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1 Executive summary 

This document, Deliverable D2.1, presents an overall overview of functional requirements, system 

architecture, test and validation plan for the AI-SEE system, an all-weather perception system allowing ADS 

(automated driving systems) to be operated safely in fog, rain, snow and spray and enable automated 

driving in all weather conditions and ultimately reach 365/24 service level for automated transport modes.  

The system design is tailored to five selected use cases that pose particular challenges during adverse 

weather, while also representing key benchmarks in evaluating the performance of an all-weather 

perception system. 

The system architecture with novel sensors capable of acquiring data even under adverse weather 

conditions and a novel deep neural network-based processing unit is described as well as the target data of 

the system. 

A novel test and validation plan tailored to measure system performance in adverse weather conditions will 

complete this work. Validation phase is part of WP5 (Simulation and Validation) and WP6 (Demonstration, 

Evaluation) and is performed in different environment to reach sufficient test case coverage and according 

to specified use cases. 
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2 Introduction 

This work defines the functional requirements, system architecture and requirements, and test and 

validation plan for a perception system of an automated driving system (ADS), which should still operate 

safely, especially in adverse weather (fog, rain, snow, spray). 

The functional requirements of the system are derived from five use cases, which are chosen in such a way 

that the most important performance data of such a system can be investigated and answered. These are: 

● Use Case 1 - Adverse weather detection1: Test of the sensor-specific ability of the system to predictively 

perceive severe weather. 

● Use Case 2 - Road debris detection2 in adverse weather:  Test the detection limits of the sensor system. 

● Use Case 3 - Detection of road vehicles in adverse weather conditions: Test of the detection capability 

of the system with and without degraded sensor data. 

● Use Case 4 - Pedestrian detection in adverse weather: Test of the system’s detection ability when radar 

data is uncertain. 

● Use Case 5 - Robust positioning in adverse weather: Test of the limits of the system's ability to self-

locate as accurately as possible while driving under adverse weather conditions. 

The goal of AI-SEE is to design the perception system in such a way that it can fulfil the functional 

requirements derived from this use cases. The system architecture proposed for this purpose, as well as the 

structure and mode of operation of the new system components to be developed, are presented in chapter 

4 System architecture and requirements. In this context, novel functionality of the sensors is discussed, 

which leads to a significant improvement of the perceptual properties, especially in adverse weather 

conditions. Based on the capabilities offered by these novel system components, a target performance is 

estimated. A first description of the interface and timing requirements of the system, as well as 

considerations of vehicle integration and packaging of the system will conclude the chapter 4 System 

architecture and requirements. 

Chapter 5 deals with the safety requirements to be met by the AI-SEE system.  

Chapter 6 Test and validation plan, concludes with test environments, procedures, and metrics specific to 

measuring system performance in adverse weather conditions.   

                                                           

1 Under adverse weather detection we understand recognize (classify) adverse weather in the sensing range of the 
sensor (in a matrix of sensor scans) possibly without exact localization. 
2 Under object detection we understand recognize (classify) the object with bounding box in a matrix of sensor scans 
such as a pixel array. 
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3 Use Cases and functional requirements 

The aim in developing the AI-SEE system is to cover as many aspects as possible of safe environment 

perception in adverse weather. The variability of adverse weather is immense. Within the scope of a public 

co-funded like AI-SEE it is not realistic to cover all situations necessary before releasing such a system to the 

market, but to cover the prioritized use cases to reach sufficient confidence to launch an industrialization 

for a targeted serial vehicle. From this point of view, five use cases were determined in Task 2 of the AI-SEE 

project on which the requirements for the AI-SEE system and its components were derived. These 

requirements form the basis for the design of the system and the associated development and test tools 

and their usage. The five selected use cases are described in the following subsections. 

3.1 UC1: Adverse weather detection 

Operating a fully autonomous vehicle requires precise situation awareness about the vehicle surroundings 

as well as estimating the sensing capabilities. To reason about the provided environment detections, 

current obstructions have to be estimated and have to be placed in relation to sensor properties. Hence, 

estimating the prevailing weather condition can foster a greater system confidence, for example the 

detection of fog sufficiently far ahead of the vehicle can help to proactively reduce the vehicle speed and 

treat object detection in fog banks with greater caution. 

Hence, identifying the current weather using vehicle-based perception sensors is a crucial task. Due to 

intrinsic sensor discretization and limited angular resolution, individual small particles, such as snowflakes 

and raindrops, are only visible up to short distances [1] [2]. For a camera sensor with a focal length of 8mm 

and pixel pitch of 3 microns, a theoretical maximal viewing distance of 5-8m for single raindrops and 

snowflakes can be calculated under the assumption of a particle size of 1-3mm. This makes identifying the 

individual snowflakes at sufficient distances impossible with current perception systems.  However, the 

obscurants in the atmosphere will influence the sensor signal, for example the achieved contrast levels. The 

project will therefore investigate how the individual disturbance level per sensor can be estimated and 

provided to higher-level decision-making algorithms.  

To implement this, we will depart from weather related fall rates, as the fall rate in mm/h has only little 

information about the long-range disturbance, as the terminal fall velocity and particle size can vary at 

equivalent fall rate leading to large changes in long range effects [3]. Hence, the visibility as defined in [4] is 

a much better suited estimation quantity including all physically relevant sizes and providing concrete 

information about e.g., the loss of laser intensity in different distances. Here, for example, the visibility is 

defined as the distance at which 95% of laser intensity are attenuated in scattering media directly 

applicable to LiDAR and gated cameras that both are active systems emitting infrared light. 

It is true that stationary measuring devices are currently already being used to determine visibility in fog, 

e.g. at traffic sections with a high tendency to fog. However, the measurement procedure of this stationary 

infrastructure is complex and unfortunately not transferable to vehicle sensor technology for technical 

reasons (not forward-looking and heavily distorted by the turbulence of the airstream). For this reason, 

there are currently no benchmarks to refer to. The AI-SEE project will therefore examine various methods 

to assess suitability as a visibility measure. The results of this investigation will the basis for establishing a 

benchmark. Based on the above considerations, the visual range (of the human eye) should serve as a 
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reference for assessing the detection quality. Different visibility estimation methods will be investigated 

and demonstrated. 

An example of UC1 is shown in Figure 3.1. 

 

Figure 3.1: UC1 - Example of an adverse weather detection in the red box in the driving path 

3.2 UC2: Road debris detection in adverse weather 

The detection of small obstacles and debris on the road poses a difficult task for human drivers, as they are 

often barely noticeable on the dark roads. Consequently, a significant number of car crashes per year are 

caused by road debris. For example, in the US, 25000 accidents related to road debris were reported in 

2004 [5]  and about 100 accidents with fatalities [6]. Despite these numbers, human drivers are generally 

successful in avoiding such objects as they are quite prevalent. Any automated system will therefore need 

to detect and avoid hitting such objects at least on par with a human driver to gain sufficient trust among 

drivers to allow higher automation level where the driver is not expected to constantly monitor the road 

ahead. 

For autonomous driving sensors, detecting small but dangerous debris is a challenging task because the 

distance and height of the debris must be determined simultaneously to assess risk. While active range 

sensors offer very accurate depth and velocity measurements, they typically suffer from low spatial 

resolution and high cost. In contrast, cameras are low-priced and provide high-resolution images that are 

essential for capturing small objects in far distances. However, depth reconstruction from single images is a 

complex task and the range resolution of stereo setups is limited. However, a high depth resolution is 

important for detecting small obstacles in far distances. 

In adverse weather, the detection of small obstacles on the road gets even more difficult for automotive 

sensors. While laser scanners might completely fail in scattering environments [7], standard cameras suffer 

from strong contrast degenerations [8] as illustrated in Figure 3.2. Radar devices work better in rain, fog, 

and snow, but their resolution is usually not sufficient for this case, and they are also not sufficiently safe, 

since their performance is also affected in these weather conditions. 
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This use case should test the depth resolution limits of the sensor system. We want to focus on tires as an 

example of road debris objects. A common 185/55 R15 tire is 185 mm high, when resting flat on the 

ground. Low profile tires and truck tires are even wider and therefore taller when lying flat on the road.  

Hence this can be seen as lowest obstacle which has to be detected in the course of the AI-SEE project 

determining the resolution requirements in the forward driving direction. Resolution has to be higher than 

the detection limit, which can be determined by the number of pixels or points required for a detection 

with reasonable confidence performed by the computational brain. The required resolution is derived in 

deliverable 2.2. 

