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ABSTRACT:
While technology captures raw data of on- and off-road assets, prepared data remains insufficient for effective defect detection across multiple road assets. Despite extensive research on detecting defects on the pavement and applying synthetic data in different industries, the creation of synthetic defects for multiple road assets remains an open question. This research aims to create synthetic defects for the pavement and road signs from multiple visual data sources, including local road capture and generative art solutions. Our solution first includes transforming source and destination images into orthonormal or elevation views to eliminate perspective differences. The transformed source images will be annotated with the assistance of auto-annotation tools adapted from Segment Anything and pixel intensity thresholds. The annotated source instances are cropped and can align with the style of destination images with FastPhotoStyle, before inserting onto the destination image with an object mask. This introduces defects unseen in the pavement and panoramic images in the CAM Dataset and lays the groundwork for a comprehensive road defect detector spanning major road assets. The work on synthetic data can be advanced to capture textural changes on road assets and environmental changes in the road scene.
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1. INTRODUCTION 
Efficient logistics and economic prosperity are supported by uninterrupted connectivity. With heavy pressure on sustaining the current condition of roads amid their expensive maintenance costs, digitizing road maintenance is considered viable for meeting future challenges of road infrastructure. An example of the digitization initiative can be seen in improving the inspection frequency on roadside structures (National Highways, 2021) and signs (National Highways, 2020) from the current once every two years by adopting mobile scanning and remote inspection solutions. Mobile scanning solutions such as Trimble MX9 (Trimble Inc., 2022) can capture images and point clouds to automatically record the road and roadside scenery. The data collected at selected road sections may however be insufficient to build a road classifier because there may not be enough defective road assets and the categories of defects may be incomplete in the scanned road sections. In addition to using real defect data, synthetic data is important to supplement the inadequate data for building a defect detector for different road assets.
This research aims to explore methods to integrate visual data from multiple sources to build up synthetic data for defects on multiple road assets. While this research mainly focuses on using visual data in the form of images, their varied sources of generation, particularly images from generative models, require different processing before becoming useful. The collected raw data have to be transformed and processed in order to be integrated into our original road imagery to become an artificially curated synthetic dataset for future defect detector training. Depending on the nature and the documentation practice of recording the targeted defects, the defect detector may need to locate, classify or produce descriptions of defects identified from the road asset. The future defect detector is targeted to inspect multi-defects from multiple road assets, hence the need to create a vast range and amount of data. This research concretely targets to make the following contributions:
· Create adequate defect samples in preparation for constructing a defect detector for multiple road assets, particularly for off-road assets
· Utilise SOTA pretrained generative art models in creating instances suitable for multiple defect detectors with editing as appropriate
· Address the perspective problems when applying synthetic data to assets captured in real-life road footage by inverse perspective transform (pavement) and segmentation, sorting and warping (road sign)
· Produce the synthetic data with the available compute on desktop computers

2. LITERATURE REVIEW
Researchers in various disciplines have investigated applying synthetic data to improve daily operations. Synthetic data can be generated by various Generation Adversarial Networks (GANs) and diffusion models and some research specifically tackles the multi-view problem. The state of research on detecting pavement non-crack defects or road defects beyond the pavement is also examined for the future construction of a multi-defect detector.

2.1 Landscape of synthetic data adoption
The most pertinent to our study was research on synthetic data on road objects and defects. Synthetic data were generated by various GANs or inpainting methods on general road objects (Kumar and Muhammad, 2023; Lis et al., 2024) and traffic signs (Dewi et al., 2021, 2022). Artificially creating pavement distresses is also possible by applying different GANs on datasets with pavement defects (Maeda et al., 2021; Cano-Ortiz et al., 2024; Jakubec et al., 2024) or synthesizing from other types of cracks (Branikas, Murray and West, 2023).
Synthetic data were equally useful for other industrial or infrastructure inspections. Niu (Niu et al., 2020) and Jain (Jain et al., 2022) used GAN to generate extra industrial defects for their defect detectors. Synthetic data could also be produced by augmenting the viewpoint and environmental conditions of a real industrial defect on visualization engines such as Blender, Unreal Engine and Nvidia Omniverse Replicator (Boikov et al., 2021; Damian et al., 2023; Docca and English, 2023; Mohanty, Su and Ho, 2023). Beyond industrial applications synthetic data were also employed in finding defects in concrete bridges (Zhang et al., 2021) and sewers (Siu, Wang and Cheng, 2022) and bespoke features such as crack textures (Eliseev, 2023).

