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Executive Summary  

  
This document provides an analytical description regarding the data flow management from 

RI sensors and the efficient utilization of available information for the detection of multiple 

degradation types, hazards, or dangerous situations. This deliverable illustrates the results of 

Task 5.3, titled: “Multi-sensor flow and degradation assessment”, corresponding to M8-M24 

project’s period. The main output is the methodological framework for routine RI monitoring 

with multi-type remote sensing. The methodology will address all identified types of RI 

degradation.  

The structure of the document is the following: Section 1 describes the purpose of this 

document, the intended audience and the interrelations between this document and others 

within WP5 (“Earth Observation, Sensor Data and Geospatial Services for increased resilience 

of the RI”) or others within PANOPTIS. Section 2 presents the scheduled inspection adopted 

methodology. A sort description is provided on the means and the techniques, which are 

discussed in detail, later in this document. Section 3 provides analytical information on the 

utilization of the available data sources, including fixed optical sensor, distributed through the 

road network, UAVs and other type of vehicle monitoring, and satellites utilization. Section 4 

demonstrated the applied techniques, depending on what type of sensors we employ. Section 7 

analyze the flowcharts for different monitoring scenarios. Section 8 concludes the work 

presented in this document. 
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1 Introduction  

Task 5.3, titled: “Multi-sensor flow and degradation assessment”, focus on the utilization of 

multiple data sources and the detection for a variety of degradation factors that can cause 

adverse effects to the RI, resulting direct and indirect consequential impact costs. 

A transport corridor may show signs of degradation in response to many different 

environmental processes. This ranges from physical effects on the surface material due to 

extensive heat or cold exposure (cracking, buckling), instability or deformation due to scouring 

by rainwater, to the presence of lose rocks or scree on the road as a result of adjacent slope 

instability. At the same time, accidents involving human factors (e.g. crashes, fires) imply 

additional implicit or explicit adverse effects. Therefore, continuous monitoring is something 

essential for the viable operation of RIs. 

In this task, a methodology will be developed that primarily rests on data coming from fixed 

sensors, auxiliary sources (weather data), as well as sensors placed on maintenance vehicles. 

The latter will primarily be used to scan the road surface to identify deviations from normal 

situations, and that may require closer manual inspection. Emphasis will be placed on the 

special value that drones add, i.e. on how they can provide additional insight in the state of the 

road corridor where other sensor locations have limitations. Satellite data will be used to 

provide relevant background information, also to facilitate change assessment. 

1.1 Purpose of the document 

This document is the deliverable D5.3. Methodology for routine RI monitoring.  D5.3 is 

another deliverable within work package (WP) 5 of the PANOPTIS project. It is a compilation 

of the work done in task 5.3, titled: “Multi-sensor flow and degradation assessment”. The work 

in this task focuses on the data integration and image analysis for degradation and flaw mapping 

for routine monitoring. 

On the one hand, we have a variety of sensors to utilize. These sensors involve, but are not 

limited to, RGB sensors, LiDAR sensors, corrosion and friction sensors, weather stations and 

satellite imagery. The main data streams originate from fixed sensors, i.e. CCTV cameras. 

There are also vehicles equipped with cameras, providing video streams (at random times, 

depending on the situation).  

On the other hand, PANOPTIS exploits UAVs flight missions for additional data 

acquisition. With inherent advantages of high motility and broad view scope, optical camera 

mounted UAVs plays critical roles in various applications. In our case, UAVs are responsible 

for the detection of out-of-the-box events. When that happens, stationary sensors in the 

proximity are engaged to support and identify the events that caused an alarm. 

In terms of data processing we will use advanced methodologies for 3D analysis using 

photogrammetric means and ML, mainly focusing on deep learning methodologies and tensor 

Algebra decomposition (if hyperspectral data become available). Information fusion will be 

employed to exploit the redundancies and complementarities among the different data 

modalities (RGB, thermal, LIDAR, etc.).  

1.2 Intended audience 

This document is public and can be accessed by any interested stakeholder. Envisioned 

stakeholders include amongst others the PANOPTIS end users. These are road operators, who 

are agents in the monitoring process and monitoring information consumers. The stakeholders 

in the PANOPTIS consortium are ACCIONA S.A. and Egnatia Odos AE who are responsible 



Deliverable D5.3. Methodology for routine RI monitoring   Version 1.0 

Date 30/05/2020 Page 11 

 

for maintaining the road corridor. Other envisioned stakeholders are those interested in 

consuming monitoring information to produce information products. These may include health 

and hazard assessment modules who need monitoring information to provide up-to-date 

vulnerability, risk or hazard assessments. In the PANOPTIS consortium, the Multi-Hazard 

Vulnerability Modules developed within WP4, and the Holistic Resilience Assessment 

Framework (HRAP) developed within WP6, are examples of such stakeholders. Monitoring 

information such as land use maps may be used by WP3. 

1.3 Interrelations 

Multiple sources were considered for the creation of the specific deliverable. These sources 

may refer to user requirements, conceptual planning, available resources and anything else, 

related to “Multi-sensor flow and degradation assessment” topic. 

At first, the output of PANOPTIS D2.1 “End user needs and practices” serves as the guiding 

principle while writing this document. D2.1 details the monitoring practices of the PANOPTIS 

end users. More importantly, it lists specific hazards, disasters and common sources of 

degradation that push the current monitoring practices to its limitations. It therefore directly 

informs the limitations and challenges which the monitoring framework in PANOPTIS should 

overcome, such that PANOPTIS can facilitate the daily work procedures of the end users. 

Secondly, D5.1 “Conceptual framework for remote sensing based RI monitoring”, provided 

a detailed concept of how four different levels of remote or in situ sensing, including a variety 

of sensors, can be used optimally for routine monitoring of transport infrastructures (TI) in 

routine and post-event damage mapping. The four different levels of remote sensing include 

satellite, unmanned aerial vehicle (UAV), vehicles and ground-based sensing. To match 

specific monitoring needs, optimal use is made of different sensors (active and passive). 

Consequently, employed techniques are in accordance with the suggested case categorization. 

1.4 Adopting a holistic monitoring framework 

The road corridor is divided into three distinct monitoring levels: A) the road surface, B) adjacent 

RI objects and C) adjacent RI areas. shows the delineation of these levels. The shape and orientation of 

objects within each level is generally distinctively different. Their shape and orientation determine 

largely what type of monitoring platform can be used to monitor objects within the level effectively.  

  
Figure 1.1: Different monitoring levels in the road corridor. Red= main RI, Blue=Elements of 

interest within the road corridor, Green=Road corridor. 

Road surfaces are flat areas, oriented horizontally and have a width that is specific for road 

surfaces. Adjacent RI objects include traffic lights/signs, guardrails, road markings, 

overpasses, bridges, and tunnels. They can be oriented either vertically or horizontally. The 

shape of RI objects is a mixture of pole objects, areas, or rectangular volumes. Areas adjacent 

to the RI are usually flat and oriented horizontally. Table 1.1 gives an overview of the general 

shape and orientation of each object within each road corridor level. Monitoring information on 

all three elements leads to a holistic monitoring framework. 
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Table 1.1. Shape and orientation of objects inside the three road corridor levels. 

Road corridor element  Object  Shape  Orientation  

A) Road surface  Pavement  Continuous rectangular area  
Length: several Km  
Width: several m (dependent on nr 
of lanes)  

Horizontal  

 Road markings  Interrupted rectangular area  
Length: several cm  
Width: several cm  

Horizontal  

B) Adjacent RI 
elements  

 

Traffic lights/signs  Pole like + Irregular area  
Height pole: several m  
Surface area: m2  

Pole: Vertical  
Area: vertical  

 Guardrails  Rectangular volume  
Length: several m - Km  
Width: several m  

Horizontal in length  
Vertical in width  

 Overpasses  Area + pillars or rectangular 
volumes  
Surface Area: m2  
Length pile or rectangular elements: 
several m  
Width pole or rectangular elements: 
several m  

Area: horizontal  
Pillar or rectangular 
volumes: vertical  

 Bridges  Area + pillars or rectangular 
volumes  
Surface Area: m2  
Length pile or rectangular elements: 
several m  
Width pole or rectangular elements: 
several m  

Area: horizontal  
Pillar or rectangular 
volumes: vertical  

 Slopes  Area  
Length: several m- km  
Width: several m – km  
Area: m2 – km2  

Slanted vertically  

 Vegetation  Volume  
Height: several m  

Vertical  

C) Adjacent RI areas  
 

Land-use/Land-
cover areas  

Area  
Length: several km  
Width: several km  
Areas: m2 – km2  

Horizontal  
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2 The scheduled inspection processes  

The main inspection process is based on the available information from multiple sources, 

including optical sensors. Regardless of the application scenario, e.g. monitoring operations, 

inspection, or other actions, the multiple data sources can provide significant amount of 

information that can help operators in their job. These sensors (of various types) are distributed 

through RI network, ranging multiple square kilometers. Detection pyramids are employed to 

handle the amount of available data and provide accurate threat /hazard identification rates. 

