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Executive summary 

Let’s start with the title ‘Final Readiness of Specific Datasets’. ‘Final’ means the second report in a 2-stage evaluation. 

‘Readiness’ means we add a quality stamp to a dataset. ‘Specific Datasets’ means data gathered, curated, processed 

and released from, and by, the ROADVIEW project.  

The datasets are provided by Finnish Geospatial Institute (FGI) in Finland and the Technical Institute of Ingolstadt 

(THI) in Germany. Using the techniques in this deliverable, we assign a score or Readiness, 1 (low) to 9 (high) to the 

data under study. We call the result of the evaluation a Data Readiness Level, or DRL. DRLs should be the seen as 

the ‘data equivalent’ of Technical Readiness Levels. In theory, one should be able to use TRL and DRL together to 

evaluate a system that makes use of data, such as Artificial Intelligence. Specifically, the ROADVIEW project uses 

Machine Learning, or ML, in the context of Autonomous Driving.  

 

Autonomous Driving = Technology Readiness Level + Data Readiness Level 

 

We have rated the THI dataset as 8.0 and the FGI dataset as 7.0.  

The rest of this report contains: 

• How singular DRL values such as 8 and 7 were assigned. 

• Improvements to the DRL assignments 

o Additional techniques for point-cloud quality 

o Weight assignment for modalities 

o Smoothing data 

• Cross-verifying quality across modalities, simultaneously 

• 1 additional dataset under review 

 

Objectives 

The objectives are an evaluation of the data quality supplied by the project. Data quality is a relatively new concept 

in computer science and IT, therefore a second objective how the quality is derived, especially with respect to 

autonomous driving. Given the novelty of data quality, it is important we explain the philosophy, methods and tools 

for experimentation and modification should improvements be derived from this work. We expect this and know of at 

least 1 institute (see Conclusions) using the DRL concept. A further objective will be a public release of the DRL 

software (D4.7). 

 

Methodology and implementation 

The main methodology is to define a simple, working assessment of the datasets used in ROADVIEW. Irrespective 

of the algorithms’ performance (F-Scores, Confusion matrices and so on) the success of autonomous vehicles will 

largely depend on the quality of data used. Therefore, the data should be of sufficient quality for the scenarios and 

settings defined in the project. Since the goal of the project is to enable autonomous vehicles to operate in rain and 

snow, the coverage, quality, and settings will be a determining factor in the projects’ success.  

Quantitively, where the operation of the vehicle perception is too low, we can pinpoint at least where the data is/was 

insufficient using the main concept. Backtracing from an object misclassification (or missing at all) to the HD MAP, 

data source (Visible camera, Infrared, LiDAR, RADAR) to the pixels and potentially a sensor issue would be a truly 

valuable tool in this field. Comparing to a software development environment, we envisage the process akin to a 

debugger in code development. Figure 1 shows a simplified illustration of data under review. In the project data 
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accumulation (REHEARSE and FGI) and the DRL development was done in parallel. Therefore, these datasets were 

gathered before we could apply our DRL concept. That means the DRL level is static, improvements cannot be made 

to these datasets (nor should be as it would influence existing results). Therefore, an ongoing effort is to evaluate a 

dataset under collection. This is provided by VTT in the project. Note, this is not stated in the initial work plan, indeed 

is an extra. A second extra piece of work is an evaluation of synthetic data, more on this below. 

 

Figure 1. Using the DRL concept to improve data quality. 

 

Outcome 

The outcome of this second deliverable is an evaluation of the quality of two in-house produced datasets. Better 

quality evaluation of point clouds from LiDAR and 4G RADAR is included, as well as how to combine the quality of 

each modality. These methods are independent of the data we have access to here, so should be seen as a generic 

piece of original work. Furthermore, we deal with the time-varying aspects of image-lidar-radar quality during a drive. 

More significantly, a description of the set of tools used to do this evaluation and finally a description of a tool to find 

differences between the quality of modalities. Compared to the first deliverable (D4.5) regarding ROADVIEW data 

quality, we have refined the usage of these tools, added to them, as well added logging information to publicly 

available tools (a requirement). 

 

Next steps 

The next steps will be a release of our software to Github, an accompanying technical paper as well as the input 

evaluate improve cycle for 2 additional datasets.   

https://github.com/roadview-project
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Notation 

Links in the text are underlined. Text in the Consolas font refers to a command that can be run, usually UNIX. 

Part I: Preliminaries 

What’s in this deliverable? 

This deliverable contains an evaluation of two datasets produced by the ROADVIEW project. A clear separation of 

the conditions inherent in the data. That is the controlled environment at the proving ground in Ingolstadt, Germany 

whilst the public roads of wintery conditions in Finland. Two methods for assessing the point cloud data which was 

not in the first incarnation of data quality work. An assessment of the contributions from the modalities, their relative 

magnitudes and time-varying nature is considered. Finally, a tool for comparing the quality of the modalities is 

explained. In a nutshell, we have evaluated two datasets and made improvements along our data quality journey. 

We have added some explanatory illustrations in this document that explains how we derive the data qualities of 7 

and 8. 

What’s not in this deliverable? 

Issues that are not included in this deliverable, are sensor calibration, cameras and LiDARs (though LiDAR calibration 

can be found in this Link). This is mostly due to the competence area, as well as access to specialised equipment. 

RADAR data is not discussed in detail this deliverable. We do not cover the preliminaries in the initial data readiness 

report (D4.5), nor a detailed coverage of the Finnish Dataset (FGI), that is in the first deliverable. Other project parts: 

hardware-in-the-loop, slipperiness estimation, ODDs and the architecture are not really covered. Explainable AI also 

is not really part of the Data Readiness but is included in a forthcoming technical paper. Basically, it is borderline 

case in terms of inclusion, for this deliverable. 

A review of autonomous datasets (as of October 2024). 

Recently companies, research institutions and universities have made their autonomous driving datasets open to the 

research community. A Medium post found and summarised 15, as of July 2021, by Alex Nguyen. Audi A2D2 dataset 

41K labelled images with 38 features, 2.3 TB split by annotation type, semantic segmentation, 3D bounding box. 

ApolloScape, 100K street view frames, 80k LiDAR point cloud and 1000km trajectories for urban traffic. 3D tracking 

annotations for 113 scenes and over 324,000 unique vehicle trajectories for motion forecasting. Berkeley DeepDrive 

100k annotated videos and 10 tasks, 1000 hours driving, 100M frames plus geographic, environmental, and weather 

diversity. Cityscapes urban street scenes in 50 German cities. Semantic, instance-wise, and dense pixel annotations 

for 30 classes grouped into 8 categories, 5K images with fine annotations & 20K with coarse annotations. 

Comma2k19, 33 hours of commute time recorded on highway 280 in California. 1-minute scenes captured on 20km 

of highway between San Jose-San Francisco. Collected using comma EONs, i.e., a road-facing camera, phone GPS, 

thermometers, and a 9-axis IMU. Google Landmarks (2018) divided into two sets of images to evaluate recognition 

and retrieval of human-made and natural landmarks. 2M images of 30K unique world, 2019 saw Landmarks-v2, 5M 

images & 200K landmarks. KITTI Vision data, 2012. LeddarTech Dataset, 2021, cameras, LiDARs, radar, IMU + 

full waveform a 3D solid-state flash LiDAR sensor. Contains 29k frames in 97 sequences & 1.3M 3D boxes annotated. 