2.2 Techniques in generating synthetic data
GANs and diffusion models were generally capable of producing new samples by replicating the trained instances. Researchers thus trained GANs on real defect datasets to obtain extra defect samples as synthetic data (Niu et al., 2020; Dewi et al., 2022; Jain et al., 2022; Cano-Ortiz et al., 2024). Some models such as StyleGAN (Karras et al., 2021) or CycleGAN (Zhu et al., 2017) could also translate the style of an image to another, facilitating synthetic data generation by augmenting a style of imaging to another for domain-specific applications such as medical sciences (Song and Chong, 2024; Zhong et al., 2024). Latest advancements in style transfer included modifying diffusion models and pretraining a vast amount of styles to infer images of new styles without test-time tuning (Gao et al., 2024).
Generating multi-view synthetic images may be of interest to our research. Multi-view synthetic data can be created from 3D meshes (Acharya et al., 2021), multi-view images (Yu et al., 2023) or parametric rules (Schoepflin et al., 2021). They mainly focused on using visualisation engines to create images of different views by adjusting the camera positions and lighting conditions.

2.3 Defect classifiers for pavement non-crack defects or non-pavement defects
In parallel with the quest to create multi-view synthetic images with various generation techniques for domain-specific applications, research was ongoing in detecting defects of non-traditional on-road and off-road distresses. Research conducted on road marking defects may commence with street-view or on-road captures (Maeda et al., 2018; Chen and Chiu, 2023; Liu et al., 2023), where some (Kong et al., 2022; Chen et al., 2024) would first transform images from the drivers’ perspective into orthonormal views and proceed with data preparation and defect detection. Others (Ruiz and Alzraiee, 2020; Bu, Zhu and Ma, 2022) who embarked with drone or satellite images may require other kinds of image processing. In finding defective road signs, some researchers (Prakash, 2021; Trpković, Šelmić and Jevremović, 2021) relied on convolutional neural networks to extract features and detect signs. Jabal (Jabal et al., 2024) built a multi-defect classifier with YOLO, using smartphone videos taken from the drivers’ perspective.
Reviewing the gaps in knowledge, using synthetic data for building a multi-road defect detector, particularly for off-road assets, remained an open question. Research on using computer vision to defect off-road defects was inherently limited. Existing research on on-road defect classifiers was different where detector training usually did not require synthetic instances. Synthetic data for defects of multiple road assets also differentiated from ongoing research on other infrastructure and industries because there would be multiple assets in the footage to be inspected. 
Besides the problem of having multiple assets in the same image, most research on synthetic data generation did not consider the perspective differences. Images, and therefore the applied synthetic data, for industrial or infrastructure applications were usually captured without significant perspective changes in their controlled environments. Other research that considered the multi-view problem usually commenced with a curated dataset of 3D meshes or a series of images that could be converted into ones. In this research, however, there would not be ready-made meshes or curated images for individual roadside objects.
A further pressing question beyond the multi-asset and perspective problem would be the availability of data. The state-of-the-art (SOTA) diffusion models may generate generic instances such as graffiti but not the more niche defects such as alligator cracks. For those that can be generated, researchers rarely adopted them as synthetic data for training. For those that cannot be generated, there were no suitable trainable instances to start any finetuning. The combination of lacking research on defects of multiple road assets, perspective issues on using synthetic data and the extent of using SOTA generative art models led to the current research with the following research questions:
· In the absence of adequate defect samples, how can a defect detector for multiple road assets be constructed?
· To what extent could SOTA pretrained generative art models create instances suitable for multiple defect detectors?
· For different avenues of defect data collection, how could the synthetic data appear real when visualised, particularly in addressing the perspective problems?