2.1  Employed inspection processes 

The tern “monitoring operations” refer to the supervision of the evolution of all the 

elements, services and events that can affect the road serviceability and safety. It entails 

different levels, which are briefly described below. 

1. Monitoring of the traffic conditions, by means of CCTV mainly in a continuous way. 

Nevertheless, in events as road accidents, road traffic police are held responsible for the 

situation handling. 

2. Monitoring of the health and service status of road elements, including the road 

structures (main road, bridges, tunnels, drainages, slopes), and the road furniture (road 

signs, lighted panels, safe barriers). The monitoring of the road elements is implemented 

by means of programmed inspection customised for each element (normally in the month-

scale). In addition, daily patrolling deals with the identification of big impairs or defects in 

road elements, which can be visualised by human eye, and due to its sudden nature and size 

may have an impact in road driveability.  

3. Monitoring of physical environment, being the most important the vegetative growth. 

The monitoring of vegetative growth is also implemented by means of an inspection 

procedure scheduled in a regular basis and providing quantitative limits to crop the plants 

and avoid the invasion on the road.  

4. Monitoring of road safety, focusing in the clearance of foreign objects on the road. 

This monitoring is implemented through daily patrolling.  

5. Monitoring of cleanliness status and serviceability of the parking and resting areas. 

Cleanliness is monitored by daily patrolling based on visual inspections. There are also 

some metrics and procedures stablished.  

6. Monitoring of hazards events, such as fires, meteorological events or geophysical events. 

In this case, the conservation agencies uses national centres alarms and the information of 

the meteos and/or geophysical sensors to “predict” the hazard. In the event of a hazard, the 

conservation teams uses optical monitoring techniques to weigh the impact of the hazard 

on the road, and to follow the evolution of the hazard. 

7. Use of a specific monitoring technique to respond to a specific need, sometimes 

monitoring techniques are used to respond to a specific and timely need of a road element, 

out of the inspection programme. This can be the case of monitoring a particular 

infrastructure with special needs or trial a particular element to found out the origin of a 

problem.  

The term inspection refers to an organized examination of a road element. Inspections are 

usually scheduled in a regular basis (timeframe is months-scale) and involve 

the measurements, tests, and gauges applied to certain characteristics or performance in regard 
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to the element under study. The results are compared to pre-defined requirements specified in 

contracts and standards for determining whether the object under study is in line with these 

targets, often with a Standard Inspection Procedure in place to ensure consistent checking.  

Inspections may be a visual only or involve sensing technologies, accomplished with a 

direct physical presence or remotely such as a remote visual inspection, and manually or 

automatically such as an automated optical inspection.   

In the A2 motorway (Spain) each road element is associated to several indicators in order 

to monitor their status. Each indicator is monitored through a pre-defined inspection procedure 

or standard and in a set frequency. Each indicator has limits of performance and reaction times 

to fix it, if these limits are not reached. Table 2.1 provides a summary of the main inspection 

processes associated to each road element.  

Patrolling, or routine monitoring, is a daily general surveillance of the whole road network, 

in order to identify items or activities that can compromise the traffic safety or road elements 

safety. The type of items inspected by this type of monitoring activity are not usually related 

to long-term performance of the infrastructures, but more likely to immediate usability and 

safety. It is aimed at encountering deviation from normal operation: elements working 

defectively, presence of partially or totally blocking objects on the main road (including 

animals invasion), sudden damages in the road furniture, usually due to an accident (bent traffic 

sign due to a crash, or falling photovoltaic panel due to high wind, etc).  It is not based on 

measurements and gauging, but usually on visual inspection. In the A2 network, the entire 

network is covered 24/7 and at least 3 times a day by a team member. 

Urgency monitoring, in contrast to inspection and patrol surveillance, is unscheduled, and 

usually activated by a damage alarm, and as a reaction to a hazardous event, such as landslide, 

flood, snowstorm, etc. It aims to collect information to trigger a mitigating action. Mitigating 

actions can follow procedures if the hazard is recurrent (such as snow presence in the A2 

motorway). Further details on emergency scenarios handling will be provided on a different 

deliverable. 

Modelling and other pre-requested actions. Sometimes digitalization of the road and/or any 

of the road assets is useful for upkeep operations. It is the case when an asset has to be repaired, 

or substituted, or the conservation team needs to research on the origin of a problem. For 

example, repairs to structures or improvement of road drainage would fit this category. This 

type of monitoring service is usually subcontracted and only requested under necessity (in the 

timeframe of years). 

  



Deliverable D5.3. Methodology for routine RI monitoring   Version 1.0 

Date 30/05/2020 Page 15 

 

Table 2.1. A summary of the main inspection processes associated to each road element. Items followed by (P) indicate a strong relation to the PANOPTIS 

monitoring subsystems. 

 
Inspection- based on standards and 
regularly scheduled- (timeframe of 

months) 

Routine monitoring- daily 
patrolling, usually visual (timeframe 

of day) 

Urgency -respond to a 
crisis, not scheduled 

Modelling and other pre-
requested actions –scheduled 

under request (time frame can be 
years) 

Roads 

Slip resistance 
Longitudinal evenness of roads by 

International Roughness Index (IRI) 
Transverse evenness of roads (rutting) 

Cracking and crocodile skin (P) 
Strength properties 

Settlements 
 

Potholes (P) 
Presence of debris, or detached 

earthy material or rocks from 
slopes (P) 

Big size visual damages such as 
holes, which appeared due to a 

severe traffic accident (P) 
Obstruction by foreign objects or 

animals (P) 

Traffic accident (P) 
Snow/ Ice presence (P) 

Flooding (P) 
High winds 

Hail 

Specific design, repairing or 
installation needs 

Infrastructures 
(bridges and 
tunnels) 

Detail inspection (P) 

Deck: concrete status, joints status 
Substructure: concrete status, support 
impairments, footboards, rebar status 

Concrete status: cracks higher of 5 mm, 
peeling higher than 1 cm (P) 

Safety barriers corrosion and paint spalling 
Corrosion of metallic elements (P) 

Big size visual damages (P) 
Collapse, structural failure 

(P) 
Specific design, repairing or 

installation needs 

Drainage network 

Detail inspection, clearance (blocking 

dirtiness must be lower than 10% of cross 

section) 

 

Big size visual defects or blocking Flooding (P) 
Specific design, repairing or 

installation needs 

Geo structures 
(slopes) 

Detailed inspection of stability (geometry, 

erosion, status of meshes, status of 

protection elements, status of retaining 

walls, etc.) 

Visual signs of detached earthy 
material or rock (P) 

Visual damages in meshes, 
retaining walls, drainage, etc. 

 

Landslide (P) 
Specific design, repairing or 

installation needs 
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Related material 
(vertical signs and 
beaconing) 

Retroflexion 
 

Big size visual damages (bent signs 
due to car accident, high wind, etc) 

Urgent repair or removal 
of the element if it blocks 

the roadway or affects 
road safety 

Specific design, repairing or 
installation needs 

Related material 
(road markings) 

Retroflexion 
Slip resistance 

Luminance 

Loss of paint (P)  Specific design, repairing or 
installation needs 

Safety barriers 
Detail inspection (grafitties, peeling, 

defects-free, rust-free)  
 

Big size visual damages 
Urgent repair of barriers 

caused by traffic accidents 
affecting road safety 

Model Safety barrier to assess if 
height complies with current 

regulations 

Shoulders  

Cleanliness (foreign objects) 

Presence of debris or detached 
earthy material or rocks from 

slopes 

 

 
Specific design, repairing or 

installation needs 

Resting areas  Cleanliness   

Physical 
environment 
(vegetation) 

 

Vegetative encroachment (keep under 15 
cm within 1 m away the shoulder and 

under 25 cm further than 1 m away the 
shoulder).  Typically, pruning and clearing 
activities are scheduled every 3 months. 

 

 

Vegetative invasion on the road (P) Fire 
Specific design, repairing or 

installation needs 

Foreign objects 
that can have an 
impact on traffic 

 
Any type of object on the road 

surface (P) 
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2.2 The overall approach 

The first step employs the low-level detectors. These monitoring mechanisms include 

outlier and anomaly detection techniques, which will provide warnings for unusual or 

potentially suspicious activity. In this case, we can use any UAV and outlier detection-based 

approaches. If generated results deviate from the norm, then something worth of investigation 

has occurred and we should further examine it.  