Level 5 Open Data (Lyft) 55K human-labelled 3D annotated frames, surface map, and an underlying HD spatial 

semantic map captured by 7 cameras and 3 LiDAR sensors. nuScenes dataset from Boston + Singapore using a 

full sensor suite, 32-beam LiDAR, 6 360° cameras and radars, the dataset with 1.44M camera images capturing a 

diverse range of traffic situations, driving manoeuvres, and unexpected behaviours. Examples are from clear weather 

night-time, rain & construction zones. Oxford Radar RobotCar Dataset contains 100+ recordings of a route through 

Oxford, UK, captured over 1 year. Captures different conditions, including weather, traffic & pedestrians + 

construction / roadworks. PandaSet the 1st open-source AV dataset for academic & commercial use. Contains 48K 

https://www.asprs.org/wp-content/uploads/Lidar_Guidelines_3-19-2018.pdf
https://medium.com/analytics-vidhya/15-best-open-source-autonomous-driving-datasets-34324676c8d7
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camera images, 16K LiDAR sweeps, 28 annotation classes, and 37 semantic segmentation labels. Udacity Self 

Driving Car Dataset has open-sourced access to a variety of projects for autonomous driving, including neural 

networks trained to predict steering angles of the car, camera mounts, and dozens of hours of real driving data. 

Waymo Open Dataset is an open-source multimodal sensor dataset, covers a wide variety of driving scenarios and 

environments. It contains 1K types of different segments where each segment captures 20 seconds of continuous 

driving, corresponding to 200K frames at 10 Hz per sensor. A summary of datasets considered in a nuScenes paper 

is below. WADS (Winter Adverse Driving dataSet, 2021, by Kurup et al. in DSOR: A Scalable Statistical Filter for 

Removing Falling Snow from LiDAR Point Clouds in Severe Winter Weather. Collected in the snow belt region of 

Michigan's Upper Peninsula, WADS is the first multi-modal dataset featuring dense point-wise labelled sequential 

LiDAR scans collected in severe winter weather. Over 26 TB of multimodal data has been collected of which over 

7 GB of LiDAR point clouds (3.6 billion points) have been labelled (semantic KITTI format). This outdoor dataset 

introduces falling snow and accumulated snow along with all the semantic KITTI classes to further AV tasks like 

semantic and panoptic segmentation, object detection and tracking, and localization and mapping in conditions of 

moderate to severe snow. The Boreas dataset from the university of Toronto, 2023, was collected by driving a 

repeated route over the course of 1 year resulting in stark seasonal variations. In total, Boreas contains over 350km 

of driving data including several sequences with adverse weather conditions such as rain and heavy snow. The 

Boreas data-taking platform features a unique high-quality sensor suite with a 128-channel Velodyne Alpha Prime 

lidar, a 360-degree Navtech radar, and accurate ground truth poses obtained from an Applanix POSLV GPS/IMU. 

We currently support live and open benchmarks for odometry, metric localization, and 3D object detection.  

 

With respect to our contribution to the dataset ecosystem. The ROADVIEW project will release its dataset in 2025. 

Importantly from this work an internal quality stamp. 

 

The ROADVIEW reference architecture (a summary of D2.3) 

The work in this task is in essence adjunct to the architecture work done in the Architecture Reference Task, part of 

WP2. Figure 2 below shows the generic architecture ROADVIEW uses. It represents the core functional generic 

architecture of the ROADVIEW project. Novel ROADVIEW modules are shown in dark grey, and available OEM 

modules in light grey colours, respectively. There are 3 functionalities: Perception, Planning, and Control in red, 

purple, & blue. The perception block functions are for robust environment perception. Basically, filtering of noisy 

sensor data, low-level sensor fusion, object detection, free-space detection, weather-type detection, slipperiness 

detection, and visibility detection. The perception block receives input from various sensing modalities such as RGB 

cameras, LiDARs, RADARs, Thermal cameras, Inertial Measurement Units (IMU), and Global Navigation Satellite 

System (GNSS) modules. The planning block is for localisation, trajectory prediction & planning functionalities. The 

controller block focuses on weather-aware decision-making and control of the velocity and acceleration-related 

parameters. Each sensor reading is processed individually up to the low-level sensor fusion module, which feeds the 

downstream perception modules such as object detection. Dashed arrows in the figure represented sensor readings 

cleaned from noise (i.e., outliers) introduced by, for instance, falling snow particles or rain drops. 

 

https://paperswithcode.com/paper/dsor-a-scalable-statistical-filter-for
https://paperswithcode.com/paper/dsor-a-scalable-statistical-filter-for
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Figure 2 - The ROADVIEW reference architecture (source Deliverable D2.3) 

The reference architecture in Figure 2 drives our Readiness Level development. Note, Autonomous driving can be 

thought of Sensing-Perception-Planning. The Readiness Levels impacts most on the Sensing and Perception stages. 

However, should the data be incorrect, misleading, missing, etc. When driving, i.e. the model cannot cope with the 

environment, it is conceivable that the planning stage be affected, a minimum risk manoeuvre should be invoked. To 

reiterate, the DRL work mostly affects the Sensing (lower DRLs) and Perception modules (higher DRLs) in training, 

and the Planning stage whilst driving. 

Figure 3 shows the DRLs, and the sensor calibration and synchronisation above correspond to level 0 in our DRLs. 

That is before data is gathered, and per modality, the calibration needs to be done. We mean extrinsic calibration 

with respect to calibration in this case. Data filtering maps to data quality assessment in our DRL schema, that is 

levels 2-7. These are described in more detail below with an example. We do not look at the quality of the fused 

modalities in DRL in this first report, rather per modality. 

The project methodology with respect to data is to find the best from each dataset and as a final dataset release a 

ROADVIEW dataset. Indeed, one of the objectives of ROADVIEW is ‘stamp’ the dataset with a quality value from 1 

(lowest) to 9 (highest). We need to state here, the value attributed to a dataset, or indeed amalgamation should not 

be used to compare datasets at this stage. That is because the setup, calibrations, vehicles, conditions will not be 

the same from dataset to dataset. However, we will look at being able to provide DRL scores per configuration, in 

the latter parts of this task. 

There are no specific external datasets required to assess the quality, nor specific modalities. Should there be 

more than one device type, the values will be averaged (see DRL calculation below) and should a modality is missing, 

their contributions or weights, are reassigned to the existing modalities.  
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Data sources in autonomous driving 

From a dataset point of view the simplest view of the project is: 

 

Data in ROADVIEW project   =  VISIBLE Camera data +  

Thermal Cameras +  

LiDAR data +  

RADAR data +  

IMU sensor positioning data +  

GNSS data 

 

To be clear, the project is large, complex and has many facets, weather modelling, testing, system integration, testing 

and finally working demonstrations using real trucks. That said, a vehicle that uses sensors to navigate, avoid and 

find its destination with respect to the road and weather conditions will be make heavy use of data, especially in the 

training phase. That is where the test vehicle performs journeys (see below) to learn of all possible situations it will 

encounter when licensed and driving passengers around. The goal from autonomous driving is to produce a “picture” 

of the environment, often called an HD map. In ROADVIEW this is discussed in additional detail in Tasks T5.4 and 

T8.3. 
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Part II: Sensors and data 

This table persists from the first (D4.5) deliverable for reference. The reason is to show the modalities, the parameters 

and their range, for the reader to understand their role in general, and in the ROADVIEW project. The Data Readiness 

Level will be dependent on the setup, this is one example of what a setup will be. 

 

Table 1. Minimum requirements on ROADVIEW sensor set (see Task 4.1). 

