40] as a new 

breed of generative models for images rooted in non-

equilibrium thermodynamics [41] that has been steadily 

replacing GANs thanks to their higher quality and diversity 

of generated samples, and higher training stability [5], 

[42]. 

Training on synthetically generated data 

An interesting use case for synthetically generated data is 

that of data augmentation where synthetically generated 

samples are used to artificially increase the size of a 

training dataset in low data regime [43]. Besides 

mitigating data paucity, generating synthetic data for 

model training offers additional benefits, like privacy (by 

dissociating the synthetically generated data from 

sensitive information in real data) and increased fairness 

(by mitigating the bias issues due to the presence of 

underrepresented categories in the data) [44]. 

Example use in civil engineering 

We now showcase the use of diffusion models for data 

augmentation as it could be applied to train a defect 

detection in a data paucity regime where some some 

defects might be underrepresented in the training dataset. 

Figure 7 shows samples of "crack" objects and "concrete 

wall" backgrounds (i.e. intact surfaces) coming from a real 

dataset as well as generated by a diffusion model. These 

should be compared to synthetically generated images of 

"cracks" and "concrete walls" obtained by fine-tuning a 

pretrained diffusion model seen in Figure 8. 

 

Figure 7 Real pictures of cracks (top row) and concrete walls (bottom 

row) selected from a real dataset. 

 

Figure 8 Synthetically generated pictures of cracks (top row) and 

concrete walls (bottom row) generated with a diffusion model. 

The quality, realism and diversity of synthetically 

generated images is striking. Moreover, notice that the 

visual similarity between generated background and crack 

images (top and bottom rows of Figure 8) is not accidental, 

but comes from generating both rows of images starting 

Figure 6 Ensemble results: Final foreground/background (left), input (center), and uncertainty map (right). The queries corresponding to the different 
ensemble settings are as follows: E1:=(foreground=["concrete"], background=["water", "sky"]), E2:=(foreground=["concrete"], background=["water", "sky", 
"forest"]), E3:=(foreground=["concrete"], background=["water", "sky", "forest", "gravel", "natural stone wall"]). Complexer ensembles deliver better 
segmentations and lower uncertainty. 
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from the same initialization and only modifying the prompt 

used to condition the generation (from "big crack on a 

concrete wall" to "concrete wall"). 

In the future, a further refinement of this method of 

pairing images with defects with images without defects 

could be potentially combined with explainability methods 

relying on contrastive [45] or concept-based [46] 

explanations in order to potentially obtain candidate 

segmentation masks as done in [27]. Furthermore, 

diffusion models could be refined to take into account the 

manifold geometry of synthetic images (see e.g. [47]) 

using for instance the formalism developed in [48]. Finally, 

methods based on optimal transport or its unbalanced 

version [49] or taking into account learning margins [50] 

could be used to speed up the generation of synthetic 

images. 

4 Conclusions 

In this paper we made the case for the use of AI 

Foundation Models in civil engineering, and in particular 

for their integration in visual inspection workflows. We did 

that by trying narrow the gap between research 

development and application use cases through the 

illustration of prototype workflows where Foundation 

Models are being leveraged to support automated visual 

inspection. We hope that this contribution will ignite 

durable and fruitful conversations between AI researchers 

and civil engineers aimed at consolidating and refining the 

use of Foundation Models in civil engineering. 
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