An additional multi-label CNN (mlCNN) is used to identify if specific event categories are 

observed over an image. In such event, case-specific detectors start to operate over the same 

image frames and inform the operators about the situation. The mlCNN can operate at constant 

time intervals (e.g. every 10 minutes) or upon request. The request can be triggered either by 

the values of a weather station (or any other non-optical sensor) or by operators in the control 

room. 

The second step employs deep learning case-specific detectors. If any warning alarm is 

raised by low-level detectors, we start investigating specific scenarios, e.g. floods, fire, debris, 

etc. The deep learning will allow us to detect flaws and defects on the infrastructure by 

analyzing the data received and extracting a set of suitable descriptors. Towards this direction, 

the new concepts of tensor Algebra decomposition will be exploited, in case of a limited 

amount of available data. Detection outputs can either be semantically segmented (i.e. pixel 

level annotations over the image.) or object annotated (i.e. illustrate detections using bounding 

boxes over the image). 

Finally, 3D modelling and analysis techniques over different time instances will be 

explored, to create 4D representations of important infrastructures. Applying change detection 

approaches such as Change History Maps in the context of the derived 4D models will allow 

for detection of structural deformations and other types of alterations. 

Figure 2.1 demonstrates the events flow (please check Annex I), regarding the scheduled 

inspection process. Data availability depends on the sensors output at the time of the event. 

Typically, the most recent data entries will be retrieved from the backend. The detection 

operates at constant time intervals (e.g. every 15-30 minutes). This parameter can be set by the 

end users. If necessary, end users can activate the “inspect-now” mode, which will force the 

system to run a real-time inspection. 

Once the inspection process is activated, the system starts retrieving data, depending on the 

data type /sensor used different approaches are adopted. For images from fixed-position 

sensors, we first run the general detector and then specific ones (if appropriate conditions are 

met). That way, we significantly reduce operation times and allow for scalable operation 

modes. All the employed deep learning models are designed to be as fast as possible.  

In case that drone is involved, GAN detector outcomes are also considered. In case an alert 

(i.e. abnormal detection) is provided we retrieve data from the closest sensors. By prioritizing 

the investigation order, we can inform operators as soon as possible for an ongoing situation. 

All the employed techniques were developed using Python and open source software. 

Detectors are implemented individually; failure in operation of one does not crash the entire 

process. These modules can be installed on a typical laptop PC; they are easy to deploy and 

portable. 
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Figure 2.1: General process flowchart: Scheduled inspection. See Appendix A for a more detailed 

picture. 

Detection mechanisms also consider past detections. In case of 3D point clouds, we could 

compare them to demonstrate possible changes (e.g. slopes investigation). Satellite images can 

be compared to provide further insights on large scale changes, e.g. landslides or vegetation 

intrusion. Further details on how all systems interrelate to each other, can be found in section 

5. 
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3 Data sources 

This section introduces the employed means and data sources required by the proposed 

scheduled monitoring mechanisms. Considering the employed media, a combination of 

software, e.g. machine learning algorithms, and hardware (e.g. UAVs, minivans, computers, 

CCTV, etc.) is used in a way that supports road operators, by alleviating part of the constant 

monitoring requirement on the infrastructures. Depending on the application scenario, various 

data sources are utilized. In this deliverable, all these sources originate from optical sensors, 

e.g. CCTV, laser scanners, satellites, UAV’s mounted cameras. 

Closed-circuit television (CCTV), also known as video surveillance, describes any system 

that provides video/image streams over long periods. CCTVs are a common monitoring 

approach for transportation networks. The employed sensors specification vary in 

specifications and the data amount can be difficult to handle by the operators. To successfully 

alleviating the efforts required, various deep learning approaches have been implemented and 

discussed in section 4. 

Two types of UAVs will be used: a Vertical Take-Off and Landing (VTOL) and a hybrid 

UAV. A hybrid UAV is a combination between a VTOL and a fixed wing UAV. It has therefore 

VTOL capabilities and long-distance flying stamina. In general, the VTOL has a higher 

payload capacity than the hybrid UAV. Both UAVs have nadir and oblique view capabilities. 

Oblique view is necessary since legal restrictions require UAVs to fly alongside road 

infrastructures. Oblique view, therefore, allows the UAV to monitor the road in an oblique 

angle. Hardware specifications can be found in section 3.1. 

UAVs can be equipped with two types of sensors: an optical RBG camera, producing RGB 

images or video, and a, one with LIDAR sensor, producing point clouds. LiDAR sensors are 

generally heavier than cameras. Therefore, the hybrid UAV is only equipped with an RGB 

camera and the VTOL with a camera and a LiDAR sensor. 

3.1 Hardware specification  

3.1.1 Hybrid UAV 

The hybrid UAV used within PANOPTIS is Vertical Technologies DeltaQuad. The 

Technical specifications and functional limitations are shown in Table 3.1. 

Table 3.1. Technical specifications and functional limitations of Vertical Technologies DeltaQuad. 

Technical specifications Functional limitations 

Wingspan 

Length 

Cruise speed 

Sensor  

 

Flight control 

235 cm 

90 cm 

60 km/h 

Sensefly S.O.D.A 

camera 

PX4 Professional 

Autopilot 

MTOW* 

Temp. range 

Max. payload 

Max. flight time 

Min. transition wind 

speed 

Weather 

 

6 kg 

-20 to 40 ℃ 

1 kg 

110 min 

33 km/h 

 

drizzle 
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3.1.2 Multirotor UAV with Lidar scanner 

The multirotor UAV used within PANOPTIS for Lidar scanning is DJI Matrice 600 

embedding Airbus Kameleon system. 

The technical specifications and functional limitations are shown below: 

 

Table 3.2. Technical specifications and functional limitations of Multirotor M600. 

 

 

 

Technical specifications Functional limitations 

Wingspan 

Length 

Cruise speed 

Sensor  

 

Flight control 

 

Localization 

167 cm 

152 cm 

65 km/h 

YellowScan Surveyor 

Ultra (TBC) 

DJIA3 with ADS 

Kameleon 

DJI D-RTK GNSS 

(2cm precision) 

MTOW* 

Temp. range 

Max. payload 

Max. flight time 

Min. transition 

wind speed 

Weather 

 

15 kg 

-10 to 40 ℃ 

5.5 kg 

18 min full payload 

30 km/h 

 

drizzle 

 
 

Figure 3.1 : DJI M600 carrying a YellowScan Surveyor Lidar (image courtasy of YellowScan) 
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3.2 Mission planning and data acquisition 

A dedicated Panoptis Road Survey management 3D tool is prototyped to accompany the Road 

Survey methodology. That 3DRS tool is imbedded in the Generic Ground Control System 

(GGCS) deployed on site for a survey.  

The GGCS relies on a local computer network allowing to connect and share data between the 

different systems actually composing the GGCS (UAVs with their dedicated Ground Control 

Systems, Satellite imagery analysis tools, processing means, Mobile-Mapper systems, human 

operators…). 

All these systems are heterogeneous but have to share objectives, data and transmit their results 

to the centralized Panoptis Head Quarter.  

The 3DRS tool will help to define and share local missions between the different operators 

(UAVs operators, Mobile-Mapper drivers, Satellite image annalist, …), monitor each devices 

operation in real time, display each mission result in a 3D environment, and finally upload 

synthesis reports and products to the Panoptis HQ threw the dedicated middleware. 

 

3.2.1 3D Road Survey management tool 

The 3DRS tool is mainly a 3D monitoring tool allowing to: 

- Offer a comprehensive 3D view of the survey environment and mission activities 

- Define local missions for the different operators and their means (fly plans for UAVs, 

road areas for Mobile-Mapper, observation areas for Satellite…) 

- Simulate those missions to check consistency (obstacle detection, landscape shadowing 

effects/inter-visibility, coverage …) 

- Push these mission details to each operating dedicated system. For instance, 3DSMT 

can create and simulate operational fly plans and share send them to the proprietary 

UAV Ground Control Stations. 

- Monitor the mission operation in real time, such as following the device GPS/Telemetry 

evolution in a 3D map of the area, and check for collision risks between systems. 

- Display on accurate 3D location, in real time or after postprocessing, the 

results/products gathered or generated by the different sub-systems (UAV pictures, 

ground or airborne Lidar point clouds, photogrammetric meshes, Satellite coverage…) 

- Share the chosen products and associated reports to the Panoptis Head Quarters. 