Previous studies in the literature [9] showed that the detection performance decreases with increasing fog 

densities. Our goal in AI-SEE is to improve the detection distance of small road debris obstacles by 20% in 

poor visibility compared to the current state of the art. 

An example of lost debris situation on a foggy road with 100m visibility is depicted in Figure 3.2. 

 

Figure 3.2: UC2 - Road debris detection in adverse weather 

3.3 UC3: Detection of road vehicles in adverse weather 
conditions 

Detection of road participants is one of the core functionalities of a perception system. Here, special danger 

arises from the sudden appearance of traffic jams in combination with degenerating sensor data in 

cluttered adverse weather scenes all while driving at high speeds. Therefore, this use case tests the 
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detection ability of the system with and without degraded sensor data. The perception system needs to 

recognize the situation sufficiently far ahead in order to stop safely or to increase driving distance to other 

road participants. If the system fails to detect other road vehicles, a collision might result. Especially 

dangerous are collisions with stationary vehicles that can cause high damage, serious injuries, or even 

deaths. Moving vehicles might lead to different problems, e.g., they might cause additional locally 

depended obstructions. An example is spray from a leading vehicle obstructing the view and thus 

additionally impairing the sensor performance. 

Due to a lack of redundancy, a perception system with only one sensor is not able to provide sufficiently 

reliable detection for automatic driving in adverse weather conditions. For instance, a single sensor system 

relying only on radar data is more robust against adverse weather conditions than one relying only on 

LiDAR data, for example. However, this only applies to the detection of moving objects. Stationary objects 

cannot be detected by the radar due to the missing Doppler information. In addition, the radar is not free 

of interference, especially in adverse weather. Thus, the perception system must rely on several different 

sensors. Hence, this use case defines the required ability of the perception system to fuse different sensor 

data for reliably recognizing vehicles ahead, as well as dealing with potential disturbances such as 

reflections and multipath signals from infrastructure. 

An illustration of UC3 is shown in Figure 3.3. 

 

Figure 3.3: UC3 - Road vehicle detection in adverse weather 

Here we want to increase the detection capabilities of vehicles in adverse weather conditions by 20% in 

conditions where at least one sensor is heavily impaired by (snow, rain, fog or spray). 
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3.4 UC4: Pedestrian detection in adverse weather 

Besides cars, pedestrians are the second group of road participants used to demonstrate the capabilities of 

the improved AI-SEE System.  

Most pedestrians in road traffic do not wear any reflective markers or otherwise use garments to increase 

their visibility making their detection in low visibility conditions even more difficult. Similarly, as for use 

case 3 the detection capabilities decrease with increased fog densities. 

Additionally, this use case tests both the detection limits of the sensor system with high lateral angles and 

the system’s detection ability when conventional radar and other sensor data is uncertain. 

An example scenario for a pedestrian at a fog density of 100m is shown in Figure 3.4. 

 

Figure 3.4: UC4 - Pedestrian detection in adverse weather 

Here the aim is to increase the detection capabilities of crossing pedestrians by 20% where at least one 

sensor is heavily impaired by (snow, rain, fog or spray).  

3.5 UC5: Robust positioning in adverse weather 

An accurate estimation of the absolute position is paramount for future driving applications. Besides the 

detection of dynamic and static objects, such as pedestrians, cars, traffic signs and lights, the localization 

task is another key pillar for automated driving. There are always two aspects when considering vehicle 

positioning on road: sufficient positioning device accuracy and maps data quality. The aim of this use case is 
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to position the vehicle with using landmarks even though that traditionally used satellite signal is not 

available. 

An HD-map provides accurate centimetre-grade static information about the environment to the 

perception system. The positioning system will also perform when lane markings are invisible due to dirt or 

snow on a ground. Combined with information received from other sensors, the target function should be 

able to match various static features, such as significant landmarks and road markings, represented in both 

data streams, the HD-map and the perception sensors, and estimate the global absolute position within 

20cm accuracy under adverse weather conditions. 

Based on an accurate estimate of the absolute position, a lane association should be performed optionally. 

Lane association is the assignment of detected dynamic objects and obstacles with a specific lane. A robust 

localization in combination with HD-maps can counteract lane detection losses at snow- or mud-covered 

lanes, thus extending the systems Operational Design Domain (ODD) in this direction. 

Nevertheless, within the scope of this research project the ODD will be limited to only urban area traffic 

below 50kph. Highways are typically well maintained but especially rural and urban areas are suffering 

snow removal services.  

An illustration of UC5 is shown in Figure 3.5. 

 

Figure 3.5: UC5 - Accurate maps and landmark based positioning system for adverse weather 
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3.6 Which key data of the system are tested with the use cases? 

As already mentioned, the goal is to cover as many aspects as possible of safe environment detection in 

adverse weather with the selected use cases. With each use case we expose essential cornerstones of the 

AI-SEE system. Which benchmarks of the system are tested with the use cases is briefly explained in this 

section. 

3.6.1 UC1: Adverse weather detection 

This use case tests the sensor-specific ability of the system to predictively perceive severe weather within 

the sensor's detection range. Since we are not aware of any more in-depth work on this in the scientific 

community, the use case is concerned with determining how reliably the weather conditions in front of the 

vehicle can be perceived on a sensor-specific basis and how far the prediction range extends. The necessary 

functionality of an autonomous driving system is addressed here, namely that it must be able to recognize 

as far ahead as possible within the range of the vehicle’s sensor systems whether it is in safe operating 

mode due to the prevailing weather conditions. 

3.6.2 UC2: Road debris detection in adverse weather 

This use case tests the detection limits of the sensor system. Driving over road debris, such as a broken tire, 

would likely damage the vehicle. The normal height clearance at the front of a vehicle is usually at least 10 

cm. An ordinary 185/55 R15 tire is 185 mm high when flat on the ground. Low profile tires and truck tires 

are wider (higher when flat on the road). Use case 2 defines the requirements for resolution in the forward 

direction of travel. 

The resolution must be high enough to reliably detect the obstacle (the tire) at a certain distance. The 

distance is selected so that the vehicle can generally still be brought to a safe stop in front of it. This 

detection distance determines the maximum speed of the vehicle in automatic mode and for this reason 

represents a quality characteristic for the driver assistance system. The number of (vertical) scanning points 

required for this depends on the sensor and the detection method. It is determined on the basis of 

experience from related applications and is considered to be the lower limit of what is permissible. 

3.6.3 UC3: Detection of road vehicles in adverse weather conditions 

In particular, this use case tests the ability of the system to detect and localize vehicles in the presence of 

disturbances due to fog, rain, snow, and sea spray.  The AI-SEE system must be able to detect the vehicles 

and their position far and accurately enough in advance to maintain a safe distance from the vehicle in 

front and, if necessary, to come to a safe stop or safely pass the vehicle. The necessary safety margin 

depends on necessary speed but for highway its’ expected to be more 100 m ahead of the vehicle.  

3.6.4 UC4: Pedestrian detection in adverse weather 

This use case tests the system’s detection ability when conventional radar data is uncertain. In addition, 

many pedestrians do not wear any reflective markers or otherwise use garments to increase their visibility. 

Clothing with low reflectivity, in our case dark cotton clothing, must be considered. This use case test will 

combine benefits of high-resolution radar and new optical sensing solutions. Neural networks are used for 
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pedestrian recognition. The accuracy requirement for pedestrian recognition in dense fog is at least 30 m 

which is reasonable for urban driving. 

3.6.5 UC5: Robust positioning in adverse weather 

This use case tests the limits of the system's ability to self-locate as accurately as possible while driving 

under adverse weather conditions. Here, self-localization refers to the position of the self-driving vehicle in 

the digital road map and in the real world.  Since technical aids such as lane markers are very difficult to see 

in adverse weather, the ability to self-locate must be accomplished with the aid of additional waymarks.  

Good self-localization is a basic requirement for performing an automatic driving function, which should be 

available for safety reasons, especially in adverse weather. 
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4 System architecture and requirements 

The basic concept of the system architecture of AI-SEE (see Figure 4.1) was already proposed in the AI-SEE 

proposal, based on the knowledge gathered in the previous DENSE project. In the interaction of the 

components, this architecture is expected to extend the Operational Design Domain (ODD) of automated 

vehicles to all weather and visibility conditions experienced 365 days of the year in different seasons (dark 

during autumn, wet road in summer time and snow during winter time). 