Sensor 
Used in / Required for ROADVIEW 

Innovation 
Parameter 

ROADVIEW minimum 

sensor requirement 

RGB Camera 

Data Filtering 
Low-Level Sensor Fusion 

Object Detection 
Free Space Detection 

Weather-Type Estimation 
Slipperiness Estimation 

Visibility Estimation 

Number of Sensors >= 3 

Field of View TBD 

Resolution >= 2MP 

Framerate (Hz) >= 10 

Sensor Model RGB Camera 

Placement 
Front, (Rear optional), both 

Sides 

LiDAR 

Data Filtering 
Low-Level Sensor Fusion 

Object Detection 
Free Space Detection 

Weather-Type Estimation 
Slipperiness Estimation 

Visibility Estimation 
HD Mapping 

Localization with HD Mapping 

Number of Sensors >= 1 

Field of View 
360° horizontal 
>= 40° vertical 

Resolution 128 bins 

Framerate (Hz) >= 10 

Measurement Range (m) >= 80 

Sensor Model No Requirement 

Placement 
Top 

(to minimize obstacles) 

RADAR 

Data Filtering 
Low-Level Sensor Fusion 

Object Detection 
Free Space Detection 

Weather-Type Estimation 
Visibility Estimation 

Number of Sensors >= 1 

Field of View TBD 

Resolution TBD 

Framerate (Hz) >= 10 

Measurement Range (m) >= 100 

Sensor Model No Requirement 

Placement Front 

Thermal 
Camera 

Low-Level Sensor Fusion 
Object Detection 

Free Space Detection 
Weather-Type Estimation 
Slipperiness Estimation 

Number of Sensors >= 1 

Field of View TBD 

Resolution TBD 

Framerate (Hz) >= 10 

Sensor Model No Requirement 

Placement Front 

GNSS 
HD Mapping 

Localization with HD Mapping 

Number of Sensors 1 

Framerate (Hz) >= 10 

Sensor Model No Requirement 

Placement Antenna on Top 

IMU 
HD Mapping 

Localization with HD Mapping 

Number of Sensors 1 

Framerate (Hz) >= 100 

Sensor Model No Requirement 

Placement No Requirement 
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HD Mapping 

An HD (High Definition) map is a detailed and highly accurate digital representation of the real-world environment, 

primarily developed for autonomous driving systems. These maps go beyond the traditional navigation maps that we 

use in our smartphones or cars. Here's what distinguishes HD maps from standard maps: 

• Detail and Precision: HD maps provide centimetre-level precision, enabling self-driving cars to understand 

their surroundings better and make informed decisions. 

• Layers: Unlike standard maps that might only provide roads and points of interest, HD maps come with 

multiple layers of information, including: 

• Road Profile: This includes details like road curvature, gradient, and width. 

• Lane Information: It offers specifics about each lane, its boundaries, type (e.g., turning lane, straight lane), 

and associated rules. 

• Traffic Signs & Signals: HD maps will have exact positions of all traffic signs, signals, and other regulatory 

markers. 

• Infrastructure Details: This may include crosswalks, barriers, guardrails, pedestrian areas, and more. 

Dynamic Updates: Given the rapidly changing nature of roads due to construction, accidents, or other events, it's 

crucial for HD maps to be frequently and dynamically updated. Some systems aim to update in near real-time. 3D 

Representation: While many standard maps offer 3D views for a better user experience, HD maps can provide a true 

3D representation, accounting for elevation changes and including structures like bridges, tunnels, and buildings. 

Sensors & Integration: HD maps are typically developed considering the suite of sensors (like LIDAR, radar, cameras) 

on autonomous vehicles. The data from these sensors can be cross-referenced with HD maps for tasks such as 

precise localisation. HD maps play a crucial role in making autonomous driving safer and more reliable. By giving 

vehicles, a comprehensive understanding of their environment, they help ensure that the vehicle can handle complex 

driving scenarios even if sensors face temporary obstructions or difficulties. 

A ROADVIEW data pipeline 

Requirements (WP2)  Sensor capture (WP4)  Format wrangling (WP4)  Validation 

checks (WP4)  Fused data (WP4)  Model training (WP5)  Object detection (WP5) 
 

Data readiness, or quality can be defined for the online or offline case. In the online case could be a situation that 

was not anticipated or not seen before causing the vehicle to make a poor decision (the classic Uber vehicle crash 

in the US, unfortunately killing a pedestrian). The offline case is pertinent to highlighting of internal practices, where 

the software system can be ‘debugged’ from a data point of view. Should object detection fail we can look at the 

causes due to data issues. Note, the algorithms themselves could be issue. These should be tested on a ‘perfect 

dataset’ possibly machine generated (see below). 

An alternative view is to use the DRL in assessing datasets gather in progress and feedback to the gathering. 

Data quality & autonomous vehicles: a short (& selected) state of the art 

Since autonomous vehicles are essentially ‘computers on wheels’ data gathering, processing & navigating there is a 

substantial amount of material. Often citating each sensor type, and increasingly more often, fused data. The 

photometric society of America produced a paper at the link about Geometric Inter-Swath Accuracy and Quality of 

LiDAR Data, which is not related to driving but an interesting take on LiDAR data quality. Data quality issues can be 

found in [1-3]. Within the consortium [4-6] cover vehicle segmentation in LiDAR point clouds. Adverse weather 

autonomous driving is in [7-13]. Each public datasets have its own set of publications, where nuScenes and 

mmDetection3D attempt to summarise the others, NuScences ‘corruptions’ a method is close to our work [20]. 

Around ML pipelines references [15-18] are relevant, where we point to [15] as a lightweight approach. [14] is video 

quality estimation done by video quality experts, rather than vehicle developers or ML specialists. Point cloud quality 

is an active area, not only for LiDAR data, but also for 4G RADAR as these sensors produce point clouds. Corruptions 

https://www.asprs.org/wp-content/uploads/Lidar_Guidelines_3-19-2018.pdf
https://github.com/thu-ml/3D_Corruptions_AD
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feature in other works, too, notably the Robo* data from the National University of Singapore and the European 

MultiCorrupt work [29]. Note, we restrict our referenced work to papers with open-source code available. We weight 

slightly to code that is solid, robust and maintained. Unfortunately code co-published with papers is often not 

maintained, or in some cases removed from public repositories for commercialisation. 

Data quality for autonomous vehicles: a software overview 

A key aspect in this project is the use of multiple sensors in adverse or poor weather conditions. It is anticipated that 

driving in conditions with non-differentiating backgrounds, water particles in the air (attenuating sensors) make it 

more difficult for the vehicle to assess surrounding obstacles and obstructions. Visible image quality issues come 

from lack of sharpness due to focus or dirty sensors, blurriness from lack of focus, confusing ranges and even the 

speed of the measurement vehicle itself. Obviously over exposed images from bright or low sun / lights as well as 

reflectance from piles of snow (see citations). If video processing is done on a sequence of images, then single frame 

‘images’ can be factor especially over several ones, also due to compression of both images and video. Some form 

of downscaling is needed, either in frame rates or redundant coding. Table 2 below shows image quality assessment 

tools.  

Table 2. Image & point cloud quality assessment with open-source repos. 

Image 

Attribute 

Source 

Lang. 

Comment GitHub  

Stars 

Forks Links / Notes. 

Blurriness Python Provides a quick & 
accurate method for 
scoring blurriness. See 
Figure 8. 

277 1 https://github.com/WillBrennan/BlurDetection2 

Multiple  Python PyTorch Image Quality 
(PIQ) is a collection of 
measures and metrics 
for image quality 
assessment. The library 
contains a set of 
measures and metrics 
that is continually 
getting extended 

1100 107 https://github.com/photosynthesis-team/piq 

Blurriness Python Judge if an image is 
blurred or not using a 
mathematical method. 

- - Own development. 

Exposure Python No reference image 
sharpness assessment 
based on local phase 
coherence. 

40 7 https://github.com/elejke/awesome-defocus-
detection 

Sharpnes1 Python Sharpness methods. 31 7 https://github.com/topics/image-sharpness 

Sharpnes2 Python Sharpness detection - - Library calculates the variance of the Laplacian for 
each greyscale image. 

Brightness Python Mean of the pixel 
values for the 
greyscale images over 
and underexposure 

- - Own development. 