 

3.2.1.1 Multiple devices and sensors monitoring 

The tool is able to simulate or connect to real acquisition systems. Their respective location 

or telemetry can be retrieved and use to display device avatars and corresponding sensors on 

their live position in the 3D environment. Sensor measures can be retrieved and display in real 

time as well (video stream, pictures, lidar measures, …). 

In the frame of Panoptis project, 3DRS tool implements three devices and their sensors : 

 

ADS-M600-YS 

The avatar of Airbus UAV carrying a YellowScan lidar scanner. 

The lidart scanner can be triggered remotely and a subsample 

point cloud can be displayed in real time during flight. 
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ITC-DeltaQuad 

The avatar of  ITC hybrid drone carrying an RGB camera. The 

footprint of the camera is displayed in real time on ground 

surface.  

 

ACC-MobileMapper 

The Acciona MobileMapper carrying dual laser scanners 

analyzing the road surface.  

 

 

The location and status of the selected device is displayed on a dedicated panel (on the right 

of the next screenshot). All real time information can be used to monitor the device avatar and 

its sensors, as soon as their connected and respect the communication protocol. 

 

Figure 3.2: Illustration of the 3 devices deployed in Guadalajara with the virtual traces  

of their respective sensors. The panel on the right, allows to choose which device and 

 associated sensors is command/controlled in real time. Here, we can see that the ITC-

DeltaQuad is under control.  

 

3.2.1.2 Multiple survey products and associated managers 

 Currently, 3DRS tool can manage Lidar pointclouds, Photogrammetry meshes, and 

Localised images products. 
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These products can be downloaded, selected and displayed in 3D, and pushed to Panoptis 

middleware or simply deleted. Each product type can be managed thanks to a dedicated 

manager panel. 

Figure 3.3: Presentation of the LocalisedImage manager and examples of a shot over the 

Guadalajara slope (simulation). The pictures appear “floating” in the air at the position and 

direction they were shot. 

 

 

Figure 3.4: Presentation of the Pointcloud manager and an example of a pointcloud shot 

over the Guadalajara highway (simulation). The cloud is displayed in false collor 

representing the evolution of height. 

 

3.2.1.3 Mission planning definition  

3DRS tool is able to define all the details of the content of a road survey missions. 
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Figure 3.5: Presentation of the edition panels of a Road Survey mission. The one presented 

here correspond to a drone lidar scanning of a slope near Guadalajara. 

 

 

Figure 3.6: Simulation of execution of the slope scanning mission with the ADS-M600-YS 
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3.2.1.4 Interfacing with dedicated UAV systems  

On the first screenshot, the operator is using 3DRS tool to easily generate a simple flyplan 

able to capture pictures on a round-about. The chosen drone avatar is used to simulate the 

flyplan execution and the associated pictures acquisitions.  

Once validated, that flyplan can be shared with dedicated UAV ground control stations 

(GCS) for execution by drone pilots.  

 

 

 

 

     

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7: The flyplan is generated and simulated for validation on 3DRS, and then shared 

with UAVs Ground control stations, such as Airbus Kameleon GCS or Q-GroundControl 

application for example. 
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3.2.1.5 Panoptis MiddleWare communication Mgr 

All products generated during survey mission, and validated by its operators will be 

uploaded to the central Panoptis repository through a dedicated middleware. 3DSR tool will be 

able to push and retrieve different types of data, mainly uav or satellite mages, pointclouds and 

photogrammetry meshes, but also synthesis reports resulting from direct products analysis. 

 

Figure 3.8: Example of middleware request retrieving a 3dMesh previously pushed to the 

Panoptis central repository 

3.2.2 Data acquisitions, processing and reporting 

For each sensor/device, the GGCS operator defines a “mission” to detail where, when and 

how to acquire data. For example, he builds a flyplan using 3DRS tool, which will 

automatically contain all details about where to take pictures and in what directions with what 

UAVs. This flyplan is automatically validated and sent to the UAV GCS for being executed. 

Similar approach allows to gather not only UAV pictures, but also 3D point-clouds coming 

from airborne lidar scanner, Mobile-Mappers or ground Laser Scanners, but also Satellite 

imagery, or image processing results (3D localized areas with corrosion for example). 

During the mission plan execution, all pictures/measures acquired are stored in the device 

and gathered after the comeback. It is also possible for some devices to share data in real time, 

such as live Lidar scanning from UAV for example, allowing to monitor accurately the mission 

execution. All these raw data coming directly from devices will be archived on GGCS for local 

sharing between survey actors and their systems. 

For some acquisitions, some postprocessing is required, such as applying detectors or image 

analysis, or simply human analysis, all resulting in new value-added products and reports.  

Due to potentially extremely large data, and potentially low internet access capabilities from 

survey site, the local GGCS operators will be in charge to choose among those raw data, value 
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added products and synthesis reports which one are valuable for live/urgent network sharing 

with HQ. However, it will be possible to share all required data when the GGCS will come 

back to its camp base with good internet access capabilities. 

 

3.3 UAV with RGB-cameras (for defects and erosion monitoring on slopes) 

3.3.1 Vehicle types 

Microdrone Md4-1000. It is a miniaturized VTOL-aircraft based on the quadcopter 

principle. The md4-1000 can be flown by direct ration link or by a pre-programed flight plan 

with the aid of its GPS waypoint navigation system. Equipped with a unique Attitude, Altitude 

and Heading Reference System (AAHRS), A modular payload concept allows an easy 

installation of different equipment depending on the mission. 

MD4-1000 SPECIFICATIONS 

• Flight autonomy: up to 45 minutes 

• Covered area with battery: 80 ha 

• Climbing speed: 5 m/s 

• Cruising speed: 15.0 m/s (note that the Flight Navigation Controller (FNC) limits the speed to 

12m/s in normal operations). 

• Descent speed: 3 m/s 

• Recommended payload mass: 800 g 

• Maximum payload mass: 1,200 g 

• Maximum take-off weight (MTOW): 6,000 g 

• Dimensions: 1,030 mm (from rotor hub to rotor hub) 

• Battery: 6S2P LiPo, 22.2V, 13000mAh 

• Flat core motors: yes 

• CFD optimised propeller: yes 

• Closed carbon housing: yes 

• IP43 protection: yes 

• Temperature: -10 up to 50°C 

• Humidity: max 90% r.H. 

• Maximum wind velocity: 12 m/s 

• Flight range: min. 500m with remote control, with WP up to 20km 

• Service ceiling: 2000m ASL, 4500m ASL - 3-blade carbon rotors necessary 

• Take off altitude: up to 4000m NN (WGS84) 

 

3.3.2 Onboard equipment 

- Camera with the following features 

Model Sony RX1R II (42.4 MPx) 

Image format RAW+JPEG 

G.S.D. cm/pixel @ 120 m 1.6 cm 

G.C.P.  no 

Overlapping frontal/lateral 80%/40% 

Post processing of data 

Method Area triangulation /inertial GNSS solution 

Orientation High precision sensor (INS) 
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Position High precision sensor GNSS 

Accuracy 2-3 GSD (X,Y) y 3-5 GSD (Z) 

 

 

- GNSS/IMU: Applanix APX-15-L UAV 
It is a GNSS-Inertial OEM solution.  Comprised of a small single OEM board containing a 

precision GNSS receiver and inertial sensor components plus post-mission Differential GNSS-

Inertial office software, the Trimble APX- 15 UAV eliminates the need to survey extensive 

Ground Control Points (GCP’s), and reduces the amount of side lap to be flown, thus increasing 

the area flown per mission. The Applanix APX.15-L UAV allows for direct georeferencing of 
any sensor data  

 SPS  DGPS RTK4 Post-Processed5 

Position (m) 1.5 - 3.  0.5 - 2.0 0  0.02 - 0.05 0.02 - 0.05 

Velocity (m/s) 0.05  0.05 0.02 0.015 

Roll & pitch 

(deg) 

0.04  0.03 0.03 0.025 

True hading 

(deg) 

0.30  0.28 0.18 0.080 

 

3.3.3 Mission planning and data acquisition 

UAV use is not currently integrated in the Annual Inspections schedule of ACCIONA.  

ACCIONA uses UAV only for specific inspections, under request. In the case of PANOPTIS, 

ACCIONA is using UAV mission to monitor the degradation of slopes due to weathering, 

paying attention to loss of stability due to erosion. ACCIONA thinks that for the A2-highway 

slopes 1 inspection per year would be sufficient, unless there is higher exposition to damages, 

such as strong storms, hard winters with high frequency of snow. In this case, an inspection 

mission every 6 months would be more convenient. The UAV mission is planned, using 

mdCockpit application for Android. The following steps are done: 

1. Select UAV and payload mass 

2. Search for flight location  

3. Over the desired flight location, the user define the following parameters: 

- the take-off and landing position  

- the area to inspect.  