This goal is to be achieved with newly developed sensors and a new processing unit implemented via deep 

neural networks, which represents the AI (Artificial Intelligence) of the system. The newly developed 

sensors, offers new capabilities in the environment perception especially in adverse weather. The AI 

modules enable the adaptivity of the sensors to prevailing weather conditions and via the signal 

enhancement and fusion module a robust object detection which in adverse weather is clearly superior to 

all previously available systems and enables 24/365 operation of an ADS. 

In this chapter, the architecture of the system's components is explained in more detail.  From section 4.1 - 

4.5, in addition to the description of the basic structure and operation of the novel sensors, the new 

possibilities offered by these sensors and what they are based on are explained in more detail. The 

description includes the SWIR Gated Camera, Polarized Camera, HR SWIR LiDAR, MIMO Radar, HD Map. 

Section 4.6  briefly describes the software architecture of the Perception Stack. Section 4.7 then provides a 

brief overview of the target performance of the AI-SEE system before concluding the chapter with a 

description of the interface and timing requirements of the system in section 4.8 and a vehicle integration 

and packaging considerations in section 4.9. 

 

Figure 4.1: AI-SEE system architecture 
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4.1 Architecture of the SWIR Gated Camera 

Gated imaging is an active imaging technique, which requires a sensitive image sensor and a pulsed laser 

source to capture 2D intensity images. By synchronizing the laser pulse emission and the camera gate 

opening and closing, only photons from a certain distance in the scene get integrated on the camera chip. 

This allows gated imaging systems to remove or at least to reduce backscatter of rain, fog, or snow 

significantly as shown in Figure 4.2. 

 

Figure 4.2: Performance of a RGB Camera, a Gated Camera, and a LiDAR system in clear and foggy 
conditions. The gated camera is able to reduce backscatter much better than the other sensors and 
provides strong object contours even in foggy conditions 

In contrast to LiDAR systems, where only first returns of individual pulses are recorded, a gated imager 

system (see Figure 4.3) integrates photons of a relatively long laser pulse over a large temporal interval. 

Setting the delay between light pulse start and aperture (gate) opening defines the distance range in the 

scene from which the photons are integrated. The duration of the aperture opening defines the distance 

range in the scene up to which the photons are integrated. This results in the recording of an image from a 

defined depth range in the scene, the so-called gated slice or gated image. 

The distance-dependent intensity values of a gated image can be described by so-called range-intensity-

profiles. These profiles result from the convolution of the temporally modulated camera gate g and the 

laser pulse profile p and are defined by  

𝐶(𝑟) = ∫ 𝑔(𝑡 − 𝜉)𝑝(𝑡 −
2𝑟

𝑐
)𝛽(𝑟)𝑑𝑡

∞

−∞
, 

where ξ is the camera opening delay, c the speed of light, and β(r) model atmospheric interaction. 

To reconstruct depth information from 2D intensity images, multiple gated images with overlapping range-

intensity-profiles must be recorded from the same scene (Figure 4.4). Due to the different predefined 

intensity profiles, objects in certain distances appears in different grayscale colours in the respective gated 

images. Several methods have been developed to derive depth information from multiple intensity values 

by using traditional post-processing approaches [10] [11] [12] or neural networks [13] [14]. 
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Figure 4.3: A gated system consists of a pulsed laser source and a gated imager that are time synchronized. 
By setting the delay between pulse emission and image acquisition, different depth areas from the scene 
can be recorded with different range intensity profiles into single images, the so-called gated slices. C(r) 
describes the intensity value over the distance r 
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Figure 4.4: Neural networks can be used to reconstruct inherent depth information from multiple gated 
images, captured with overlapping range-intensity-profiles 

The gated camera provides several advantages compared to other environment perception sensors such as 

RGB cameras, LiDAR or radar systems. One benefit of the gated camera is that the performance is 

maintained even in adverse weather conditions. The gated imaging technique allows significant removal of 

backscatter from airborne particles. This results in clear images with strong object contours even in foggy 

or rainy conditions. Furthermore, the active laser illumination and the gating principle enables the 

detection of small objects at far distances during day and night. This can help to solve the road debris 

problem for long ranges. In addition, gated imaging delivers high-resolution depth maps perfectly aligned 

to the corresponding intensity images. Moreover, costs are low compared to other high resolution 3D 

sensing technologies. 
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4.2 Architecture of the Polarized Camera 

The Polarized camera, or in short, PolCAM is an imager which is a combination of active and passive 

imaging. The PolCAM provide an image with colour and polarization provided from the same pixels. The 

polarized information is provided in each of red, green, and blue colour components. The linear 

polarization information is given in the four directions horizontal, vertical, and both diagonal directions for 

each of the colours as depicted in Figure 4.5. We are using the Sony IMX250MYR. Further information 

about the sensor can be found at Sony’s website. 

 

 

Figure 4.5: Imaging sensor Bayer pattern with overlayed polarizer 

The PolCAM is unique in the sense that it combines colour and polarization information with congruent 

depth information. This is achieved by overlaying depth information from the LiDAR on the image. 

Furthermore, as the depth information is congruent there will not be a need to transform the depth 

information to match the imager. The congruent image data allows for improved results of the machine 

learning by enabling the use of tighter bounding boxes in the training process.  

The output of the PolCAM is congruent colour and polarization information in 3D (x,y,z). Each pixel in the 

camera will be assigned with depth data. This is accomplished by placing the depth data from the LiDAR 

congruently overlaid on the colour/polarization imager. There are however some caveats as the LiDAR has 

lower resolution than the colour/polarization imager. This means that the depth information will have a 

courser grid than the colour and polarization image. The approach used is to interpolate to the depth data 

from the LiDAR to match the imager’s resolution in order to provide a depth information to each pixel. 

Active imagers - such as a LiDAR - have limited range vs a passive imager in the absence of visibility 

degradations such as darkness. There may therefore not be a depth value for far away objects. However, 
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that is no different from processing other active imagers such as LiDAR and radar, where the objects that 

do provide a reflected signal are the ones being of interest. 

4.3 Architecture of the HR SWIR LiDAR 

LiDAR systems are used in the field of driver assistance systems for automobiles and "automated driving". 

In for example driverless transport vehicles, LiDAR is used for obstacle detection. As an active measurement 

system, LiDAR emits light into the scene and measures roundtrip time of light that is reflected from e.g. 

objects and detected by the LiDAR sensor. From the time of this roundtrip, the distance to the object that 

reflected the light can be calculated. 3D images can then be obtained by varying the direction of emission 

and detection, or by simultaneously illuminating the entire scene (flashing) and distinguishing the 

illumination returning from different angles via a lens by a detector array (see Figure 4.6). 

 

Figure 4.6: Working principle LiDAR 

Being an active system, LiDAR sensor should not be affected by environmental illumination conditions. But 

in practice background light is a source of noise for the LiDAR system. This affects the signal to noise ration 

and therefore the measurement range and accuracy. So, LiDAR is affected to some degree by background 

illumination e.g. by solar radiation. As can be seen in Figure 4.7 there is an advantage using SWIR light 

instead of NIR light as the solar radiation in the SWIR regime is less than in the NIR regime. For the choice of 

the working wavelength of a LiDAR sensor the radiation at sea level needs to be considered. The blue and 

red curve show the solar radiation at sea level. There are gaps in the radiation even in the NIR regime. 

These gaps are cause by atmospheric attenuation. The attenuation affects the light emitted by the LiDAR 

sensor as well as it affects the solar radiation. Therefore, it is not necessarily beneficial for the LiDAR 

performance to use a wavelength in one of these gaps. 
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Figure 4.7: ASTM G173-03 Reference Spectra 

Even more important than background radiation is the effect of particles in the atmosphere for LiDAR. 

Weather related particles refers here to water in the form of rain, fog or snow. Other particles of interest 

are in the form of dust and smoke. These conditions affect the performance of LiDAR sensors in two ways. 

The measurement range is reduced as scattering at the particles attenuates the emitted and reflected 

signal and false positives can be generated in case when the back scatted light from the particles is 

sufficient to be detected by the LiDAR sensor. The scattering effect is influenced by the particles size and 

the working wavelength. In particular, for small particles like in haze and in some fog conditions using SWIR 

instead of NIR can be beneficial.  

Another advantage of using SWIR is that for these wavelengths the eye safety limits are much higher than 

for the NIR region. This allows the LiDAR sensor to emit higher optical power and thus, to improve the 

signal to noise ratio, while maintaining an unrestricted (class 1) eye-safety rating. In effect the total range 

performance of the LiDAR sensor is improved, which provides extra margin for operation in adverse 

weather conditions. 