[bookmark: _Ref184223985]3. METHODOLOGY
This research proposes a solution to prepare data for defects on multiple road assets by collecting and preparing data from multiple visual data sources. Researchers acknowledge the need to first identify the types of defects that would appear on different road assets, starting from road maintenance manuals or assorted taxonomy of road defects (Lam, Chen and Brilakis, 2023). Data for different targeted defect types are pursued by separate pathways, to be discussed in this section.
The framework for preparing each type of defect includes data collection, preparation, annotation, style transfer and insertion into the images containing an actual road asset (“destination images”). The process begins by collecting the raw visual data, referred to as “external images” or “external defects”. The external images are typically not taken from the perspective of the destination images, hence requiring appropriate transforms on both images for further processing. The external images will then be annotated, automated where possible, to extract the desired external defects.
After extracting external defects, the defects likely appear distinct from the destination images. Subject to whether aligning the styles is necessary, the external defect can merge its style with the destination image. The style-transferred defect can then be inserted into the destination image with an object mask and alpha channel.

3.1 On-pavement defects
The authors first pursued adding external defects of alligator cracks and worn lane marks onto pavement images. This task aims to incorporate images collected from local roads by an action camera (AKASO V50X) mounted on a bicycle, with GPS locations recorded by a mobile phone (Samsung S21 FE), to a curated orthonormal pavement image dataset (CAM Dataset (Marie D’avigneau et al., 2024)). The process is summarised in Figure 1.
Data collection begins by recording videos from the action camera mounted on a bicycle cycling around Cambridge, United Kingdom. Local roads are mostly paved with asphalt, so the distress found on local roads such as alligator cracks and potholes may also be found on motorways overlain with similar asphalt materials. The use of an action camera, which can potentially be substituted by dash cameras or similar, demonstrates the ability to assemble datasets with accessible equipment. The camera records videos at 4K resolution to maximise the image quality and is set at an angle to view the pavement as well as the surroundings, such as the original road image in Figure 2, for easier feature matching in data preparation. 
[image: A diagram of a process