- Flying altitude (100 me in the case of Spanish slopes) 

- Overlapping between pictures (frontal and lateral) 

- Camera angle 

The software (mdcockpit) calculates the following data based on the provided parameters 

- Number of passes (in function of the camera used) 

- Estimation of GSD (cm/pixel) 

- Flight duration 

- Number of pictures 

 

4. The software generates waypoints for the drone flight 

5. The user can in addition program security routines, such as: if low signal, low battery, 

mission interruption. 
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6. Once all the parameters have been set, the mission is generated and sent to the drone using 

Bluetooth 

7. Before starting the mission, a GPS base station is used in various control points selected by 

the user. This is to correct the GPS data registered in the Applanix GNSS. It needs at least 

1 hour time to obtain reliable data. It must be working during the drone flying mission. 

Regarding the control points, some “dart boards-like” are placed on the ground to mark 

important locations such as different ground elevation, or limits of the mission area. The 

dart boards must be seen in the pictures. The coordinates of the dart-boards are registered. 

8. With the mission already loaded on the drone, the pilot can take off the drone, and chage 

to automatic mode in order to let the drone carry out the mission following the waypoints 

and shooting locations that the software has generated for that mission. 

Finally, the data is processed using POSPac UAV Software packages applying 

photogrammetric techniques: 

1. PosPac is used to correct the trajectory of the drone. The trajectory of the drone is 

acquired with the Applanix, and the PosPac can correct the data with more reliable data 

from the GPS station. This is why the GPS station must be active during the flight.  

2. Next, the software UAS Master from Trimble is used to generate the georeferenced 

mosaic and pointclouds.  

3. TBC (Trimble Business Centre) can be used to edit and make measurements and 

operations with the point clouds and mosaics: sampling, generation of surfaces, DEM, 

DTM, ground mining, etc. 

 

Figure 3.9: Example of point cloud of a slope in Spanish A2 motorway generated after processing 

with photogrammetric techniques. 

3.3.4 Detection capabilities 

The outputs of the mission can be: DEM, DTM, orthomosaic, point clouds. The processing 

technique is photogrammetry. This allows to identify: 

1. Defects on slopes: cracking, gully erosion 

2. loss of earthy material by comparing 3D meshes at different times 
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According to the technical specifications of the camera described in 3.3.2, the GSD at 120 

m is 1.6 cm/pixel. However, the GSD depends on the flying altitude: the lower the altitude the 

higher the accuracy (less cm/pixel). In the case of Spanish slopes, the flying altitude was 100 

m (in order to avoid accidents with power towers around. 

Using control points (dartboard like) the mosaic and point cloud accuracy improves, because 

the point position is known with higher precision thanks to the knowledge of the exact location 

of the control points, registered with the GPS base station. 

3.3.5 Mobile mappers 

Inspection vehicles or so-called Mobile Mappers will be equipped with various camera 

types, providing video streams. In rare events, LiDAR sensors will be also mounted on top (see 

section Error! Reference source not found.). Additional information can be found in D5.1: 

Conceptual framework for remote sensing-based RI monitoring.  

 
 

Figure 3.10. Laser Crack Measurement System (LCMS) with a dual laser system allowing to profile 

cracks in high detail [1]. 

3.4 Laser Crack Measurement System 

3.4.1 Vehicle types 

Medium survey truck as in the picture bellow (Figure 3.11). 

 

Figure 3.11: Vehicle with LCMS attached. 

3.4.2 On board equipment 

Laser Crack Measurement System (LCMS 3D) of INO-Pavemetrics, which is an innovative 

high performance laser specialized in auscultation and measurement of defects on pavements.  
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The system has been designed to automatically detect the details of the road surface taking into 

account cracking, macrotexture assessment, and other superficial aspects. The equipment 

comprises high speed cameras able to acquire high resolution 2D images and 3D profiles of 

the road at the same time. 

The LCMS uses two lasers profilers able to register profiles in a simultaneous way up to 4 

meters wide every 5 mm. They can work during the day or the night with equally satisfactory 

results. And cover different types of pavement (flexible, semirigid, etc.) with variable 

brightness. 

 

Figure 3.12 LCMS sensors disposition. 

The equipment has two visualisation systems: 

- Distance between the sensor and the ground: with this system we obtain cracking, 

rutting and potholes. 

- Laser intensity: with the intensity we locate the road marks and paint. 

 

Figure 3.13: Visualisation systems of LCMS. 

3.4.3 Mission planning and data acquisition  

The LCMS is used by ACCIONA to assess cracking and crocodile skin on the pavement of the 

whole road section, every 6 months. Therefore, it is a test contained in the Annual Inspection 

Schedule of ACCIONA. The cracking assessment test is performed following AASHTO 
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(American Association of State Highway and Transportation Officials) standard. The testing 

service is subcontracted to the company APPLUS, which owns the equipment.  

The quality indicators and thresholds considered by ACCIONA are: 

- Crocodile skin: none 

- Cracking: more than 95% of cracks > 5 mm must be sealed every 15 meters. 

Regarding the planning of the test, the subcontractor only ask for the specific location of the 

area of study. The test can be done with open traffic, and therefore the road operators do not 

need to cut the traffic. However, road operators must make sure that there is no traffic cuts or 

blocking elements in the road lanes during the duration of the test. 

Regarding the data acquisition, the vehicle can keep a velocity up to 90 km/h. The data is 

captured and stored in a simultaneous and autonomous way inside the inspection vehicle. The 

range is 4 m wide. 

Collected data is processed with INO’s automated analysis software back at the office. 

3.4.4 Detection capabilities 

The LCMS system automatically detects and analyzes cracks, lane markings, ruts, 

macrotexture, patches, and potholes. Cracks are classified as transverse, longitudinal, multiple, 

alligator and evaluated for severity, with measurements accurate to within 1 mm transversally 

and 0.5 mm for depth. 

The details on road defects identification can be found in section 4.5.2 

3.5 LIDAR mobile mapping  

LIDAR is used complementary to the other employed vision-based systems. The main goal 

is to lift the safety barriers by evaluating surrounding to the road areas, e.g. slopes. 

3.5.1 Vehicle types 

The vehicles for LIDAR 3D imaging can be sized cars to medium survey trucks as in the figure 

below.  
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Figure 3.14:  Vehicle with LIDAR sensor 

3.5.2 Onboard equipment 

The following sensors are used: 

- LIDAR to generate point clouds with the following features: 

LIDAR specifications 

4 x 75 Hz scanning frequency 

Angle 180º 

60 m reach 

4 cm relative accuracy 

 

- Complementary 360º-cameras to take video/photos with the following features: 

360º cameras specifications 

1600 x 1200 / camara x 6 cameras 

5 m / image –branch 

10 m / image –road 

 

 

Figure 3.15: Point cloud + image 

- Applanix POS LV 520 utilizing integrated inertial technology to generate stable, 

reliable and repeatable positioning, with the following features. 

-  
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Applanix POS LV 520 specifications 

Positioning INS - GNSS 

0.10 m accuracy 

0.30 m positioning of elements 

It provides measurement of elevation, bending ratio 

 

3.5.3 Mission planning and data acquisition 

LIDAR mobile mapping is not currently included in the Annual Inspection Schedule of 

ACCIONA. It is a subcontracted service to the company APPLUS, owner of the equipment.  

The LIDAR mobile mapping service is performed under request for specific missions, such as 

digitalization of the road or of any road assets, study of traffic signaling, installation of new 

elements such as safety barriers. 

For mission planning and data acquisition the following steps should be done: 

1. From the operator’s perspective, the only planning needed is to make sure that there is no 

road cuts or blocking (by vehicles or order obstacles) in the road lanes during the 

acquisition mission. 

2. For the planning of the mission, the LIDAR mapping subcontractors only asks for the 

location of the mission and area to cover. 

3. For the data acquisition, the vehicle drives on the right road lane at a velocity of 

approximately 80 km/h. The vehicle drives several times the same path, in order to ensure 

that there is no gaps in the point cloud due to obstacles such as cars or trucks. –The whole 

acquisition process takes between one and two days. 

3.5.4 Detection capabilities 

The point clouds generated by LIDAR mobile mapping are currently used for detailed 

digitalization of the road and/or its road assets. There is a possibility to add assets attributes in 

different layers if combined with GIS applications. The different layers can be: road, signaling, 

structures, buildings etc. In this sense the models could help operators to optimize management 

of operations. Also, these point clouds are used as built projects of tunnels and bridges. The 

accuracy of the point clouds, as showed in 3.5.2 is 4 cm relative accuracy. 

 

Figure 3.16: Point cloud of road bridge and main lanes generated with LIDAR mobile mapper. 