Noise Python Library to calculate 
Shannon entropy of 
each image using 

skimage. 

Many 
and 
varied. 

 https://github.com/topics/skimage 

https://github.com/WillBrennan/BlurDetection2
https://github.com/photosynthesis-team/piq
https://github.com/photosynthesis-team/piq
https://github.com/photosynthesis-team/piq
https://github.com/elejke/awesome-defocus-detection
https://github.com/elejke/awesome-defocus-detection
https://github.com/topics/image-sharpness
https://github.com/topics/skimage
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LiDAR 

Noise 

Source 

Lang. 

Comment GitHub  

Stars 

Forks Links / Notes. 

Point-Cloud 
Noise 

Python A complete toolbox 
from Open 
mmDetection3D. 

27.9K 9.2K https://github.com/open-mmlab/mmdetection  
Corruption / noise in point clouds. See Figure 18. 

Point-Cloud 
Noise 

Python OpenPCDet is a clear, 
simple, self-contained 
open-source project 
for LiDAR-based 3D 
object detection. 

4.3K 1.2K https://github.com/open-mmlab/OpenPCDet 

Point-Cloud 
Noise 

Python MultiCorrupt: Weather 
effects in the point 
clouds [29]. 

44 5 https://github.com/ika-rwth-
aachen/MultiCorrupt 

LiDAR 
single-sided 
metrics 

Source 
Lang. 

Comment GitHub Forks Links / Notes. 

COPP-NET Python A no-reference point 
cloud quality 
assessment (NR-PCQA) 
method with local area 
correlation analysis 
capability, denoted as 
COPP-Net [26] 

2 0 https://github.com/philox12358/COPP-Net 

 

For still versus motion quality assessment, a quality assessment tool, ffmpeg, is an open-source audio and video 

codec, probably is the best-known for video, notably in cross platform players such as VLC for decoding (usually) 

and HandBrake (coding). Ffmpeg and its associated tools, ffprobe include three quality metrics: 

 

• Peak Signal-to-Noise Ratio (PSNR), which measures the difference between the original and compressed 

videos. A higher PSNR generally indicates that the reconstruction is of higher quality.   

• Video Multi-Method Assessment Fusion (VMAF) developed by Netflix, VMAF is a perceptual quality metric 

that considers both human vision system models and machine learning models to provide a more accurate 

quality score.  

• Video Structural Similarity Index (SSIM) is another metric that evaluates the perceptual difference between 

two videos. A value closer to 1 means the videos are more similar. 

We can use ffmpeg as the external tool videos, as it has ffprobe and ffplay as sister tools to play, examine and 

examine the coding, these tools help when dealing with many files. In the VMAF case, a separate codebase and tool 

is available. Note, however a reference or “best quality” is needed, to make the comparison. Note others exist [14], 

as well as separate ones for LiDAR [20, 21]. A no reference video quality paper is in [26]. If videos are recoded, or 

resized or even format changed (mkv, mp4, mov, wmv) one should use the quality comparison tools above. An 

interesting, and yet unexplored option is to rate images from good weather conditions. In other words, ideal conditions 

against poor/harsh/adverse conditions, again in other words again, the reference image is the good weather, and the 

degraded image is in poor conditions. 

A simple method commonly used in AD showing frame sequences / point cloud data is to use gif, a format that shows 

a series of still frames as a sequence. We do not look specifically at this format, as it often used to demonstrate a 

sequence, rather than use it in the perception and detection processes within AD. 

https://github.com/open-mmlab/mmdetection
https://github.com/open-mmlab/OpenPCDet
https://github.com/ika-rwth-aachen/MultiCorrupt
https://github.com/ika-rwth-aachen/MultiCorrupt
https://github.com/philox12358/COPP-Net
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Data Readiness Levels: A concept and history 

Our overall data quality builds on Lawrence’s data readiness levels (DRL) concept [1] and is a significant part of 

project planning and development. It is not by chance that up to 80% of the total project time is spent on pre-

processing data, basically following the Pareto principle. The principle states “it takes 20% of the time to do 80% of 

the work, and 80% of the time to do the remaining 20%”, even simpler stated, “one can do the large parts, but the 

fiddling consumes a lot of time (and effort)”. 

The main challenges of constructing meaningful data readiness levels are: i) assigning a single DRL (1–9) to large, 

complex datasets, often with imperfections [2], such as missing values, inaccuracies, and incomplete readings; ii) 

different readiness suggests different implications to different users, since data is often context sensitive; iii) some 

data consumers may have methods to handle imperfections, for example, in the missing data case, methods may, 

or may not, have been coded to handle missing values. Depending on the upstream capabilities, the DRL may be 

inaccurate [3,4]; and iv) production of quality sensor datasets (real car readings) are currently available for use.  

One way to see data readiness is the values 1-9 indicate a quantitative measure of the time / effort / cost to repair / 

replace produce new values. Lower values are in principle easier to fix than those higher up the scale. Note, if errors 

in the lower end will propagate through the data pipeline causing issues, and probably harder to detect. This is 

because transformations (scaling, fusing, ML algorithms etc.) are applied and debugging the ML pipeline is more 

time consuming. Indeed, WP5 deals with making the ML pipeline as transparent as possible.  

Lawrence’s initial concept defines data readiness in three different bands—A (utility), B (validity), and C 

(accessibility)—depending on the knowledge and understanding of the available data and their usefulness for a given 

objective. We go back to the 9 levels present in TRLs and use them as shown in Figure 3. 

Data quality in ROADVIEW: a perspective 

In this first deliverable on data quality, we split the initial data readiness into 3 sections: 

1. Introduce data readiness concepts 

2. Details about the data sets under assessment 

3. Assessment quality 
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Figure 3. A generic view of data of the data processing stages in autonomous driving. Note, the lower numbers indicate 

the stage is processed before or previously in a ML pipeline. To attribute a numeric DRL level the box to the right, e.g. 

“HW configuration” must be performed successfully. This is repeated from DRL 0 to DRL 9 means all previous steps 

have performed as expected. 

In the initial readiness assessment D4.5, RISE introduced the concept of DRLs. Data plays a fundamental role in the 
ROADVIEW project, making the completeness, correctness and interoperability of data are utmost important aspects 
of the data processing pipeline. RISE investigated the multimodal sensors that are used in ROADVIEW, summarizing 
the physical nature of each sensor, but focusing on camera image quality for the initial DRL definition in D4.5. As 
shown in Figure 4, from the lower DRL levels, DRL 1 is about the sensors and perturbations therefrom. We know 
snow, ice, dust, and dirt inhibit signals from the LIDAR and RADAR. This is very much the focus of other tasks, with 
a slight emphasis on RADAR. Calibration at DRL 2 is an important aspect, calibration, which we separate into 2 
types: 

Intrinsic calibration 
Intrinsic calibration is basically sensor calibration, lens alignment, which can result in distorted / rotated images and 
point clouds, the resulting matrices contain wrong values with respect to reality, often abbreviated to NAs. The 
abbreviation can stand for Not Applicable, Not Available or Not Assessed. In the case of LiDAR, the laser sweeps 
should be within a range and intrinsic calibration is done to a known point cloud, physically adjusting the LiDARs. 
Often RGB cameras are seen as the trusted modality. Intrinsic calibration is only done once, rechecks and calibration 
are redone if something breaks during trials. 