4.3.1 Architecture and working principle 

The AI-SEE SWIR LiDAR is a Scanning LiDAR. The block diagram of the AI-SEE LiDAR is shown in Figure 4.8. 

The emitted light spot of the AI-SEE LiDAR has a line or rectangular shape. On each emission, a start pulse is 

sent to the measurement circuit. The line or rectangle shaped spot will be scanned over the scene by a 1D 

MEMS scanner. So, the length of the line or the larger dimension of the rectangle has to cover the full field 

of view in one dimension whereas the other dimension is maintained by the MEMS scanner. The MEMS 

scanner provides feedback about its position to the control logic. 
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Detection is done by a 2D Germanium on Silicon SPAD-array. SPAD detectors are not reliable for single shot 

detection. Therefore, usually a histogram is built using several accumulation cycles. This method is called 

Time Correlated Single Photon Counting (TCSPC). This method requires that a certain number of detection 

cycles can be done on each individual detector. Using a MEMS scanner for illumination causes that the 

illumination spot is continuously moving. In order to perform a sufficient number of detections on each 

detector channel, the illumination spot must be wide enough in the dimension of the MEMS oscillation that 

multiple illumination pulses hit a given angular portion of the scene, even though the spot is constantly 

moving. 

The expected dead time of the Germanium on Silicon detector is expected to be in the range a few 

microseconds. This is the range of the round-trip time for light pulses at the desired maximum 

measurement range. This means that during one cycle of the TCSPC measurement a maximum of one 

detection per channel can take place. This detection can be a dark count, a noise detection or a signal 

detection. Dark count and noise detections are not correlated to the start of the measurement. Thus, they 

are equally distributed in time. In combination with the fact that only one detection per cycle is possible 

this leads to an exponential distribution of the noise detections in the histogram. Where most of the 

detections take place at an early time during the measurement. So, the probability to detect a signal 

photon from longer distances decreases significantly. With this it is necessary to have a large number of 

repetitions in the histogram to be able to detect objects at long distances. In the AI-SEE approach this is not 

feasible as a MEMS scanner does not allow for large number of repetitions during a single scan period of 

the MEMS mirror. Building the histograms during several scan periods would require storing the histograms 

for the full field of view. This would lead to an unreasonable memory size. To overcome this time, gating is 

done. This means that during a single scan period measurement is done for a sub-range of the full desired 

measurement range only. Having this time gate relatively short compared to the full range generate a more 

homogeneous distribution of the noise detections within a gate. So detection capability for signal does 

much less vary during a gate as it would do over the full field of view. 

 

Figure 4.8: Block diagram AI-SEE SWIR LiDAR 
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4.3.2 Interface Data 

During normal operation, the LiDAR sensor will provide a peak list on its Ethernet interface. 

Table 4.1: Description of output data of the LiDAR sensor 

NAME DESCRIPTION  REPETITION 

Distance Error-corrected distance to detected object Per 

peak 

Max 3 

per 

angle 

Per 

angle 

Per 

gate 

Per 

frame 

Peak intensity Maximum height of pulse in histogram  

Peak energy Width of pulse at threshold 

Noise floor Average of counts in histogram  

Gate identifier Date to identify the actual distance gate   

Status Health state of LiDAR     

During start-up and upon request the LiDAR sensor will send information about its configuration like field of 

view and angular resolution. 

4.4 Architecture of the MIMO Radar 

Automotive radar systems were introduced in the market for the first time at the turn of the millennium in 

high-end luxury cars like the BMW 7 series and the Daimler S-class. First implementations of automotive 

radar were in adaptive cruise control that is located in the comfort application domain of the driver 

assistance portfolio. During the last 20 years the focus was enlarged towards safety-related functions like 

the autonomous emergency brake (AEB) which manifests itself in NCAP rating schemes. For highly 

automated driving most of the vehicle manufacturers and mobility service providers will rely on radar 

systems due to their excellent robustness in adverse weather conditions. Compared to other perception 

devices like video cameras or LiDAR sensors the information content of automotive radars is still rather 

poor and over time the reported objects seen by radars increased from a few targets in the range of some 

hundreds to date. With new concepts and architectures, the density of the so-called radar point cloud shall 

be improved to bring radar sensors on equal foot with other perception systems. Figure 4.9 shows the 

history and evolution of vehicular radar systems. 
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Figure 4.9: History and evolution of automotive radar sensors with key performance indicator 
improvements 

The basic structure of a high-resolution radar sensor is decomposed in the following components: 

1. Antenna system for emitting and receiving the microwave signals 

2. A RF-signal conditioning unit that handles the microwave signal 

3. A radar processing unit that operates on the digitized signal samples 

In Figure 4.10 the block diagram of the high resolution 4D MIMO radar sensor that is used in the AI-SEE 

project is shown. It shows the typical data processing chain of a fast chirp sequence 4D MIMO radar.  

Besides the 3D Cartesian dimension (i.e. x,y,z) each point of the point cloud has also an instantaneous 

velocity information, hence a 4D imaging radar results. When taking further attributes like reflectivity (i.e. 

RCS - radar cross section) into account, the point cloud dimension will increase accordingly. 

 

Figure 4.10: Radar data signal processing chain – from range-Doppler spectrum to 3D point clouds 

Compared to the state of the art this prototype radar sensor has the following improvements: 

1. High speed analog-to-digital converters with 250 Msps (mega samples per second) 

2. A large number of real transmit (TX) and receive (RX) channels that result in a large virtual MIMO array 

with better angular resolution capability 
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3. A large antenna aperture of ca. 200mm x 100mm that results in a high azimuthal and elevational 

angular separation performance 

4. A high performance FPGA based radar processing unit that achieves very good signal processing gain 

and hence better SNR (signal to noise ratio) and consequently also better sensitivity and object 

detection capability   

The radar sensor output is a point cloud based data stream of all the objects and obstacles detected on the 

road scene, i.e. both moving and stationary targets. The resulting point cloud in various representations are 

shown in Figure 4.11. 

 

Figure 4.11: Block diagram of the existing high resolution 4D MIMO radar 

4.5 Architecture of the HD Map 

High-definition maps (HD-maps) are maps to support autonomous driving. HD maps help autonomous 

vehicles to understand the environment precisely beyond the sensor range and help vehicles to localize 

itself on centimeter level by providing accurate location of road furniture e.g. poles and curb stones. It 

provides such detailed information about the environment that an autonomous vehicle can plan a route 

and help to navigate to the destination based on lane level description. Table 4.2 presents the differences 

between a conventional digital map and a HD map. HD maps provide high-quality a priori information for 

the object detection process especially in urban canyons, glare lighting conditions and under harsh weather 

conditions, e.g. when visibility is poor or lane markings are covered with snow.   

Table 4.2: Comparison between conventional and HD maps (TomTom) 

 CONVENTIONAL DIGITAL MAP HD MAP 

Location accuracy few meters  few centimeters 

Lane-level information turn info at intersections all throughout the map 
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 CONVENTIONAL DIGITAL MAP HD MAP 

Additional information road level 

 traffic signs 

 speed limits 

 curvature of turns at 
intersections 

 slope 

lane level 

 traffic signs 

 speed limits 

 lane geometry 

 curvature and slope 

Level of attribution location and value/meaning location, height, lane width, meaning, 
lane category, position relative to the 
lane, lane associations  

The L1 Test Route HD-map is created to support the future autonomous vehicle needs, i.e. the 

development of lane-keeping application. The current HD map covers the following area in Hervanta, 

Tampere, Finland. Specifically, the L1 Test Route for autonomous vehicles: Insinöörinkatu - Teekkarinkatu - 

Ahvenisjärventie - Opiskelijankatu (Figure 4.12). It is a two-lane urban area with 40 km/h speed limits. RTK 

correction services for the test area are available. 

 

Figure 4.12: L1 Test Route in Hervanta, Tempere, Finland 

The HD map is described using the Lanelet23 map framework. Currently the L1 Test Route HD-map has the 

elements presented in Table 4.3. This HD map has five layers; geometric, semantic, road/lane network, 

experimental and real time. As the Lanelet2 is an open format, further modifications and additions are 

                                                           

3 https://www.mrt.kit.edu/z/publ/download/2018/Poggenhans2018Lanelet2.pdf 
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possible to implement. The used CRS for the HD map is EPSG:3878, ETRS-GK24 Finnish field coordinates as 

decimal degrees. 