3.6 360 camera-mobile mapping 

3.6.1 Vehicle types 

Regular sized car to medium survey truck  
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3.6.2 Onboard equipment 

Optical video camera Virb 360 de Garmin1, with the following features: 

Vídeo 

Video resolution 5.7K/30FPS, unstitched; 5K/30 FPS, unstitched; 4K/30FPS, 

stitched; 3K/60FPS, unstitched 

Video modes video and time lapse 

In-camera stitching yes, up to 4K/30FPS 

360 audio yes (4 microphones) 

Spherical stabilization 

(up to 4K)¹ 

3 modes: stabilize, lock, follow 

Maximum bitrate up to 120 Mbps (5.7K RAW) 

Manual camera controls yes (white balance, exposure, etc.) 

 

Photo 

Photo resolution up to 15 megapixels (stitched-in-camera) 

Photo modes single shot, burst shooting, exposure bracketing, time lapse, 

travelapse 

Manual camera controls yes (white balance, exposure, etc.) 

Field of View 360 degrees, vertical and horizontal 

Single lens mode yes 

High Dynamic Range 

(HDR) 

yes (automatic) 

 

G-METRIX 

Augmented reality data(G-Metrix)² yes 

GPS/GLONASS 10 Hz location capture 

Accelerometer yes 

Barometer yes 

Gyroscope yes 

Compass yes 

 

CONNECTIVITY 

 

 

1 https://www8.garmin.com/automotive/pdfs/VIRB360-specs.pdf 

https://www8.garmin.com/automotive/pdfs/VIRB360-specs.pdf
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Wireless Wi-Fi®, Bluetooth®, near field communication (one-tap 

connection with Android), ANT+ 

Smartphone 

compatible³ 

yes 

Livestream (Apple® 

devices only); 

Facebook® and YouTube® available when VIRB 360 is wirelessly 

connected to a compatible iPhone® or iPad® 

Mobile app VIRB® (control, edit, stabilize, augment, share) 

VR mode playback compatible with cardboard headsets 

Desktop software VIRB® Edit (edit, stabilize, augment, share) 

 

3.6.3 Mission planning and data acquisition 

Currently it is not used by ACCIONA in a planned basis, but only when it is needed by the 

operators. The device is stick on the car front screen and activated. The output are video streams 

and photographs. 

 It can be used to detect potholes and big signs of deterioration on the road surface (such us 

raveling, rutting, etc.), as well as damages on the road furniture (bent signals, fallen rocks, etc.), 

or specific inspections missions in bridges and slopes (cracking detection on slopes and 

bridges). The defects could be in the cm scale, depending on the image quality, and the 

characterization of the defects is limited. 

3.6.4 Detection capabilities 

Identification of: 

1. Road surface: potholes, raveling, rutting, crocodile skin 

2. Cracking on slopes 

3. Cracking on concrete bridges 

4. Corrosion on metallic structures 

5. Damages in road furniture: bent signs, fallen rocks 

In the cm scale, with an image resolution of up to 15 megapixels (stitched-in-camera). 

3.7 Scanning total station  

3.7.1 Vehicle types 

Unlike the previous equipment the total stations are not mobile in the sense that they are not 

attached to any vehicle. It is an operator who moves the total station to different locations to 

take the needed scans from different perspectives. That is why it is used to inspect specific road 

assets or infrastructures which need high level of detail (in the mm scale), but not long 

distances. 

3.7.2 Onboard equipment 

- Scanning Total Station Trimble SX10 [2]. Trimble SX10 enables to capture both high-

accuracy total station measurements and true high-speed 3D scans together in a single 

instrument providing a higher level of accuracy and measurement performance. 
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The key features are provided below: 

Scanning performance 

Principle Band scanning using rotating prism in 

telescope 

Scanning range Up to 600 m 

Field of view 360ºx300º 

Spot size 14 mm at 100 m. 

Point spacing 6.25 mm, 12.5 mm, 25 mm or 50 mm @ 50 m 

Trimble Lightning scanning rate 26,600 points per second captures 

Scanning angular accuracy 5” (1.5mgon) 

3D position Accuracy @ 100m 2.5 mm @ 100 m 

Camera specifications 

Imaging principle 3 calibrated cameras in telescope powered by 

Trimble VISION technology 

Cameras total field of view 360° x 300° 

Live view frame rate (depending on 

connection) 

Up to 15 fps 

File size of one total panorama with 

overview camera 

15 MB – 35 MB 

General specifications 

Communication Wi-Fi, 2.4 Ghz Spread Spectrum, cabled 

(USB 2.0) 

IP rating IP55 

Operating temperature range –20 °C to 50 °C 

 

3.7.3 Mission planning and data acquisition 

The use of the scanning total station is not currently included in the Annual Inspection Schedule 

of ACCIONA, but it is performed under specific request. In the case of PANOPTIS, 

ACCIONA is using it to monitor the deterioration of slopes, focusing on slopes erosion (loss 

of earthy material) by superposing 3D meshes taken at different times. This is also being done 

with the UAV-RGB camera as explained in section 3.3, but scanning total station Trimble 

SX10 allows higher accuracy (mm scale versus cm scale). For this specific application, 

ACCIONA considers that once or twice acquisition per year can be enough (depending on the 

exposition to damages such as storms of the slope). 

Regarding the mission planning and data acquisitions, the following steps must be done: 

1. The user only needs to know in advance the location of the (infra)structure to be scanned. 

2. Once in the field, some control points are designated within the area of study. This control 

points usually marks the limits of the area under study or different height levels. 
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3. The control points are signaled with spikes or dart-board like elements nailed to the ground. 

This elements must be visible in order to easily localize them in the generated point clouds. 

4. The exact location of the control points selected is measured with a GPS basis station. 

5. The user scans the structure from different locations and perspectives, in order to avoid any 

gap in the generated point cloud of the structure. The scanning time depends on the point 

cloud density selected: the more density, the more time. In average, the scanning of a slope 

at high density values, would require between 0.5 to 1 day, depending on the size of the 

slope, and the accessibility to the area of study. 

6. The point clouds generated with Trimble SX10 are processed with Trimble Business Center 

Software to check, process and adjust the optical, levelling, and GNSS data in one software 

solution. The software allows interoperability to leading CAD and GIS packages. 

 

3.7.4 Detection capabilities 

The Trimble SX10 is currently used for: 

1. Generation of 3D point clouds (.las file) at different timeframes, which will be used for 3D 

meshes comparison in order to monitor road assets evolution (example changes in geometry 

of slopes due to erosion phenomena) at a mm scale (2.5 mm position accuracy @ 100 m 

distance). 

2. Volumetric Surveys (Stockpile volumes)  

3. Dimensional control. 

4. Roadway/Corridor Surveys in order to generate 3D models of any specific road asset or 

structure. It can be also done with the LIDAR-mobile mapper described in section 3.5, 

however for specific missions in which models of very high accuracy are required the total 

station with fix position is preferable to a mobile mapper. As explained before, the scanning 

accuracy is very high: 2.5 mm @ 100 m. 

 

Figure 3.17: Point cloud of slope of Spanish A2 motorway in format .las, generated by 

Scanning total station Trimble SX10.  



Deliverable D5.3. Methodology for routine RI monitoring   Version 1.0 

Date 30/05/2020 Page 39 

 

3.8 Satellites 

Satellite images can be obtained on predefined time intervals, e.g.  every 4 months. These 

images focus on specific areas. Satellite products from various vendors will be considered, e.g. 

TerraSAR-X, SPOT6/7, Pléiades). 

3.8.1 Satellite image orthorectification and georectification 

Satellite imagery are usually provided in different processing levels. The most rudimentary 

product used for PANOPTIS requires orthorectification. Orthorectification is the process of 

correcting and aligning the image for the tilt in imagery and the relief in terrain such that objects 

on the ground are correctly displayed according to their position on the ground. 

Orthorectification requires a Digital Elevation Model (DEM) and Rational Polynomial 

Coefficients (RPC’s) model. A suitable DEM can usually be found on open source platforms 

such as the EU platform Copernicus [3]. The image vendor usually provides the RPC model. 

Using Geographic Information System (GIS) software such as ArcMap, this process is usually 

uncomplicated. 

More complicated is the process of aligning several satellite images such that objects on the 

ground are located at the same coordinates in all images. This process is called georectification. 

Images might be mismatched due to a difference in incidence angle (angle of satellite sensor 

compared to nadir) or due to the quality of the satellite image. To align the images, several 

control points are picked by professionals in GIS software such as ArcMap. These points 

correspond to the same object on the ground. They can refer to roofs, road intersections or 

clearly identifiable landmarks. See for example Figure 3.18. These points are then used to 

transform the mismatched image to the reference image.  