Extrinsic calibration  
It is important to position the sensors with respect to each other. In vehicles with sensors, often the RGB camera is 
seen as the 'base' sensor or modality. One reason is that one can infer 'where' the camera is on the vehicle using 
internal and external imaging solutions. Speciality software takes pictures outside of the vehicle and inside the vehicle 
to calculate the position of the RGB cameras. The Radio Cross Section (RCS) of a target is the equivalent area as 
seen by a RADAR. It is the fictitious area intercepting that amount of power which, when scattered equally in all 
directions, produces an echo at the RADAR equal to that from the target. 
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At DRL 3 we deal with missing data, as when streamed from sensors in real time (even when buffered) gaps in the 
sequence can occur. Data rates exceed capacity, sensors do not always pick up information, noise in the data 
overrides the signal and so on. The ratio of signal to noise is a key factor in any sensing situation. Theoretical results 
and extensive practice and calibration can to some degree predict the performance of a sensor, or modality in 
autonomous driving. However, in practice, and real driving situations it is more difficult to ascertain the signal and 
noise ratios. 
 
At DRL 4 we have the positioning and inertia measurement units. For now, we have them at the same level. This 
could be for discussion later but knowing where we are (GNSS) and how the vehicle accelerates, brakes, or vibrates 
is important in post-processing. Repeated runs along the same route in different conditions produces repeatability 
but also changing, a limited, but known, number of parameters. Indeed, in ROADVIEW runs are done when the 
weather has changed. An extension is to create the weather artificially, as done in the THI and Cerema test site in 
Germany and France. 
 
At DRL 5 we have images and the LIDAR / RADAR. They are different modalities, but in essence are similar in terms 
of sensing. We look at several different open-source tools to assess them. 
 
At DRL 6 we have the collated ‘data’. That is video and LiDAR scans, processed (frame rates, resolutions) single 
images combined into videos and LiDAR point clouds, spatially and temporally collated. We look at the video quality 
as well in this Task, using vmaf which the rest of the project does not do. LiDAR point clouds are heavily discussed 
in this report. With respect to data quality, we have access to the FGI & THI datasets and are evaluating those, and 
we can introduce weather effects into public datasets and evaluate them, this is done with tools such as MultiCorrupt 

[29] and Robo3D [33]. 
 
At DRL 7 we have the processing of the point clouds, removing noise from the point clouds to make object recognition 
effective, this is being done in other parts of the project. 
 
We have left one DRL 8 free as some processing in the ML pipeline, that can affect the final quality. Research is 
being done to rasterise point clouds, make the point clouds more sense or using multiple sources to enhance quality. 
Further, research on explainable AI might require a level. Therefore, we leave DRL 8 for each advancement. 
 
DRL 9 is strictly about the object detection, in free space or in scenes that is coupled to the algorithms themselves. 
We have implicitly assumed that the algorithms are perfect and only data is a detractor, which is strictly not true. The 
algorithm and often the algorithm and the data it is trained, validated, and tested upon can have significant impacts 
on the results in AD. This is why different techniques are evaluated, often on several datasets, and with quite different 
outcomes. The mmDetection suite tests their algorithms on different datasets showing a fair difference. Therefore, 
the algorithms themselves need to be considered, and this is being done in WP5. 
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Three data sources 

 

Table 3. Datasets procured in the ROADVIEW project (details). 

# Data provider Dataset 

Name 

Size (RISE 

s3) 

Modalities Type Purpose 

1 Finnish 
Geospatial 
Institute, (FI) 

FGI 110 GB RGB 
Camera, 
Thermal 
Camera, 
LIDAR, IMU, 
GNSS 

Open roads Driving on real roads under 
snowy conditions. One 
rural and one urban 
journey. Assess data as 
gathered. 

2 Tech. Institute 
Ingolstadt, (DE) 

REHEARSE 320 GB RGB 
Camera, 
Thermal 
Camera, 
LIDAR, IMU, 
GNSS 

Controlled 
environment, 
testing 
ground 

Testing ground in Southern 
Germany. Assess data as 
gathered. 

3 Lapland 
University of 
Applied 
Sciences (FI) 

- Configurable Images Synthetically 
generated 

Test case for DRL and for 
calibration. Ongoing work. 
Tool link. (WinterSim) 

 

Data sources in terms of complexity 

 

Figure 4. Datasets used in terms of their scene complexity. 

  

https://www.overleaf.com/project/6511f3e14e1f91dbc0fc8d06
https://wintersim.fi/
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Data source I: The Finnish Geospatial Institute (FGI) training data 

We take a little deeper dive into a dataset available in the ROADVIEW project. Kindly made available by the Finnish 

Geospatial Institute, we list some of the attributes of the data made available. The scope of the description is quite 

high-level formats, visualisation to the lower-level formatting and how to unpack and use the four sensor types. Table 

4 shows the sensor, the recorded attribute and format and notes on the data. 

FGI sensors, formats, and files 

Table 4. Data formats from the FGI dataset. 

Sensor Format Notes 

Camera PNG Anonymised (Blurred faces and number plates).  
Unrestricted license compressed format. 

Thermal Camera TIFF Raw, unrestricted license format (16 bit) 

LiDAR RG Binary packed range and reflection data 

Road weather RW Binary packed road conditions data (see below) 

RADAR - Not available from FGI 

 

Road conditions 

In the FGI dataset, the road conditions were categorized as in Table 5. Bool represents Boolean, if available and 

measured or not. 

Table 5. Road weather, conditions & data fields in the FGI Dataset. 

Attribute Format 

Surface Temperature Bool 

State Bool 

Water Bool 

Grip Bool 

Ice Bool 

Snow Bool 

EN15518 State Bool 

Air Temperature Bool 

RH Bool 

Dew Point Bool 

Frost Point Bool 

Data Warning Bool 

Data Error Bool 

Unit Status Bool 

Error Bits Bool 

 

A master’s thesis on the topic has recently been produced, which includes slipperiness and grip [27]. 
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Urban and rural driving data in Finland 

The Finnish Geospatial Institute (FGI) has produced a data set, shown in Table 4. It was used to generate the video 

shown in Figure 5. The whole data set size was about 34 Gigabytes for a 10-minute drive. Table 8 below shows the 

data rates and message sizes computed in kB / s and in MB / minute. Content-wise the data is divided into a Rural 

and Urban drives, 1810 and 3027 in PNG, TIFF images and RW ‘format’ (see above) respectively. 

 

Table 6. Two autonomous driving routes from FGI (https://www.maanmittauslaitos.fi/en/research). 

Rural Sizes No. of files Urban Sizes No. of files 

Camera 
anonymised 

2.4G 1810 Camera 
anonymised 

4.7G 3027 

LiDAR 913M 1810 LiDAR 1.5G 3027 

Thermal camera 6.7G 1810 Thermal camera 39M 3027 

Road Weather 21M 1810 Road Weather 39M 3027 

 

 

Figure 5. Example of FGIs Urban 3 data sources fused, Video link (5fps). 

The output of a processed urban dataset is a 250 MB video around 5 minutes long at 10 frames per second. The 

rural one is 60 MB around 3 minutes also at 10 frames per second. More on rates and sizes in Table 6 above. Note 

this is without RADAR data and does not say anything about training, validating an AI model. The start frames can 

also be specified and in the rural case this is offset by 300 ‘frames’ as the capturing started early. Table 7 below 

https://www.maanmittauslaitos.fi/en/research
https://ianmarsh.org/wp-content/Videos/urban_5fps.mp4
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shows the sizes and times to fuse data (offline) the two datasets. Processing was done on a 2021 Apple MacBook 

Pro M1 Max (Apple Silicon), 32 GB RAM, 16 GPUs and 16 CPUs. 

 

Table 7. Output characteristics using the FGI dataset above. 

Environment Output video (@ 10 frames / sec) Fusion Time 

Rural 60 MB 30 mins 

Urban 250 MB 50 mins 

 

In terms of performance issues, Python will produce binary files *.pyc rather than text to make the interpreted code 

into a binary. For large programs (rather than data) this can speed up execution. For optimising the code, one can 

use timeit to find functions or sequences that consume time. Alternatives are cProfile and very recently, Scalene 

from Umass, Amherst, USA (Aug 28th, 2023). Table 8 below gives the breakdown per sensor and how the data 

streams are reduced by down sampling. 