Table 4.3: L1 Test Route HD map elements 

 

Figure 4.13 depicts part of the HD map presented on the top of the Finnish base map and Figure 4.14 

presents the map in Unity environment. 

 

Figure 4.13: Lanelet2 HD map on top of Finnish base map 
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Figure 4.14: Lanelet2 HD map depicted in Unity simulation environment 

4.6 Architecture of the Perception Stack 

The perception stack utilizes the information from the sensing units and processes the information for an 

enhanced object detection of street scenes in urban traffic.  

Thereby, the computing unit is depended on three computational blocks and depicted in Figure 4.15. Those 

blocks are namely: 

1. The sensor adaptation layer, in which AI algorithms are used to determine the prevailing weather in 

the working area of the sensor. Subsequently the sensor control parameters (e.g. pulse duration or 

exposure time) are automatically adapted to the prevailing weather in such a way that the information 

yield from the sensors is as good as possible. 

2. The signal enhancement layer, is designed to reason about the sensor data formation and the effects 

of adverse weather effects. Hence, it is able to identify introduced obstructions and to enhance the 

data streams for final interpretation. 

3. The fusion layer, combines all available information in the most reliable fashion for final object 

detection. Thereby, it is designed to be as insensitive to weather conditions as possible. The 

information from the different sensor streams is fused in such a way that individual sensor 

degeneration minimally affects the overall performance.  This is a nontrivial task as investigations in 

DENSE have shown [15]. The multimodal fusion algorithm was prone to drop below single image 

performance if only one sensor was affected when the adverse weather noise was introduced without 

addressing the sensor information content. The previously introduced architecture is limited to pixel 

wise redundancy disallowing the use of novel structures (network architecture) such as the use of 
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different views. Such extensions have to be developed in the course of this work to increase detection 

performance. 

 

Figure 4.15: The layers of the perception stack (unit) 

This modular perception architecture was chosen, among other things, to assure that each computation 

block can be developed and tested separately before they are adapted to each other and optimized. In that 

sense the blocks can be refined in parallel reducing the development time.  

To speed up development time further, digital verification will be applied using the early simulation 

methods provided by WP5. Those sensor models can be thoughtfully verified in weather chambers and in 

the real world. An initial outline of the validation approaches can be found in Section 6 of this document. 

More in-depth elaborations on this will be developed with Deliverables D5.1-D5.5. 

The development of the concrete manifestation of the perception stack is a task in WP4 and will be 

described in the deliverables D4.1.-D4.5.  

4.7 Target performance of the AI-SEE system 

All defined sensor modules and the perception block aim to improve the perception capabilities 

significantly in adverse weather conditions. The first cornerstone is achieved by a more robust performance 

of underlying sensors through automatically adapted sensing parameters and hardware changes such as 

the use of the SWIR spectral band for LiDAR and Gated Camera. Here the information is enriched to 

overcome the noise threshold which subsequently can be enhanced in the following steps.   
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The necessary specification/design of the system is based on minimum system performance that must be 

provided in good weather. Based on that adverse weather obstructions are defined which impair the 

perception on different levels. Hence, the performance decreases in adverse weather, but can be 

quantified.  We envision that this inoperability can be successfully estimated by the AI-SEE system while 

maintain significantly higher performance than conventional systems. 

As the minimum sensor specifications are based on clear weather conditions, the ambitious goals have to 

be achieved in clear conditions while maintaining similar performance as much as possible with introduced 

adverse weather obstructions. Thus, the achievable detection distances will be found in the course of this 

work for each different use case.  

Derived sensing parameter as for example field of view (FoV) and perception ranges are given in the 

deliverable 2.2.  

Nonetheless, it has to be noted that the specifications are meant for the final target system. The final 

demonstrator might have deviating specifications for aspects that are not fundamental to the scope of AI-

SEE. Such constraints can be time, availability of parts or financial constraints causing that the 

demonstrator will not meet all of these objectives. One of such objectives could be for example a reduction 

in the field of view for of a single sensor due to the unavailability of specific optics. 

The final improvements derived from the use cases described in chapter 2 are summarized in Table 4.4. 

Table 4.4: AI-SEE use cases and related system performances 

USE CASE NO.  USE CASE NAME  TARGET PERFORMANCE  

1 Adverse weather detection The system is supposed to detect adverse weather in 
front of the vehicle. As there is still no comparable 
system on the market, no target value (with regard to 
the degree of adverse weather and distance) can be 
given. 

2 Road debris detection in 
adverse weather 

The system shall detect a 185/55 R15 tire with about 
10% reflectivity at a distance of 100 meters.  

Goal: Improvement of detection range of 20% in poor 
visibility compared to the current state of the art. 

3 Detection of road vehicles 
in adverse weather 
conditions 

The system shall detect a car with 40% reflectivity in 
front of the car in a distance up to 100m. 

 Goal: Improvement of detection range of 20% in poor 
visibility compared to the current state of the art. 

4 Pedestrian detection in 
adverse weather 

The system shall detect a pedestrian with 40% 
reflectivity in front of the car in a distance up to 
100m. 

 Goal: Improvement of detection range of 20% in poor 
visibility compared to the current state of the art. 
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USE CASE NO.  USE CASE NAME  TARGET PERFORMANCE  

5 Robust positioning in 
adverse weather 

The system shall accurate estimate the absolute 
position of the own vehicle (ego car). 

Goal: estimate the global absolute position within 
20cm accuracy under adverse weather conditions. 

4.8 Interface and timing requirements 

To capture a variety of different sensor message we utilize an ECU based on an Ubuntu operating system 

with drivers to access all devices. Exchange of messages will be based on a ROS © (Robot Operating 

System) middleware. ROS, is an open-source middleware developed by Stanford University and initially 

released in 2007. It has since become a defacto industry standard for callback driven exchange of sensor 

and processing messages. Different individual applications are running in so called nodes. An example of 

such is the camera node retrieving RGB images from the camera module. This node provides this camera 

images by sending the image using a camera image message.  The receiver can for example be a 

subsequent object detection node identifying pedestrian locations.  

Technically this creates a computation tree with peer-to-peer communication with standardized messages 

for the whole network.  

Additionally, ROS provides a number of tools supporting the research and development as recording 

capabilities and illustration of sensor messages and compute outputs.  

To synchronize all sensing units, we rely on a microcontroller as internal clock providing a PPS Pulse and 

GPRMC message to all compute units, as well as trigger pulses to each individual sensor. More detailed 

descriptions are given in D2.2. 

4.9 Vehicle integration and packaging 

The sensor setup aims at a long range perception unit targeting perception distances of 100-200 m, which 

are heavily impacted by depth dependent adverse weather noise and therefore ideal for the study of the 

mitigation of such. A 360° sensing suite can be derived by replicating the sensor suite around the vehicle.  

Typical vehicle sensor locations are chosen to emphasize a seamless integration in the design process 

supporting an appealing appearance for potential future customers while allowing maximal use in terms of 

technical aspects. Such design choices are integration of laser light sources into the vehicle headlights with 

possible headlight cleaning units. Cameras are mounted behind the windshield within an area which can be 

reached by the windshield wipers. 3D sensing sensors are mounted as close together as possible to 

minimize parallax errors between different sensors. This is the target configuration for serialization.  

To facilitate the development of the prototypical sensing equipment a portable packaging at the roof top 

will be emphasized. Even though serial development goals will not be lost out of sight. Necessary seamless 

integration will be enforced by taking the packaging space into consideration.  
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At the roof top in the portable setup all sensors are mounted tightly together. This will allow the shipment 

of the sensor setup to weather chambers and test tracks for live test in challenging simulated and real 

world adverse weather events. In total the sensor setup will cover the sensors described in the sections 

above.  

As a reference for the mounting position, a vehicle internal coordinate system is used, according to 

ISO8855, with the coordinate origin at the center of the rear axle. More information will be provided in 

D2.2. 
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5 Safety requirements 

In modern Safety analysis we have to consider three elements: 

● FuSa (Functional Safety) following the guidelines of ISO 26262 

● SOTIF (Safety of the intended Function) following the guidelines of ISO 21448 

● Cybersecurity following the ISO 21434 

With the functional safety (FuSa) the project aims to analyze the effects of disfunctions of the electronic 

system, for example a failure of a transistor. The main goal is to make sure that a system failure does not 

yield to any hazardous situation, especially if life-threatening to any of the participants of the traffic. This 

aspect is emphasized when the driver is passing over the control of the vehicle to the AD system.  