 

Figure 3.18: Example of control points selection in ArcMap. 

The quality of the certified image depends on the experience of the professional who 

operates the process. The professional should be knowledgeable of how to avoid picking bad 

control points since errors can propagate into other satellite products, which are generated with 

these images. 
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4 Detection algorithms 

Deep learning allows computational models of multiple processing layers to learn and 

represent data with multiple levels of abstraction mimicking how the brain perceives and 

understands multimodal information, thus implicitly capturing intricate structures of large‐

scale data. Deep learning is a rich family of methods, encompassing neural networks, 

hierarchical probabilistic models, and a variety of unsupervised and supervised feature learning 

algorithms. The recent surge of interest in deep learning methods is due to the fact that they 

have been shown to outperform previous state-of-the-art techniques in several tasks, as well as 

the abundance of complex data from different sources (e.g., visual, audio, medical, social, 

sensor, etc.) [4].  

The need to bypass the construction of handcrafted features led to the selection of 

Convolutional Neural Networks (CNNs) as the core model, around which the detection 

mechanism was built, since CNNs use raw image patches as input, which facilitates the 

classifier implementation. A simplified CNN structure is shown in Figure 4.1. The idea lies in 

the hierarchical process of converting an input image to a subset of descriptive features, using 

successive convolutional layers, which are used by a classier to decide if a specific object 

appears somewhere in the investigated image. 

A CNN can be separated into several components (layers). The most common layers are: a) 

convolutional layers: a set of filters working as feature identifiers, b) pooling layers: reducing 

special size, which helps with computational requirements and fights overfitting, c) fully-

connected layer: responsible for the association of input image features to the categories ( e.g. 

defect types) we are interested in. 

 

Figure 4.1: A simple CNN architecture. 

At first, CNNs served as generic classifiers. However, since object localization is important, 

variations employing object detection and pixel level classification (i.e. semantic 

segmentation) were also developed. Object detection aids in pose estimation, vehicle detection, 

surveillance etc. The difference between object detection algorithms and classification 

algorithms is that in detection algorithms, we try to draw a bounding box around the object of 

interest to locate it within the image. Algorithms like R-CNN [5] and YOLO [6] have been 

developed to find these occurrences and find them fast. 
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4.1.1 Image classification 

The problem of Image Classification can be stated as: Given a set of images that are all 

labeled with a finite set of categories (classes), we are asked to predict these categories for a 

novel set of test images and measure the accuracy of the predictions. There are a variety of 

challenges associated with this task, including viewpoint variation, scale variation, intra-class 

variation, image deformation, image occlusion, illumination conditions, background clutter 

and many other. In this case a multi-label CNN classifier is adopted, described in section 4.4. 

4.1.2 Object detection 

Object detection is the process of detecting instances of semantic objects of a certain class 

(such as potholes, cracks, or blurs) in digital images and video (see sec 4.5.2) [7]. A common 

approach for object detection frameworks includes the creation of a large set of candidate 

windows that are in the sequel classified using CNN features. For example, the method 

described in [8] employs selective search [9] to derive object proposals, extracts CNN features 

for each proposal, and then feeds the features to an SVM classifier to decide whether the 

windows include the object or not. Approaches following the Regions with CNN paradigm 

usually have good detection accuracies, e.g. Fast RCNN [5] and Faster RCNN [10].  

4.1.3 Semantic segmentation 

Three types of deep networks are applied to obtain the semantic segments. The first is a 

Fully Convolutional Network (FCN) [11] which does not have any fully connected layers, 

reducing the loss of spatial information and allowing faster computation. The second is a U-

Net built for medical imaging segmentation [12]. The architecture is heavily based on FCN, 

though they have some key differences: U-Net (i) is symmetrical by having multiple up 

sampling layers and (ii) uses skip connections that apply a concatenation operator instead of 

adding up. Finally, the third model is the Mask R-CNN [13], which extends the Faster R-CNN 

by using a FCN. This model can define bounding boxes around the corroded areas and then 

segments the rust inside the predicted boxes. 

4.2 Degradation and defect types 

A variety of degradation and defects types is considered.  As described in D5.1: Conceptual 

framework for remote sensing based RI monitoring, two types of degradation categories can 

be identified: i) Category A: defects on the road surface and ii) Category B: road furniture and 

parts of the network, except the surface.  

Two different detection approaches were considered: a) a multi-label classification scheme 

and b) an anomaly detection. The former case, evaluates the situation over a frame, given a set 

of seven categories (see section 4.4). If any of these categories a set of actions will be activated, 

starting with a warning indication to the operating personnel at current shift. The latter case 

complements the former by incorporating a more generic detection concept; we have an 

anomaly occurrence, but we are not sure about it. 
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4.3 Anomaly detecting Generative Adversarial Networks 

Generative Adversarial Networks (GANs) is a deep learning framework developed by [14]. 

It is adept in (re-)creating images by learning the image space distribution of input data. One 

aspect in the increase in popularity of deep learning is the vast amount of training data that has 

become available due to the modernization of society. However, in domain specific 

applications, such as earth observation, quality training-data is still scarce. Therefore, GANs 

are mostly used for training data generation. A novel branch in research towards anomaly 

detection has adapted GANs to allow for anomaly detection. We consider degradation in the 

road infrastructure to be anomalies, considering that in day-to-day scenarios, road 

infrastructures are considered to be undamaged. Therefore, degradations occur sparingly over 

time and location. The strength in anomaly detecting GANs lies in the fact that: 1) no training 

data containing damage classes is required, making it an unsupervised anomaly detection 

method, 2) as indicated above, degradations are occurring sparingly. When they occur, 

depending on the location, they vary in visual appearance. Anomaly detecting GANs only learn 

from normal infrastructures and therefore are able to detect the various range of degradations.  

A GAN consists of two CNNs: a Generator and a Discriminator. The Generator is a CNN 

with an encoder-decoder framework. It learns to approach the image space distribution of the 

input data by creating images that resemble the original distribution. The Discriminator usually 

consists of an encoder framework. The Discriminator receives as input real images and images 

that were created by the Generator. It aims to distinguish whether the input is real or fake. If 

the Discriminator wins, the Generator loses and vice versa. They are locked in a two-player 

zero-sum game. The information that the Discriminator uses to win from the Generator, is 

passed to the Generator to improve its ability to create convincing fakes. Vice versa, the 

information that the Generator uses to fool the Discriminator is passed to the Discriminator to 

improve its ability to detect fakes. Both models therefore improve in conjunction.  

An anomaly detecting GAN such as GANomaly [15] or Skip-GANomaly [16], only trains 

on defect-free road infrastructure imagery. It makes use of the fact that a Generator only learned 

to approach the image space distribution of images of healthy infrastructures. When an image 

is passed to the GAN which contains defects, the Generator is not able to make a good 

reconstruction which approaches the image space distribution of normal images. This distance 

between the real and reconstructed image is used as an anomaly score. An anomaly score can 

be derived for an image or for pixels, resulting in an anomaly segmentation map. 

4.4 General detector 

Reduction of natural disaster-related fatalities through preventive information, hazard 

awareness, and disaster relief is at the core of risk prevention and crisis management policies 

[17]. RIs are no exception in this case. Innovative computer vision methods and new sensing 

capabilities for damage diagnosis of RIs (e.g. tunnels and bridges), by making use of ground 

and UAVs respectively, is something extremely important.  

A continuous monitoring approach is not an easy feat. One the one hand there are multiple 

programable sensors, capable to raise an alert if we exceed threshold values. However, such 

sensors (acceleration, temperature, humidity and ambient light) cannot provide a holistic view 

of the current situation. Thus, optical sensors should also be employed. Nowadays, CCTV 

solutions are low-cost, reliable, and (relatively easy to install). Highways or national roads are 

easily accessible, and data transmission is not a problem. Nevertheless, data handling is a major 

problem. 



Deliverable D5.3. Methodology for routine RI monitoring   Version 1.0 

Date 30/05/2020 Page 44 

 

Road accidents are caused by more than one factor such as the accident location, the road 

condition inclusive of road types and surface condition, driver’s behavior and also weather 

condition [18]. For an instance, when an accident takes place during wet weather condition, 

the impact of wet weather and the road condition together with the adequacy of road geometry 

design also need to be looked into besides the drivers’ factor itself. 

The impact of weather conditions on accident rates cannot be ignored. It is one of the most 

commonly used factors in the studies in our review of the literature, with variables including 

different meteorological aspects such as mean precipitation, hours of sunlight in a specific 

location, snowfall or temperature [19], [20]. 