AI-generated content may be incorrect.]
[bookmark: _Ref193445708]Figure 1: Process to synthesise on-pavement defects
The raw video footage is sliced into individual image frames for onward data preparation. After slicing the video with python package opencv, the algorithm records the geolocation of each frame by interpolating between GPS readings, recorded every second by GPS Logger (BasicAirData, 2024) on the smartphone. COLMAP (Schonberger and Frahm, 2016; Schonberger et al., 2016) extracts and matches the features between image frames and estimates the extrinsic rotation angles (yaw, pitch and roll) of the action camera. The rotation angles can then be manually adjusted by trial and error to cater for the movements of the bicycle that the camera is mounted on.
The local road images require perspective transform to eliminate the perspective differences when inserted into destination images. The ortho-rectified mosaic in the destination CAM Dataset is sliced into individual squares in the direction of travel by ArcGIS. The local road images are transformed by inverse perspective mapping with Liao’s repository (Liao, 2019) as shown in Figure 3. In addition to the camera intrinsic parameters and extrinsic rotations, Liao’s mapping requires inputs of the boundary of the pavement in the image. This research adds automation by estimating a segmentation mask of the pavement from a text prompt input “segment pavement” in Google PaliGemma (Beyer et al., 2024). The required top, bottom, left and right boundary points of the pavement are then standardised across images for the entire road section.
Following the perspective transformations, the images are annotated to facilitate cropping of the desired external defects. Annotations could be done by humans with labelling tool CVAT (CVAT.ai Corporation, 2022). The authors reduce manual annotation with various pseudo-labelling methods for different external defects. For worn lane marks, the authors adopted colour thresholding and Segment Anything (Kirillov et al., 2023) for preliminary pseudo-labelling as Figure 2. Segment Anything requires an input location to find the segmentation mask of the object. This research inputs the centroid of the lane mark by thresholding bright pixels from the greyscale image and rejecting yellow pixels with Hue, Saturation and Value thresholds in the opencv package. The algorithm then clusters the white points by DBSCAN to find centroids that are at least 300 pixels apart to avoid duplicating pseudo-labels. The algorithm then filters out oversized or minuscule pseudo-labels that are likely to be wrong. For the alligator cracks, owing to their complicated shapes part of the dataset is first labelled. A YOLOv8 model (Jocher and Ultralytics, 2024) is then trained to infer pseudo-labels for the rest of the images. The pseudo-labels are then reviewed to crop the interested external defects.
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[bookmark: _Ref193710385]Figure 2: Annotating lane marks by intensity thresholds
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[bookmark: _Ref193466120]Figure 3: Data preparation for on-pavement defects
Unlike a common approach to directly paste external defects onto destination images, this research also sought to merge the styles of both images where desirable by style transfer. This is because the section of pavement where the defect is extracted may look different, such as having a different grey colour, from the road section in the destination image. The style transfer method must preserve the texture of the defects to ensure they appear authentic and consistent with their real-world physical characteristics. FastPhotoStyle (Li et al., 2018) enables a change of colour tones without destroying the feature details, such as lane markings breaking into spots or alligator cracks and potholes to keep their appearance as captured.
The style transfer is concretely achieved by transferring the style of a pavement crop in the destination image to the content of the external defect as shown in Figure 4. The style transfer is completed by adjusting its strength.
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[bookmark: _Ref193468792]Figure 4: Illustration of style transfer by FastPhotoStyle
The style-transferred external defects are finally inserted into the destination pavement image. For worn lane markings, the real lane marks on the destination pavement images are first thresholded with brightness intensity, similar to the previous annotation. The worn lane mark will be inserted inplace. For alligator cracks and potholes, the algorithm creates an alpha-channel mask of the targeted object at a random location and pastes the prepared external defect instance in the mask.

3.2 Off-pavement defects
Defect data for off-pavement assets are generated to extend detection capabilities beyond traditional pavements. At this research stage, the authors adopt a similar pipeline to insert graffiti as defects on road signs summarised in Figure 6.
Instead of embarking on collecting graffiti from real roads, existing generative AI solutions, commonly used for arts, provide ample samples for creating a dataset. This research uses Stable Diffusion 3.5 (Esser et al., 2024), a SOTA model for creating realistic images. The medium version of the model provided by Hugging Face’s diffuser package (Stability AI, 2024) fits well within the VRAM budget of a desktop computer. With a text prompt that specifies one object in an image on a white background from the top-down view, the model can produce many samples of graffiti and stickers as raw external defects for road signs and the pavement.
[image: A close-up of a sign

AI-generated content may be incorrect.]
[bookmark: _Ref193471610]Figure 5: Processes to crop and augment a road sign
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[bookmark: _Ref193458117]Figure 6: Process to synthesise off-pavement defects
The destination images containing road signs require significant processing and transformation before use. This research uses the panoramic images of motorways in the CAM Dataset. The algorithm first breaks panoramic images into its cube map with py360convert (Sun, 2019). It then incorporates several open-set detection and segmentation techniques to automate the transformation of a forward-looking road image into a road sign image in elevation view. Figure 5 illustrates the processing pipeline.
The algorithm first detects bounding boxes (bbox) of road signs from the forward-looking view by entering a text prompt in Florence-2 (Xiao et al., 2023). Detecting bbox with text prompts negates the need for manual annotation and returns more reliable results than seeking an instance segmentation mask directly. After cropping the detected bbox, the algorithm segments the sign from its background by Segment Anything (Kirillov et al., 2023) with the image centre as the input location. The mask is then simplified into a polygon (cv2.approxPolyDP) covering the sign by opencv. The sign polygon will then be warped with opencv (cv2.PerspectiveTransform) into a flat face using the polygon corners as the input points and the image corners as output points.
By using the series of automated detection and segmentation tools, one may expect some incorrect predictions or duplications of road signs. The algorithm attempts to sort output images into individual signs by two rounds of clustering by DBSCAN. The first round compresses images into feature embeddings with ResNet-50 in torchivision and clusters embeddings by their similarity. This likely separates the incorrect predictions (such as the back of a truck) from the correct signs, however, some different signs such as directional signs may appear similar in the embedding space. The second round thus further clusters by geolocations of the images to ensure only similar signs in proximity are sorted together. The sorted results are then manually checked before being processed further. 
Annotation of the defect is relatively simple upon the request for a white background and top-down view when generating the defects. The graffiti or sticker can then be extracted with an intensity threshold in opencv. For the destination road signs, the best image of a sign is chosen and upscaled with Stable Diffusion upscaler (Rombach et al., 2022) for inserting defects.
Inserting graffiti on a flat-face road sign is similar to sticking pavement distresses on a flat pavement image. After inserting with object masks, the data preparation process is reversed to return the edited road sign to the forward-looking road image. The algorithm resizes the edited image back to its original resolution, perspective warps back to the orientation of the panoramic image and sticks the unwarped image to the bbox where the sign is cropped.