The same functional safety requirements applied to the Dense project need to be adopted for the two new 

use cases, namely use case 1 and use case 5. Especially in the AI-SEE project, the wavelength for laser-

based sensors is shifted from NIR (about 950 nm) to SWIR (about 1550 nm), providing an advantage 

concerning the eye safety. In fact, using 1550 nm wavelength allows an increase of over 50 times the pulse 

energy without danger for human vision, which will help to get a more stable LIDAR signal in case of 

adverse weather conditions like fog. 

Regarding the functional safety, the guidelines of ISO 26262 are applied to the sensors, the fusion platform, 

as well as to the integrated fusion system. It is not in the scope of the AI-SEE project to fulfil all 

requirements of ISO 26262, including a thorough analysis of hazardous situations and events. Rather, AI-

SEE goal is to determine a preliminary ASIL of the fusion ECU by identifying the worst-case event in the 

most hazardous use-case scenario, which is AI-SEE-UC-4 Pedestrian in adverse weather. Due to the severity 

of the causes of a failure the sensor electronics, the fusion platform and the integrated fusion system needs 

to be classified as ASIL D. 

Within this project we will additionally take care about the SOTIF (Safety Of The Intended Functionality) 

requirements. Within SOTIF it is not enough to check the reliability of the sensor, the fusion platform and 

the integrated fusion system regards to component failure. Even if a sensor works correctly, it might not be 

able to perceive a target ahead in all possible adverse environment conditions. Here the ISO 21448 needs 

to be considered in addition to the ISO 26262 for the functional safety analysis.  

Especially we need to clarify the following questions: 

● Which limits does the sensor system have with respect to the intensity of the adverse weather 

conditions? 

● What are the consequences if the sensor is used outside of the operating design domain (ODD)? 

● Does the user have the ability to misuse the system, and if so which technical measures can prevent it? 

● How to make sure the system is within the ODD boundaries? 

As previously mentioned, not all of the requirements of the ISO 21448 will be considered, rather it will be 

applied to the adverse weather condition of fog where we currently have the most extensive sensor 

experience. 
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When designing an automated driving system, it is first necessary to clearly define the ODD by specifying 

the maximum fog visibility distance in which the system is considered to work reliably. To this goal, a state-

of-the-art camera system can be used to measure which fog density the system is still able to detect a 

pedestrian with enough confidence. Once this measurement is performed, it will be evaluated (using the 

new sensor suite developed within the project) how much the ODD can be extended to higher fog 

densities. As a measurement, we will have a look to the signal to noise ratio to assess how much can the 

fog density be increased ensuring a similar detection performance. 

Especially for the use case AI-SEE-UC-1, adverse weather detection will help to automatically measure the 

fog density in front of the vehicle, so to autonomously decrease the vehicle speed and adapt to the new 

environment conditions. In case that the fog visibility is lower than the predefined development target, a 

message will be sent to the driver to take over the vehicle in order to avoid misuse of the driving function. 

The Safety of the intended function (SOTIF) is additionally analyzing the correct use of the autonomous 

driving system within complex adverse weather environments. Even if there is no malfunction of the 

system, it might be dangerous to use it outside of the operating design domain (ODD), for example using 

AD in very dense fog. It needs to be assured that the driver or passenger is under all circumstances 

informed about the limitations of the ODD and that the vehicle is coming to a safe halt if the environment 

conditions are getting worse so that the correct function cannot be applied. The analysis of ASIL and SOTIF 

requirements will be done following to the safety goals provided at system level. General principles will be 

implemented, although a full design for ASIL according to ISO 26262 and SOTIF according to ISO/FDIS 21448 

is beyond the scope of this project. 

Finally, an important aspect to take into account is cybersecurity. With cyber-attacks becoming a serious 

threat also in the automotive world, autonomous vehicle needs to be especially protected against any 

third-party attacks. In fact, sensors gathering data from the outside world can be easily targeted by 

malicious parties, for example with the goal to corrupt or alter the understanding of the scene performed 

by the vehicle perception algorithm. The latest development is a standard on cybersecurity, discussed in 

the ISO SAE 21434 standard. Within the AI-SEE project we will not focus on these standards, as we are 

mainly using prototype vehicles, but this standard will be considered within the later development of serial 

vehicles. 
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6 Test and validation plan 

This section gives an overview of the planned test and validation activities during the AI-SEE project.  

To validate the proposed system specification an extensive test procedure is necessary, which will be 

explained in the following.  

The first subsection will give an overview of available test infrastructure. Afterward, the second subsection 

will describe possible test methodologies and required ground truth equipment to estimate adverse 

weather disturbances. Finally, datasets and relevant metrics for validation of the simulation techniques and 

downstream perception unit advancements will be reviewed.  

6.1 Test Infrastructure  

The test infrastructure is defined by the available test facilities in subsection 6.1.1 and vehicles in 

subsection 6.1.2. 

6.1.1 Test facilities  

In total two project partners are providing test facilities namely AstraZero and CARISSMA.  

AstaZero provides the world’s first full-scale independent test environment for future road safety. The test 

infrastructure is unique in that the different traffic environments make it possible to test advanced safety 

systems and their functions for all kinds of traffic and traffic situations. The proving ground houses seven 

unique test tracks for different driving situations. It offers test tracks for outdoor testing and an indoor test 

hall for reproducible weather-independent tests. An overview of the external tracks is illustrated in Figure 

6.1. The Astra Zero Test track enables research, development, and certification of future road safety 

systems, and functions as an international arena open for vehicle manufacturers, suppliers, legislators, 

universities, and colleges from throughout the world. AstaZero is accredited by Euro NCAP to perform tests 

of active safety systems and automated driving for vehicle manufacturers. 

The latest expansion an indoor test environment for future road safety with the world’s longest indoor 

track – 700 meters long, between 40-60 meters wide – enabling operations 24/7 365 days a year under 

identical ambient conditions, see Figure 6.2. 
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Figure 6.1: Illustration of testing infrastructure at the Astra Zero Test track 

 

Figure 6.2: Dry zone – world’s longest indoor track with 700 m length 

The special routes in Muonio, Finland area equipped with proper communication systems are available for 

winter testing in real roads (Figure 6.3). The routes are typically covered by snow from November until 

March and having average temperature less than -7 ⁰C. Due to having limited traffic and having maps 

available it is used one of the winter testing hubs. 
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Figure 6.3: E8 corridors in Finland-Norway for facilitating winter testing 

CARISSMA is an indoor test facility, where new sensor systems and safety functions are tested under 

various, controllable ambient conditions (rain, fog, lighting conditions). Dynamic driving tests (up to a speed 

of 50km/h) with vehicles are carried out with the help of driving robots using an indoor location system. 

Pedestrian and vehicle dummies are used to mimic critical driving scenarios without harming real 

pedestrians or damaging real vehicles. The main advantage of indoor operation is the constant ambient 

conditions and thus the reproducibility of tests. Particularly when assessing the effects of adverse weather 

conditions on vehicle sensors, the ambient conditions need to be changed in a controlled manner.  

Due to a sprinkled area of approx. 250 m², highly dynamic sensor and driving tests can be realized in 

addition to static tests. The rain intensity can be adjusted depending on the desired intensity of the rain 

(from 10mm/h up to 100mm/h). The rain is validated with real rain measurements and is highly similar to 

real rain measurements recorded in Ingolstadt. With a sprinkled area of 50 m length, the effects of rain on 

sensors can be measured over long distances. Furthermore, the effects of wet asphalt on the automotive 

environment sensors can also be investigated. 

A fogging system is installed in the indoor test hall, that is able to simulate realistic fog scenarios (see Figure 

6.4). The fog consists of microscopic water particles and is similar to real fog. The density and thus the 

visibility of the fog can be adjusted. The density of the fog can be increased to a visible distance of less than 

10 meters, enabling the test of extreme adverse weather scenarios. Thus, reproducible, and controlled 

sensor tests are possible in various fog conditions. 

CARISSMA estimates the density of fog by measuring visibility with Sick VISIC620 sensors. The visibility is 

measured on the basis of the optical attenuation of a transmitted laser pulse. A laser precipitation monitor 

is used to determine precipitation (Thies Clima 5.4110.00.XXX). It provides information about the falling 

velocity and size distribution of the particles. 
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Figure 6.4: CARISSMA testing in rainy environmental conditions (left) and testing in foggy environmental 
conditions (right) 

More details on the test infrastructure are described in D2.2. 