 

Table 8. Sensor sizes and rates from the FGI dataset. 

Sensor 
Data per 
message 
(kB) 

Freq. 
(Hz) 

Data rate 
(kB/s) 

MB/min 
Data rate at 5Hz  
low sampled data 
(kB/s) 

MB/min 

Novatel GNSS + IMU 
positioning 0,09 205,0 19 1,10 19 1,10 

Front colour camera 1399 10,0 13984 819 6993 410 

Thermal camera centre 241 60,0 14459 847 1204 71 

Thermal camera left 240 60,0 14407 844 1200 70 

Thermal camera right 235 60,1 14126 828 1176 69 

Vaisala MD30 0,04 40,0 2 0,09 2 0,09 

Velodyne VLS128 LiDAR 617 9,1 5630 330 3087 181 

SUM   62626 3669 13680 802 

 

As can be noted, thermal cameras have a lot higher data rate than other sensors (60Hz vs 10Hz). Now there is 3.6 

GB of raw data per minute. If only the frames which are used to generate the sensor-fused frames at 5Hz are listed, 

the data rates decrease significantly. Computed is a low sampled example in the two last columns, where only 5 

samples per second have been taken from all cameras and the LiDAR. In this low-sampled version one minute of 

raw data is 802 MB. The project will take different data sets under various weather conditions. Using a low sampled 

would take a few 100’s GBs, but if full resolution is needed, an estimate is > 1TB. 
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Figure 6. Otaniemi. A rural route between Hilantie-Pohjoiseen in southern Finland. 

 

 

Figure 7. DRLs applied to the images from FGI urban journey (credit: The Finish Geospatial Institute, fgi.fi). Top: Simple 

RGB image. Mid: thermal camera image projected into the RGB camera image. Bottom: LiDAR point cloud projected into 

RGB camera image. 

http://www.fgi.fi/
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For this dataset, Figure 7 shows one representative frame of the dataset, showing the RGB camera as well as thermal 
counterpart and LiDAR point cloud data, all projected into the RGB camera image. The RGB camera image was 
rated with DRL 7 while the thermal camera frame only got up to 4-5. This is mainly due to the edges of the thermal 
camera image, simply caused by the working principle of the sensor itself. These edges do cause issues in the image 
quality evaluation though, hence less DRL rating. Lastly the LiDAR point cloud is yet to be evaluated since the 
methodology for point cloud rating is not yet finalized. The projected point cloud into the image plane in the bottom 
image of Figure 7 leads to the question of rating extrinsic calibration, which needs to be further discussed also. 
Ongoing work will look at the dataset from THI and VTT which has been received by RISE. Together with HH, the 
LiDAR point cloud data will be projected into spherical coordinate system to generate image representations for 
assessment. RISE also plans to apply the DRL concept to at least 1 public dataset.  
 

Data source II: The Technical University of Ingolstadt, Germany 

As a controlled environment, ROADVIEW used the testing facilities in Ingolstadt, Germany. Figure 8 shows a test 

track of the CARISSMA department at Ingolstadt outdoor test facilities. There is an acceleration zone of 210m and a 

dynamic area with a 60m x 70m area. The maximum speed is 100km/h. Different parts of the track are watered with 

different intensities. The image shows the watering and measurement instrumentation points. Initial data sets with 

images and point clouds have been produced and published, in this work we refer to the REHEARSE dataset. The 

full work will be available in Feb. 2024. 

 

Figure 8. Outdoor test track of the Technical University of Ingolstadt, Germany. 

 

Figure 9 shows artificial weather conditions (rain) and a LiDAR point cloud in these conditions. 
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Figure 9. Reference dataset of measured weather characteristics, THI D3.2, WP3 

 

The datasets were created to observe the 3 weather conditions rain, clear, and fog different conditions on different 

sensors. The utilised sensors in this case were VISIBLE Camera (LUCID), FLIR (Thermal) Camera, RADAR (ZF 

ProWave), and LiDAR (Innoviz One and Ouster OS1). This dataset has a total of 68.4 minutes of recording. The 

recording took place in the CARISSMA outdoor proving ground in Ingolstadt Germany, and in the CE proving ground 

in Clermont Ferrand France. Each with different intensities. The amount of rain was also measured and calibrated 

using three different methods, litres per square meter, drop shape and amount, and direct weather measurements. 
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Data Source III: Simulating weather through image generation  

An alternative to using lots of data, plus expense of buying and instrumenting sensors as well as measuring, storing, 

processing, and driving around areas, one can generate the scenes as a sensor would see. As examples of visible 

images that can be generated, see Figure 10 below. Credit for the images are to Tuomas Herranen at Lapland 

University of Applied Sciences using the WinterSim tool. 

Snow: Light, heavy 

 
 
Snowfall: Light, Medium, heavy  

 
 
Time of day: Winter daytime, morning, night 

 
 
Figure 10. Machine-generated scenes from WP2 (source: Lapland University of Applied Sciences, credit: Tuomas 

Herranen). 

 

Three ways forward using these images, is to  

1. Calibration of data quality 

a. Generate a perfect image (DRL score 9) 

b. Generate a very noisy, blurred image (DRL score 1)  

2. Backtrace from object misclassification to pixels 

3. Generate scenes that we do not have access to, i.e. conditions, weather, etc. 

 

The DRs of the images is high, up to 9, we have not tested them in WP4 and object detection, but work is in progress. 

Since no deliverables are promised that are planned, the results will appear in a technical paper.  

 

https://wintersim.fi/
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Constructing the DRL ‘score’: a walkthrough 

To make the concept clear to the reader, we step through the construction of the score. Step-by-step it will be clearer 

how the score is derived. Furthermore, it should be clear how to amend or improve the score. We acknowledge this 

is a research topic and improvements can be proposed. In particular using the disciplines using time series analysis. 

The main fulcrum of this work is how the DRL is calculated. For the moment, it is a linear combination of the inputs 

from the sensors. Should one be missing, RADAR for example, its contribution is distributed amongst the others. 

Similarly, so with multiple numbers of the same, for example 4 cameras. For forward and backward sensors, we will 

(for now) exclusively use the forward ones. Side ones will be given 25% max. However, this is a heuristic value and 

will be explored further.  

It is important to reiterate that the Data Readiness or Quality is really for off-line use, to ensure the data is of sufficient 

quality. It is assumed that the algorithms are ‘perfect’ which is unreasonable, but there are many algorithms and 

measures to determine how good the algorithm is. Estimating the data quality known the performance (in %) of 

algorithms is possible, but over complicates the issue and might place emphasis on the wrong place.  

An alternative would be start from the other end and say when the object detection is correct in the training data, 

then the data is perfect and for each ‘imperfection’ in the image correlate this with the classification success. Or a 

misclassification is back traced to an image that is not clear enough. There is also the issue of the training and 

validation sets, how they are selected. In the standard image sets this is done, however in our internal datasets this 

is being assessed. 

A linear combination of modalities: Constructing the DRL ‘score’ 

 

DRL = RGB + Thermal + LiDAR + RADAR 

 

Figure 11. Modalities combine additively to produce an amalgamated dataset score. 
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A time varying combination of data quality: Constructing the DRL ‘score’ 

 

DRL(t) = RGB(t) + Thermal(t) + LiDAR(t) + RADAR(t) 

 

Figure 12. Modalities depend on time. We combine the modalities per time unit (at the lowest frequency) to produce a 

score per time unit. 