4. RESULTS AND DISCUSSIONS
As illustrated in Section 3, this research gathers defects from different sources and inserts them onto destination images in the CAM Dataset (Marie D’avigneau et al., 2024). This section elaborates on the experimental setup and presents the visual outputs with metrics quantifying the effect of style transfer in the added defect.

4.1 Dataset
This research uses the pavement orthomosaic and panoramic images in A12 Mountnessing as the destination images. The section of the motorway is composed of reinforced concrete overlain with asphalt. Multiple types of visual data, including pavement images and panoramic images, were collected from the Trimble MX9 mobile scanning solution (Trimble Inc., 2022) mounted on the top of a vehicle travelling at lane speed. The CAM Dataset (Marie D’avigneau et al., 2024) illustrated the processes to refine the raw collected images to the inputs of this research.
The authors further prepared the inputs to the experimented forms with steps shown in Sections 3.1 and 3.2. The pavement orthomosaic is sliced into squares of approximately 3.8m per side (except slip roads), totalling 8108 orthonormal pavement images. The annotations were also sliced and limited to 4 representative categories, resulting in 2428 positive images with real defects. On-pavement defects were then synthesised and added to randomly chosen positive images.
The road capture returned 9623 panoramic images. After dividing them into respective cube maps, the forward-looking face is taken for road sign detection and warping. The mechanism distils forward-looking images into 419 images across 25 real signs. Whilst most bigger signs were directional signs, some warning signs were also captured.
As for the external defects, real data was collected from several cycling trips in Cambridge, United Kingdom. 127 instances of alligator cracks were collected from two outings on the Tennis Court Road. 265 instances of worn lane marks were collected from one outing on Grange Road and Pemberton Terrace. These roads, designated with residential speed limits and lacking separate cycling tracks, were safer for cyclists while still providing opportunities to collect real road defect data. Note that every real crack or worn lane mark may be captured by multiple image frames, hence multiple instances.
Raw graffiti was collected from Stable Diffusion 3.5-medium. 200 images were requested but some generations may not be suitable. For example, instead of having one graffiti in the middle of the image, the model may generate multiple overlapping graffiti on the sides of the image. Even after cropping, graffiti having straight edges made them unrealistic and had to be discarded. 172 graffiti remained after filtering.