6.1.2 Test Vehicles 

To enable realistic sensor tests at the aforementioned test tracks appropriate test vehicles are necessary 

and provided by four partners namely Mercedes-Benz, VTT, Unikie, and Veoneer. The test vehicles are 

equipped with different numbers of sensors tailored to the use case specific test cases. A detailed 

description of the sensor middleware, synchronization, sensor preprocessing, and perception software is 

described in deliverable 2.2. 

The vehicles are tailored with different purposes according to the use validation needs: 

● Mercedes => integrated all sensing component and show OEM specific functionality 

● VTT => tailored to winter testing and prototype level sensing systems 

● Unikie => sensor data fusion platform for adverse weather 

● Veoneer => Tier 1 tailored vehicle for sensing studies 

6.2 Test methodologies  

To keep track of the performed test, appropriate descriptions and ground truth measurements are 

necessary. Here the prevailing weather must be measured accurately. Additionally, the scene with road 

participants, infrastructure, and interactions must also be described in detail to allow the development of 

appropriate simulation techniques. Having both in place, the measured conditions can be replicated 

virtually allowing to establish digital twins for further, unconstrained data generation. 

The training of the deep neural networks of the perception stack (unit) is done by so-called data loops. 

Typical data loop approaches cover the process from data capturing, algorithmic development, and 

identifying weaknesses through extensive tests. These weaknesses are addressed by additional data 

measurements in the area of weaknesses with which the process starts from the beginning. 

This classic data loop has limited applicability because adverse weather events are rare in the real world 

and therefore are not usually included in the training data set and hence cannot be learned by the neural 



 

Deliverable D2.1 / 22.12.2021 / version 1.0 42 

network. This difficulty can be explained by the fact that adverse weather conditions can be a combination 

of various rare individual effects, such as a mixture of sun and rain, which can vary independently in 

intensity. Hence, this data gap has to be closed using appropriate simulation techniques.  

Therefore, our proposed approach extends the data capturing with an intermediate step replicating the 

captured data with simulation techniques. This allows expanding the database with more adverse weather 

effects. Thereby the added simulations are always validated with the sensing setup providing crucial 

information on applicability of the found real-world approximations in simulation.  

In each validation step misalignments and weaknesses can be identified triggering additional data capturing 

events. Typical assessment metrics are described in the next Section 6.3.2. 

Finally, the validated data frames act as input to the training backend to enhance the training data sets for 

the perception function.  

To getting good simulation data we propose a boot-strap approach depicted in Figure 6.5. Our working 
hypothesis is, that the artificial data can be considered equivalent to the real data if the perception stack 
can no longer distinguish between these data. However, general validity can only be derived if this applies 
to all forms of perception stacks. Since this cannot be done by us, we therefore limit ourselves to our MBAG 
AI-SEE perception stack. 

The aim is to minimize the differences between the data from the "different worlds" from the perspective 

of the perception stack. If the difference is no longer perceptible to the perception stack, it behaves in the 

real world as in the simulated world. The measurement methods for this will be developed and described in 

more detail in WP4. 

Starting point to bridge the gap between real data and simulated data will be the weather chamber. In the 

weather chamber we can simulate a small part of the real world concerning adverse weather. This 

simulation itself is an approximation of real rain or real fog by physical means, where e.g. size and 

distribution density of fog droplets in a closed space can be kept constant over a longer period of time and 

thus simulate on average e.g. fog with a defined visibility.  However, it will generally not exactly reproduce 

the natural fog occurring in the real world, with all the droplet variations in size and density and 

distribution that occur even in small spaces, further disturbed by external influences such as temperature 

fluctuations, wind, etc. Nevertheless, it is a good simulation, because the artificial fog/rain is simulated with 

the real material water and therefore comes very close to the real fog regarding the properties of wave 

propagation/scattering of light. And this artificially generated adverse weather has the advantage that it 

can be reproduced except for small variations and thus can be used as a defined measurand in a repeatable 

way.  

A first test for the quality of a simulation could be to record defined scenarios without adverse weather and 

with defined degrees of adverse weather in the weather chamber and to reproduce these adverse weather 

scenarios via augmentation or a complete simulation and to compare them with the scenarios from the 

weather chamber. As proposed, the MBAG AI-SEE perception stack can serve as a comparison tool. 

However, it will also be investigated whether simpler measurement methods can be derived for this 

comparison. 

The next level to be added to real weather data are the recordings from measurement campaigns with 

defined scenarios on the test sites. Here, procedures and, to a limited extent, weather influences such as 
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spray generated over a driving surface with a constant water film or rain generated by an outdoor rain 

system can be defined and repeated. Adverse weather is less precisely defined here, as these are 

influenced by environmental factors such as temperature and wind, but at least the range of variation in 

the experiment is limited compared to recordings from normal road traffic.  As in the weather chamber, 

“good-weather” recordings can be made here and transferred to “adverse weather” recordings via 

augmentation. A complete simulation of the maneuvers performed is also possible, although it is very time-

consuming. As proposed, the MBAG AI-SEE perception stack can serve as a comparison tool. However, it 

will also be investigated whether simpler measurement methods can be derived for this comparison. 

 

Figure 6.5: Illustration of the extended data loop with adjustment stages 

Once the hurdles of weather chamber and proving ground have been cleared for the simulation, the last 

step is to match the simulation data with data from real-world images. Again, the MBAG AI-SEE perception 

stack will serve as a matching tool. As already mentioned, the artificial data are equivalent to the real data 

for the perception stack if it can no longer distinguish between the data.  

6.3 Assessment 

To prove the validity of the captured and simulated datasets extensive test campaigns will be conducted. 

Thereby, the alignment of real-world and simulation is crucial and requires the development of appropriate 
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assessment approaches. In the following, the necessary work will be explained in detail. Furthermore, the 

increases in detection performances must be quantified.  

6.3.1 Ground Truth Datasets 

To assess the performance for each use case, appropriate ground truth datasets have to be simulated and 

captured. Those require different fog densities, precipitation rates, and local effects as spray. Additionally, 

for all datasets captured in controlled conditions, a clear ground truth measurement without adverse 

weather must be collected to investigate the degeneration through added adverse weather effects. For 

further quantitative measurements as contrast degeneration or the decay of visibilities, calibrated 

reflective targets are used and placed within the scenes. In the project, we emphasize the use of Zenith 

Polymer ® Targets which offer a stable diffuse reflectivity across a wide spectral band from 400-1800nm. All 

other natural targets as vehicles and dummies, street signs, etc. are inspected before initial tests by a 

spectrometer determining their reflectance properties for all wavelengths used in this work.  

The alignment can be determined by using standardized metrics. An idea of possible metrics will be given in 

the next sections.  

6.3.2 Metrics 

In previous work depth metrics were used to determine geometrical scene similarity between different 

scenes using the scene depth, which are defined in 6.3.2. To assess the image quality, different metrics 

were introduced previously and are described in 6.3.2.2. Lastly, the whole Perception stack can be 

evaluated and is described in 6.3.2.3.  

6.3.2.1 Depth Metrics 

Nowadays, there exists a large amount of metrics for performance evaluation and comparison of different 

depth measurements. In the following, the most important and commonly used metrics are defined and 

explained. All metrics are calculated for each frame k separately and are averaged over the whole 

evaluation data set consisting of K samples. 

For a predicted depth map r̂k ϵ ℝhxw with height h and width w, and the corresponding ground truth depth 

rk ϵ ℝhxw, the Mean absolute error (MAE) is defined by 
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1

𝐾
∑

1

ℎ𝑤
∑ ∑ |�̂�𝑢𝑣

𝑘 −  r𝑢𝑣
𝑘 |

𝑤

𝑣=1

ℎ

𝑢=1

.

𝐾

𝑘=1

 

This metric is measured in meters and allows easy and comprehensible interpretations of the error since all 

individual differences are weighted equally. In contrast, the root-mean-square error (RMSE) has a higher 

sensitivity to outliers and therefore gives a higher weight to large errors. The RMSE metric should be used 

when large errors are particularly undesirable. The RMSE is defined by the following equation 
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Although the unit of the RMSE is in meters, the error magnitudes does not contribute linearly to the final 

measure and is therefore harder to compare. 

In contrast to the MAE and RMSE, the scale-invariant logarithmic error (SIlog) is a scale-invariant metric, 

which is defined by 

SIlog =
1
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These metric measures the relationships between points in the scene regardless of the absolute global 

scale. 