 
As mentioned before, once normalised we combine the individual scores into a singular value. This is show in Figure 

12 above. It is important the time perspective and to work at the lowest common sampling frequency. Whilst recently 

using AI, upscaling has made an entrance into image and video processing we keep to the traditional method and 

downsample the samples to those of the lowest frequency source, that is typically the LiDAR (see Table 1). 

 

Smoothing the DRL scores 

Our final objective is to assign a score to several modalities, derived from several methods over a period. In other 

words, the final DRL score is “an average of an average of an average”. Furthermore, the tools to assess the images 

and point clouds may change or be added to, or removed, or even bug fixed. One must consider the batching interval 

for the operations below. At a LiDAR frequency of 10Hz that would be 1/10th of a second per sample. 5 Hz is also 

quoted as a sampling period for some LiDARs too. Batching processing per second would be a trade-off between 

reacting to every value and not looking over too long a period. One second in AD could be critical. One needs to 

normalise the values to the same range, e.g. 1-100. One can also remove the standard deviation and divide by the 

mean to move (and anonymise) the values to the 1-100 range. There are several methods to process the values 

from the tools (see Figure 13). 

Some methods include z-score normalization, min-max normalization, range normalization, decimal scaling, and 

max_scale normalization. Other are: 

• Choose the median values from the tools and combine those 

• One is to carry both the mean and deviation and combine those 
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• One is too smooth the values with an Exponential weighting,  

• One chooses a value in the range [0-1] to weight the historical or more recent values 

• Differencing the values, removing the previous value from the current one can be a good method to detect 

outliers. Some time series methods. In AR(I)MA methods the I indicate incremental, which essentially means 

differencing. The MA is the moving average which is the same as the exponential weighting mentioned. 

 

Figure 13 shows the same time series with one of the methods above, applied.  

 

 

Figure 13. Modalities ‘smoothed’ over time. 
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Figure 14. Calculating DRL scores over time. A minimum rate of 10Hz for the LiDAR is assumed. 

 

Image Tools 

Figure 14 show shows the processing steps. To link this with Table 2, the list of open-source tools, in the top right of 

the figure Tools →  we rely on BlurDetection with some adaptions by us. PIQ the PyTorch Image quality package 

as well. We have our own tool too, which was described and illustrated in D4.5 based on the variance of the Laplacian 

for each greyscale image. Noise in the images, useful for cleaning images with respect to perception we measure 

via the Shannon entropy of each image using the popular skimage toolkit. Note, we didn’t differentiate in the 

processing in the thermal and RGB images. That would be improved in the future, particularly in the colour spectrum 

parts, which we ignore to be fair (i.e. weigh equally between n RGB + Thermal).  

 

Data Readiness Level processing (Levels 3-5 only) 

Our final objective is to assign a score to several modalities, derived from several methods over a period. In other 

words, the final DRL score is “an average of an average of an average”. Furthermore, the tools to assess the images 

and point clouds may change or be added to, or removed, or even bug fixed. One must consider the batching interval 

for the operations below. At a LiDAR frequency of 10Hz that would be 1/10th of a second per sample. Batching 

processing per second would be a trade-off between reacting to every value and not looking over too long a period. 

One second in AD could be critical. One needs to normalise the values to the same range, e.g. 1-100. One can also 

remove the standard deviation and divide by the mean to anonymise the values to the 1-100 range. 

We will discuss these in more detail in the upcoming technical paper, with examples of course. In terms of data 

quality, they do not impact the ratings severely, but some decisions need to be made. If one would like to choose 

‘the best’ modality at a given time, “LiDAR is performing best” these methods become more important. One way to 

see them is to make contributions fair. We have not discussed modality selection in this report but do describe an 

introspection tool next.  
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Figure 15. Example Excel sheet illustrating DRL scores for level 3-5 (images and point clouds). Missing data (NAs) are 

handled. The downsampling, averaging and overall weighting have a number of options and are not discussed further 

in this report. 
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Cross validation over modalities 

A central question that arises is how we can adjudge readiness levels where there are several modalities? Not only 

the modalities DRLs over frames and driving scenes. We have chosen to use an open-source tool called rerun. 

There are, of course, several options and the criteria chosen, more or less in order, were: open-source, and 

reasonable licensing, regular updates, (an active community), fast (which means compiled and forward and reverse 

for a large dataset), extensible (to add our DRLs per frame), configurable (different users have different needs). In 

terms of the content, point matching per modality, time format conversions, and fine-grained media control, we may 

want to identify where the DRL drops across modalities. Advantageous is a modern language, such as Rust, fast-in 

browser visualisation, e.g. WebAssembly and a programmable tile-able layout. Platform portability is desired, which 

means that at least Windows, Mac, and Linux should be supported. Note rerun is not necessarily specific to 

autonomous driving but supports forwarding through large amounts of serial data. Open3D++, rviz and FoxGlove are 

other tools for viewing point cloud data. 

 

 

Figure 16. DRL introspection and visualisation of the Finnish Geospatial Institute (FGI) data using the rerun tool. Image 

impairments, sharpness, exposure and noise are shown as time series to the right.  

 

Data annotations 

Whilst most of this report is about data quality, annotating data is a significant issue. In machine learning, data 

annotation is the process of labelling data. This labelled data is then used to train supervised learning models. Data 

annotation is a crucial step in many machine learning projects, especially in projects such as ROADVIEW: vision, 

scene detection. Obviously, the quality and accuracy of the annotated data affects the performance of the resulting 

machine learning models. Within ROADVIEW we use: 

• Image Annotation: This involves marking various objects within images. Types of image annotations include: 

• Bounding boxes: Drawing rectangles around objects of interest. 

• Semantic segmentation: Labelling each pixel of an image with a class label. 

• Polygonal segmentation: Drawing polygons around objects, especially those with irregular shapes. 

• Key point annotation: Marking specific points of interest on objects, often used for pose estimation. 
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• Named Entity Recognition (NER): Labelling words or sequences of words as specific entities like names, 

locations, or dates. 

• Video Annotation: Labelling objects or actions within video sequences. This can involve bounding boxes over 

time or tagging entire video clips with action labels. 

• Audio Annotation: Marking sections of audio data to label different sounds, words, or other audible events. 

The process of data annotation is time-consuming, requires domain expertise and ROADVIEW has a Task for this 

purpose. An interesting angle is active learning, where a machine learning paradigm where the model itself decides 

which data points should be annotated furthermore, based on where it predicts the annotation would be most 

valuable. This can help reduce the amount of manual annotation. 

 

 

Point cloud data quality 

Data Corruptions 

Figure 17 shows some functions of corruptions in 3D object detection. The 3D corruptions project is built upon 

MMDetection3D and OpenPCDet with code modifications. The authors identify 32 LiDAR corruptions and 14 camera 

corruptions. They test the impact of the corruptions on the Kitty dataset [25]. 

 

 

Figure 17. Benchmarking Robustness of 3D Object Detection to Common Corruptions in Autonomous Driving. 

 

In this work we use 2 sources of data corruptions to validate the effect of noise in the point cloud. 

• Robo* tools from National University of Singapore. 

• Multi-Corrupt from Aachen in Germany. 

Single Sided Metric(s) approach 

 

And 1 single-sided metric; 

• COPP-NET  

https://github.com/thu-ml/3D_Corruptions_AD
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Prior point cloud quality assessment (PCQA) methods largely ignored the effect of local quality variance across 

different areas of the point cloud. A no-reference point cloud quality assessment (NR-PCQA) method with local area 

correlation analysis capability is the approach here. They split a point cloud into patches, generate texture and 

structure features for each patch, and fuse them into patch features to predict patch quality. The features of all the 

patches of a point cloud for correlation analysis, to obtain the correlation weights. Finally, the predicted qualities and 

correlation weights for all the patches are used to derive the final quality score. 

 

Figure 18. A single-sided (i.e. no reference) approach to point cloud data with respect to quality. 