4.2 Experimental setup
This research mainly demonstrates the ability to generate useful synthetic data from different visual sources.	The experiment synthesised in total 573 alligator cracks, 523 worn lane marks, 523 graffiti on the pavement images and 25 graffiti on 25 road signs. For testing the realism of modified images, a testing set of 70 images with alligator cracks, 57 with graffiti and 79 with worn or cracked lane marks were randomly chosen from the modified pavement images. All 25 road signs with graffiti were tested.
The first way to evaluate the results was to present them visually for human examination. The visual inspection judged whether there were significant distortions and loss of information in the synthesised destination images. For example, humans could see if the inserted alligator cracks looked foreign or aligned awkwardly from the pavement, or if graffiti on road signs appeared real as if looking from an angle in the driving lane.
The second way to evaluate the results was to demonstrate machines’ ability to read the defects. The generated images would be fed into a multi-modal model, in the experiment Gemini-2.0-flash (Google, 2025) and be prompted with a warmup question to look for general defects before asking “are there any {defect} in this image?”. The questions returned a binary answer yes/no, where the accuracy would be evaluated. 
The impact of style transfer in preserving realism can be determined by the Fréchet Inception Distance (FID). As an example of using FID, the experiments compared graffiti on road signs with and without style transfer. The lower the FID score, the more similar to the original dataset (without defects) they are.
This research also aims to deliver synthetic data with the compute accessible on desktop computers. The VRAM usage during resource-intensive algorithms was recorded. All synthesis and experiments were performed on a desktop computer with Intel i9 CPU and Nvidia RTX 3080Ti (12GB VRAM) graphics card.

4.3 Results
Visual inspection results: Figure 7 shows the visual outputs of synthesised pavement defects and graffiti. The end results generally looked promising, that cracks and worn lane marks appeared reasonably harmonious with the background pavement. The modified signs with graffiti also pasted back to the panoramic split reasonably well.
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[bookmark: _Ref193482946]Figure 7: Visual outputs of synthesised alligator crack, graffiti and worn lane marks on pavement images (up) and graffiti on signs (down)
[bookmark: _Ref193482265]Table 1: Accuracy of identifying defects
	Defect
	Avg. (%)
	S.D.(%)

	Pavement defects
	
	

	Alligator crack
	41
	3

	Graffiti
	89
	3

	Worn lane marking
	10
	2

	Graffiti on signs
	
	

	With style transfer
	99
	2

	Without style transfer
	96
	2



Machine readability: Table 1 shows the accuracy of identifying the on- and off-pavement defects from the inputted images. Each image was queried 10 times and the average and standard deviation of accuracy were shown.
Results showed that while graffiti was generally well recovered from pavement and road signs, alligator cracks and worn lane marks suffered from lower accuracies. Looking into the textual justifications given beside the yes/no answer, many failed cases in alligator cracks identified crack features or broken asphalt surface but returned “no” because the cracks were not interconnected enough or were identified as potholes with surrounding cracks. These may potentially be taken as alligator cracks in inspections.
Lane marks were poorly classified because the model could not detect the lane mark in the first place. Humans may find the lane marks and consider them “worn” because we foresaw where the marking should be and the features looked more broken than expected. It may be difficult for machines to determine with confidence that the feature was indeed a lane mark just from the defective view. When using a more sophisticated multi-modal model with reasoning capability (Gemini-2.0-thinking-exp-01-21), the accuracy dramatically rose to 72%.

FID metrics: The setup of 25 signs with style-transferred graffiti returned a FID score of 88.4, compared with 128.0 for signs with original graffiti without style-transfer. The FID showed that even for just 25 signs, aligning the colour tone with the background significantly reduced the abruptness of the insertion. This reinforced the visual observation that defects after style transfer appeared more harmonious to the background and less artificial.

Computing resources: Table 2 and Table 3 showed the VRAM consumption and the average processing time (in seconds) per image when generating defects on and off the pavement. Results showed that they could generally be performed within 12GB VRAM in a reasonable timeframe (besides occasional spikes or file in/out processes).