Another commonly used metric is the threshold metric δi for i = {1,2,3} which describes the ratio of depth 

estimates that are within a certain relative error range. It is described by 
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For i = {1,2,3}, the metric describes the ratio of depth predictions with a relative error smaller than 25%, 

56%, and 95%. The threshold metrics indicates whether there are only a few very adverse outliers or many 

small outliers and thus gives a rough insight into the relative error distribution. 

Furthermore, several metrics provide relative error measurements in relation to the ground truth depth. 

While the absolute relative distance (ARD) is defined by the absolute error relative to the ground truth 

depth 
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the squared relative distance (SRD) compares the squared error to the ground truth depth 

SRD =
1
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Compared to the ARD, the SRD is more sensitive to large errors. 

For the evaluation of predicted depth maps, LiDAR measurements are often used as ground truth data, as 

LiDAR sensors provide depth information with an accuracy of a few centimeters. However, theses sensors 

are often limited in range and resolution. Furthermore, LiDAR systems provide erroneous measurements in 

adverse weather conditions due to clutter points caused by reflections of airborne water particles. 

Therefore, within the AI-SEE project, current evaluation procedures have to be reconsidered and new 

metrics and measurement techniques have to be developed to allow the evaluation of depth predictions in 

adverse weather conditions.  
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6.3.2.2 Image Quality Metrics 

Image quality metrics are derived for rendered grayscale and color images, but current methods are 

missing to generalize those metrics to structured point cloud data or radar measurements with Doppler 

velocity.  

The quality metrics available can be split into full reference metrics, reduced reference metrics, and no 

reference metrics and describe the amount of underlying ground truth data of the metric for the 

assessment of enhancement techniques. Previous work mostly uses full reference metrics requiring pixel-

accurate ground truth data. However, this only allows the assessment of enhancement techniques with 

simulated adverse weather effects [16] or in weather chambers with recorded clear ground truth [17]. 

Such metrics are for example the Mean Square Error (MSE), Peak Signal-to-Noise Ratio (PSNR), or Structural 

Similarity Index (SSIM). 

However, the necessary ground-truth data cannot be collected, or at least not in sufficient quantity, during 

normal data collection campaigns because, adverse weather events with the wished adverse weather 

degree at the wished place are rare in the real world. Therefore, they can only be collected in the desired 

quality and quantity in controlled environments such as fog chambers, which is both costly and limited in 

terms of scene variety. 

An interesting extension is the use of reduced reference metrics assessing the increase in performance of 

subsequent tasks. Such tasks do not require pixel-wise undisturbed ground truth, but only the ground truth 

for the performed task. Previously investigated methods usually compared their achieved result with the 

result of a known semantic segmentation or object recognition algorithm based on publicly available 

databases to measure the performance improvement of their method [4] [18] [19] [20] [16].    

Further reduction in necessary ground truth data leads to no reference metrics that can be performed 

based on the measured enhanced signals themselves. Here for example different kinds of increases in 

entropy for images or the number of cluttered points in a point cloud could be counted. Nonetheless, such 

metrics require careful engineering as for example the removal of all single clutter points in further 

distances might remove valid points from true objects, which appear as single points due to the limited 

resolution.  

6.3.2.3 Object Detection Metrics 

Object detection metrics provide an in-depth performance score for the assessment of the perception stack 

output. A typical approach is the so-called Average Precision (AP) score [21], described in the following 

section.  

State-of-the-art object detection algorithms rely on neural networks trained to recognize objects and 

subsequently classify them. The neural networks will learn to predict bounding boxes around detected 

objects. Additionally, for each prediction a probability score representing its confidence is provided. This 

confidence describes the probability that an obstacle belongs to a certain obstacle class, e.g., car, 

pedestrian, cyclist, etc. For training the neural networks, large datasets of annotated sensor data are 

required. The annotated sensor data will act as ground truth that the neural network attempts to 

reproduce. In the case of the AI-SEE project, the ground truth consists of bounding boxes drawn around the 

recorded images and point clouds from different sensors. Additionally, a label describing the obstacle class 
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is added to each ground truth bounding box. The process of obtaining the ground truth from the raw 

sensor data is mostly done by human annotators. To obtain enough training data, the AI-SEE project will 

provide custom data sets that predominantly include driving scenarios in adverse weather conditions. Thus, 

the project is aiming to having sufficient amount of repetitions which is feasible requirement for simulated 

environment but challenging real world testing scenarios.  

This custom data set will prove especially useful as a test set for evaluating the performance of the 

detection algorithm in adverse weather. However, to compare performance, different evaluation metrics 

are required. Intuitively, one evaluation metric should describe how correct the predicted bounding boxes 

and labels are. This is often called precision and is best illustrated with an example using the car class. If the 

detection algorithm predicts that an obstacle in the custom test set is a car and it is matching the ground 

truth, this can be considered a true positive (TP). If an obstacle is predicted to be a car, but it is actually a 

pedestrian, cyclist, or no obstacle at all, this can be considered a false positive (FP). The detection algorithm 

has high precision if the number of FPs is low. Thus, the precision 𝑝 can be computed from the overall 

number of TPs and FPs as 

𝑝 =  
TPs

TPs + FPs
 

However, precision is only one evaluation metric. Detection algorithms should also have a high recall. Recall 

describes whether all ground truth objects are found. Consider the car example from above. If a scene has 

5 cars in it, but the detection algorithm only predicts that a single car is in the scene, 4 detections are 

missed. These missed detections can be considered false negatives (FN). The detection algorithm has high 

recall if the number of missed detections and hence FNs is low. Thus, the recall 𝑟 can be computed as 

𝑟 =  
TPs

TPs + FNs
 

Often, precision and recall are a trade-off. In the scene described above, the detection algorithm would 

have perfect precision (the prediction about the single car was correct), but imperfect recall (4 detections 

were missed). Precision can be traded for recall by choosing a lower confidence threshold that is sufficient 

for labeling a prediction an obstacle. With a lower confidence threshold, the detection algorithm will detect 

more cars in the scene. In return, however, some of these detections will be wrong. For describing this 

trade-off, precision and recall are measured for different confidence thresholds. This can be visualized in a 

precision-recall curve 𝑝(𝑟). To reduce the precision-recall curve to a single value metric the average 

precision (AP) can be used. The average precision is computed with the average value of  𝑝(𝑟) by 

evaluating the integral from r=0 to r=1, as  

𝐴𝑃 = ∫ 𝑝(𝑟) 𝑑𝑟
1

0

 

The AP can be evaluated for every obstacle class individually. Often, the mean of the AP (mAP) over all 

classes is used as an evaluation metric as well. 

Finally, a crucial detail with regard to the bounding boxes should be noted. In contrast to obstacle classes, it 

is more difficult to determine how accurate the predicted bounding box is. An example is illustrated in 

Figure 6.6. A good prediction should mostly overlap with the ground truth bounding box. This overlap can 

be described with the Intersection over Union (IoU). The IoU, illustrated in Figure 6.6, can be computed by 
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dividing the intersection with the union of the overlapping bounding boxes. The IoU can then be used to 

further evaluate the accuracy of the predicted bounding boxes. 

 

Figure 6.6: Illustration of predicted and ground truth bounding box with their overlap 
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List of abbreviations 

ABBREVIATION DEFINITION 

ADS Automated Driving Systems 

AEB Autonomous Emergency Brake 

AI Artificial Intelligence 

AP Average Precision 

ARD Absolute Relative Distance 

ASIL Automotive safety integrity level 

ECU Electronic control unit 

EGO EGO Vehicle, other names are host vehicle, unit under test, system under test 

Euro NCAP European New Car Assessment Programme  

FN False Negative 

FoV Field of View 

FP False Positive 

FuSa Functional Safety 

GT Ground Truth 

IoU Intersection over Union 

ISO International Standardization Organization 

MAE Mean Absolute Error 

mAP Mean of Average Precision 

MSE Mean Square Error 

Msps Mega Samples per Second 

ODD Operational Design Domain 

PPS Pulse per Second 
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ABBREVIATION DEFINITION 

PSNR Peak Signal-to-Noise Ratio 

RCS Radar Cross Section 

ROS Robot Operating System 

RSME Root-Mean-Square Error 

SNR Signal to Noise Ratio 

SOTIF Safety of the Intended Functionality 

SPAD Single-Photon Avalanche Diode  

SRD Squared Relative Distance 

SSIM Structural Similarity Index 

TCSPC Time Correlated Single Photon Counting 

TN True Negative 

TP True Positive 

WP Work Package 
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