 

MMDetection3d 

An interesting library is mmdetection3d. Not as cited as the others, but with over 1500 forks it is a feature rich dataset 

for experimentation, in paperswithcode, there are 63 such papers. MMDetection3D is an open-source object 

detection toolbox based on PyTorch, towards the next-generation platform for general 3D detection. It is a part of the 

OpenMMLab project. It supports multi-modality/single-modality detectors out of box using detectors including 

MVXNet, VoteNet, PointPillars, etc. It directly supports popular indoor and outdoor 3D detection datasets, including 

ScanNet, SUNRGB-D, Waymo, nuScenes, Lyft, and KITTI. For the nuScenes dataset, they also support the 

nuImages dataset. All the 300+ models and methods of 40+ papers as well as modules supported in MMDetection3D 

can be trained or used. The many authors claim it trains faster than other codebases. Like MMDetection3D and 

MMCV, MMDetection3D can also be used as a library to support different projects. Note it can detect images using 

pixel-based classic bounding boxes, semantic segmentation as well as panoptic image recognition. Note, The Robo* 

tools used in our point cloud quality assessment are based on the MMDectection3D. 

  

https://github.com/open-mmlab/mmdetection3d
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Part III: Data Management Plan 

This part of D4.6 is concerned with the computing aspects of the datasets and their quality. This includes the storage 

format, de-facto standards and alternatives, a little about the storage. In terms of respecting EU rules, we expect 

each partner to anonymise the(ir) data with respect to privacy. That means blurring number plates, faces or other 

objects that can lead to personal information being exposed and potentially misused. 

 

ROADVIEW Storage: Holding the ROADVIEW data: RISE ICE CLOUD, The Finnish 

Geospatial Institute and Collaboration between the Technical Institute of Ingolstadt 

and Cerema research institute (REHEARSE). 

One of the key features of the ICE data centre is its use of innovative cooling solutions. The facility takes advantage 

of the cold climate in Luleå, Sweden to cool the servers with outside air, significantly reducing the energy required 

for cooling. This makes the data centre more environmentally friendly and cost-effective, as it minimises energy 

consumption and operational costs. 

The ICE data centre at RISE in Luleå serves as a testbed and research platform for various projects related to 

sustainable computing, including: 

• Energy-efficient data storage and processing 

• Renewable energy integration and smart grid solutions 

• Edge computing and distributed data centres 

• Cloud computing and resource optimisation 

• Data centre security and resilience 

By providing a state-of-the-art facility for the research and development of green data storage technologies, RISE in 

Luleå contributes to the global efforts towards more sustainable and energy-efficient IT infrastructure. In terms of 

data upload an initial speed test upload to the ICE data centre showed that 650 megs (about a data CDs worth) was 

uploaded in about 9 secs. A DVD (4.3 GB worth of data) took about 140 seconds. The raw dataset from FGI is about 

42 Gig, after processing, 60 Gig, and a merged 30 second video 2 Gig. No RADAR data is included in the FGI 

dataset. The S3 data format, developed by Amazon, is used in the centre, albeit an open-source implementation 

thereof called Ceph. After some testing, Stockholm to ice.ri.se (S3 buckets) 650 MB in 9 secs. Adding NVMRe 

memory sped up access.  

  

http://ice.ri.se/
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Part IV: Concluding remarks 

Discussion 

There can be a philosophical discussion about data quality. One is what is data quality? What is the quality for? Can 

it be generalised, which to some degree TRLs have been. People know what each TRL level is, and which applies 

to their systems. Indeed, European Union projects stipulate the starting and often the finishing level. 

One caveat of this work is we assess a dataset but are reluctant to use the DRLs to compare datasets. Since they 

vary over time, and equipment changes, as do conditions, therefore it is not simple or fair to compare datasets using 

the DRL concept. 

There is no (4G) RADAR data in the FGI dataset, but in the REHEARSE (Ingolstadt) + Cerema there is. We have 

made some progress in point cloud quality assessment compared to D4.5. One is to introduce corruptions in the data 

(Robo3D and MultiCorrupt) the other is a single sided measure. 

In terms of data and quality, it should be of no surprise that the data from the controlled environment of THI is of 

slightly higher quality. Not only are the light levels, stationary equipment and controlled distances, which are convivial 

to higher quality, but are also controllable to some degree. This is to ROADVIEW’s advantage, and to some degree, 

the same can be said of the Warwick (Carla-generated) data. For data quality control, the concept, the evaluation 

tools, as well as ascertaining the DRL level (0-9), controlled to ‘real’ datasets in terms of quality, is necessary. With 

respects to RADAR, we are talking about the output, or data generation stage, but where RADAR data can / could 

be, improved we are in progress. RISE has RADAR experts who are looking at heating, ice buildups in lab 

environments. One point is how the RADAR unit is mounted and calibrated. 

Public datasets are curated, making the datasets cleaner. This is important when releasing a dataset for 

experimentation. Remember 80% of the time one performs less useful work, hence the work in a public dataset, 

however, these may not include lots of extra work needed in a real scenario. Curated (nuScenes) versus non-curated 

(FGI) artificial data (Warwick simulator), often clip long range sensing (LiDAR and RADAR). Now we fuse data as 

separate streams, there is a philosophy where data can be collected from all sensors and fused in a single pass. 

This will be investigated later in the project and is one branch in the MMdetection3D dataset. Datasets for cars versus 

trucks. One concern from the data gathered is that we are using data gathered from vehicles, thus far. However, 

other WPs will produce data from a truck setup. This will enable ROADVIEW to assess the view from the correct 

point of view. It will also be an opportunity to create a unique dataset.  

 

Future Work 

The next steps are to collate the licenses for the software used. If changes are made to the code bases, we will add 

them in-situ to the code bases. To really test the idea of Data Readiness Level we really need to have a live dataset, 

feedback the quality (see Figure 1) and then reevaluate when changes have been made to the dataset. This makes 

more sense as a feedback mechanism rather than to ‘quality stamp’ an existing dataset.  

 

Conclusions 

This document fulfils two purposes the readiness level of the data used in ROADVIEW. It is primarily around the 

sensors autonomous vehicles will carry and use, their purpose, rates, format access and quality are discussed, 

mostly for the first less experienced user. Subsequent deliverables will go into more detail and start to annotate data 

sources and ultimately assign a DRL level. This is not the final result, an indication of where to improve the data 

where needed. Basically, more introspection will be needed but will provide a convenient ‘score’. 

ROADVIEW goes beyond the State of the Art by not only applying the DRL concept (moving from Lawrence’s three 

bands to DRL) to the project datasets, but also by using the largest set of ‘tests’ for each dataset. Data input and 
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output rates will be managed by machine learning pipelines and complex issues, such as batching the streamed 

data. ROADVIEW follows a holistic approach from the sensor hardware to the perception models presented to the 

decision-making system. The context of each dataset as well as their usage in the ROADVIEW system integration 

will define all data quality assessments.  

Curated datasets such as nuScenes provide high quality data, however, are to some degree curated, for example 

the distance of the LiDARs is reduced to produce clear, less noisy point clouds. The real world and data are more 

complex with longer distances being detected.  

As a result of this work, RISE AB and the National University of Singapore are collaborating, in that RISE is 

introducing NUS’s Robo* software in the DRL and RISE is helping NUS in providing datasets with inclement weather 

for their challenges [31]. 

 

 

Figure 19. A small spinoff project between RISE AB, FellowBot AB (an SME) and the National University of Singapore 

(NUS) on harsh weather and data corruptions in point cloud data. 

 

 

We have rated 2 datasets, showing similar ratings, from which ML models can be trained. Also, we are refining the 

techniques with these and 2 other datasets. These will be reported in scientific articles, a blog post and in the last 

deliverable in this series, software. 
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