[bookmark: _Ref193484479]Table 2: VRAM consumption and inference time for on-pavement defects
	Process
	VRAM (GB)
	s/img

	Break videos into images
	1.1
	0.3

	COLMAP
	5.4
	3.8

	Create mask [PaliGemma] and rotate [IPM-master]
	11.6
	29.8

	Thresholding + SAM auto segment
	3.5
	1.4

	FastPhotoStyle
	2.8
	7.6



[bookmark: _Ref193484559]Table 3: VRAM consumption and inference time for off-pavement defects
	Process
	VRAM (GB)
	s/img

	SD - create graffiti
	7.5
	31.2

	Detect signs with self-verification [Florence-2]
	6.1
	0.7

	Segment sign [SAM-2], simplify edge and warp image [cv2]
	3.5
	1.4

	Cluster images [DBSCAN]
	1.5
	0.1

	Upscale images [SD upscaler]
	9.4
	4.0



4.4 Discussions
This research was an opening attempt to use various sources of visual data to generate synthetic data for different road assets. It addressed two concerns that led to limited research beyond the pavement, namely a lack of data and the difficulty of collecting data, given the sparse and unknown distribution of defective road assets. It may be easy to find street signs or barriers in our neighbourhoods but they may be intact or not contain our desired defects. There were also few publicly available records of where defective road signs or barriers were located. With this production pipeline, the authors supplemented alligator cracks that were underrepresented in the CAM dataset. It also addressed the lack of defect annotation beyond the pavement and provided extra defect categories such as graffiti and worn lane marks absent in the dataset. The proposed methodology enabled data to be prepared for training any visual detector models.
The research also revealed a dilemma in increasing the adoption of common visual data and generative art. It was intuitive on one hand to utilise existing tools or easily accessible data sources to create defects (or whatever targets) to reduce the cost of acquiring data. On the other hand, this research also showed that generated arts required significant adaptations before use. The authors highlighted the problem of misaligned perspective, which was one of the obvious bottlenecks that the authors identified and made serious attempts to rectify. Using multiple accessible visual sources raised questions and opened new avenues to address challenges.
Result evaluation was one of the issues in researching data generation. As the research focused on the new dataset, common benchmarks and metrics were not suitable for comparison. The authors assessed the quality of outputs by human and machine interpretation, accompanied by some common metrics to evaluate relevant parts of the data generation pipeline. 
A key takeaway from the machine-readability evaluation was that aside from evaluating synthetic data accuracy, multi-modal models also revealed their potential to serve as defect detectors. Future research may involve using multi-modal models to identify defects on different road assets, subject to the level of precision road maintenancers required. If the specification requires textual descriptions, such as to mimic written records for a walk-through inspection, multi-modal models may complete the task. If however precise locations of the defect were required, more precise tools with better grounding capability such as object detectors trained with supervised learning may be required. Some multi-modal models (such as Florence-2 for road signs) showed a glimpse of hope in localising defects without specific fine-tuning but their performance in detecting defects remained to be investigated.
Research on supplementing data should continue as there were more scopes to explore. The variety of defect types (or diseases as called in Lam) yet to be explored urged for more data and detectors in order to ultimately automate road inspections. Further data synthesis may explore defects concerning textural changes such as dirty, fading or rusty signs, and defects on other types of assets such as metallic and concrete barriers. For more adaptable defect detectors,  visualisation engines may create synthetic data for different lighting and environmental conditions.

5. CONCLUSION
This research explores methods to create synthetic data to overcome the societal problem of not having enough road defect data to automate inspections. The method fills the gaps in knowledge of creating visual defect data of multiple road assets with considerations to perspective issues, in an attempt to supplement research on detecting non-conventional pavement distresses and defects of off-road assets. The proposed method integrates visual raw data collected from multiple sources and inserts the processed defects onto the destination road asset images. The processing involves data collection, preparation and transformation, annotation, style transfer and insertion into destination images. Data was first collected from accessible camera footage or generative art tools such as Stable Diffusion 3.5. They were transformed into the same perspective as the destination images and annotated with the assistance of text-vision models such as Paligemma, Florence-2 and Segment Anything. Some defects could also be style-transferred to align the style with the destination images, using a lightweight FastPhotoStyle solution. The experiments adopted the method to generate synthetic data of niche on-road defects including alligator cracks, worn lane marks and graffiti, as well as graffiti on road signs. Results from both human inspection and machine interpretation suggested that the signs were successfully inserted into the images of the desired assets. The topic of synthetic road defect data could be further explored by expanding the types of defects, introducing textural changes and adopting visualisation engine for different environment effects.
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