4.4.1 The model 

GD model is a a multi-label CNN architecture. It allows for the detection of a pre-defined 

number of events over an image. A CNN comprises three main types of neural layers, namely 
(i) convolutional layers, (ii) pooling layers, and (iii) fully connected layers. Each type of layer 
plays a different role: 

• Convolutional layers: In the convolutional layers, a CNN utilizes various kernels to 

convolve the whole image as well as the intermediate feature maps, generating various 

feature maps. Because of the advantages of the convolution operation, several works (e.g. 

[21]) have proposed it as a substitute for fully connected layers with a view to attaining 

faster learning times.  

• Pooling layers: Pooling layers are in charge of reducing the spatial dimensions (width x 

height) of the input volume for the next convolutional layer. The pooling layer does not 

affect the depth dimension of the volume.  The operation performed by this layer is also 

called subsampling or down sampling, as the reduction of size leads to a simultaneous loss 

of information. However, such a loss is beneficial for the network because the decrease in 

size leads to less computational overhead for the upcoming layers of the network, and it 

works against over-fitting. Average pooling and max pooling are the most used strategies. 

In [22] a detailed theoretical analysis of max pooling and average pooling performances is 

given, whereas in [23] it was shown that max-pooling can lead to faster convergence, select 

superior invariant features and improve generalization. 

• Fully-connected layers: Following several convolutional and pooling layers, the high-level 

reasoning in the neural network is performed via fully-connected layers. Neurons in a fully 

connected layer have full connections to all activations in the previous layer, as their name 

implies. Their activations can hence be computed with a matrix multiplication followed by 

a bias offset. Fully-connected layers eventually convert the 2D feature maps into a 1D 

feature vector.  The derived vector could be either fed forward into a certain number of 

categories for classification [24] or could be considered as a feature vector for further 

processing [8]. 

The architecture of CNNs employs three concrete ideas: (a) local receptive fields, (b) tied 

weights and (c) spatial subsampling. Based on local receptive field, each unit in a convolutional 

layer receives inputs from a set of neighboring units belonging to the previous layer. This way 

neurons are capable of extracting elementary visual features such as edges or corners. These 

features are then combined by the subsequent convolutional layers in order to detect higher 

order features. Furthermore, the idea that elementary feature detectors, which are useful on a 

part of an image, are likely to be useful across the entire image, is implemented by the concept 

of tied weights. The concept of tied weights constraints a set of units to have identical weights. 

Concretely, the units of a convolutional layer are organized in planes. All units of a plane share 

the same set of weights. Thus, each plane is responsible for constructing a specific feature. The 
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outputs of planes are called feature maps. Each convolutional layer consists of several planes, 

so that multiple feature maps can be constructed at each location. 

4.4.2 Categories to identify 

Existing roadway design standards emphasize the efficient movement of vehicles through a 

transportation network [25]. Efficiency in this context may include identification of the shortest 

or fastest route [26], or the route that minimizes congestion [27]. It is the primary criterion on 

which road networks are modeled and design alternatives are considered [28]. Efficiency can 

be estimated as the average annual delay per peak period, while resilience is defined as the 

change in efficiency resulting from roadway disruptions [29]. 

Towards that direction, a set of categories directly related to the roadway disruptions have 

been identified. In our case eight possible scenarios are considered namely: Animals, Debris, 

Defects, Fire, Fog, Flood, Human, and Snow. The effects for each of these categories are 

described below.  

4.4.2.1 Debris detection 

Debris flows are a dominant form of slope movement, which damage roadways, dam 

streams, and, occasionally, injure people. Such events appear frequently in mountainous 

terrains, and can be triggered by various factors, including rainfall and earthquakes. The 

probability of debris flow occurrence increases with human-induced factors such as cutting of 

natural slopes for roadways, hiking trails, cabins, parking lots, housing and other infrastructure 

development [30]. There are various systems that can be used to alleviate/prevent landslides’ 

effects [31]. However, these systems required a variety of data, generated through various 

monitoring processes. Also, debris may refer to various incident cases, including car parts and 

dispersed cargo loads, resulting in a more complex situation to handle.   

4.4.2.2 Defects of various types 

Deterioration and defects on pavement lead to skidding, driving off tracks, improper 

maneuvering to avoid the road defects and also prolonged driver braking distance which need 

serious attention by traffic authorities. Besides that, poor surface macrotexture and 

microtexture could lead to hydroplaning and inconsistency tire pavement contact and also 

reduction in tire gripping the pavement which eventually causes accidents [32]. 

1. Roughness. Pavement roughness is the irregularities on pavement surface that affect the 

ride quality of vehicles, the vehicles vibrations, operating speed, the wear and tear of tire 

and also the operating cost of the vehicle. The measurement for the roughness in 

determination of the acceptable road condition is known as International Roughness Index 

2. Rutting. Pavement rutting is a longitudinal permanent deformation along its surface. It is a 

deformation which was created by repetitive vehicle loading along the wheel path. 

Accumulation of water on the rut surfaces reduces the skid resistance and increase the 

hydroplaning. The rutting which is not maintained can lead to cracking and disintegration 

from the pavement structure. 

3. Potholes 

4. Damaged lanes 

4.4.2.3 Fire 

Climate changes has contributed to increased drought and heat waves, fueling these fire 

events all over the world. Until the 26th of August 2017 the European Forest Fire Information 

System (EFFIS) counted 547,812 hectares affected by fires within the European Union - 60% 
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more than the average between 2008 and 2016. Remote fire detection by means of electronic 

devices and from high altitudes has become the main way to detect and monitor fires [33].  

Fire hazard can be disastrous to human property and lives. However, detection at early stage 

is beneficial in multiple ways: damage can be significantly reduced, and less effort is required 

to control it. Currently there are many approaches capable to detect (and even distinguish 

among severity levels) using RGB images or video streams [34].  

4.4.2.4 Fog 

Several studies underline that the driver’s decision-making process is a crucial factor in 

driving behavior [35], [36]. Since the majority of information derives from the driver’s visual 

perception, fog hides serious dangers that are associated with safety hazards for vehicles and 

temporary traffic disruptions. This is mainly due to the fact that fog tends to deform objects’ 

colors and decrease their contrast [37]. Furthermore, when foggy weather conditions are 

observed, even drivers being more cautious are not able to evaluate road surface conditions and 

the driving dangers are increased, especially in complex S-curved road segments [38]. 

4.4.2.5 Flooded areas 

Flash flooding is considered one of the most dangerous natural hazards, in terms of human 

losses. The rapidness and suddenness of this hydrometeorological phenomenon makes it hardly 

predictable and decreases the efficiency of rescue operations and the available time for people 

to protect themselves and to adapt their daily activities and mobility behaviours. Therefore, 

several vehicle-related accidents occur during flash floods. Death circumstances investigations 

showed that in post-industrial countries over half of flood victims are motorists trapped by road 

flooding [39]. Hence, daily mobility is pointed out as one of the primary causes of population 

exposure and vulnerability to flash floods [40].  Depending on the level (severity) of the event 

appropriate actions have to be implemented. Further details can be found in D5.4 Novel 

methodologies for damage detection and assessment along the road corridor and a surrounding 

disaster affected area, using multi-source remote sensing data. 

4.4.3 Assessing the detection capabilities 

 Any detection-based system can be evaluated using Type I and Type II error. The former 

case is also known as false positive and false negative detection rates, respectively. Typically, 

there are tradeoffs between these two. If there are too many false positives, users tend to ignore 

some of the detections, especially when false alerts are raised form hundreds of sensors. On 

the other hand, if you fail to detect a significant amount of the events there will be adverse 

effects, with many implications. Towards that direction various performance metrics are used, 

to fine tune such systems. 
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Figure 4.2 Evaluating the suitability of such detectors in terms of accuracy, precision, recall 

and F1-scores. 

Figure 4.2 demonstrates networks capabilities by providing detection rates for each of the 

eight categories of interest. Performance scores are high, indicating good detection 

capabilities.  

(a) None (b) Flood 

(c) Fire  (d) Debris 

   

(g) Snow (h) Defects 
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(i) Fog  

 

Figure 4.3: Demonstrating models detection capabilities. The GD can operate on RGB 

images obtained by various means, including UAVs, CCTV and mobiles. 

4.5 Event base detectors 

GD outputs are the first stage for the inspection process. There are specific categories for 

which advanced ML approaches are considered. Typically, these approaches are either object-

based detection or pixel level segmentation. 

4.5.1 Corrosion detection 

Metal constructions are widely used in transportation infrastructures, including bridges, 

highways and tunnels. Rust and corrosion may result in severe problems in safety. Hence, metal 

defect detection is a major challenge in civil engineering to achieve quick, effective but also 

safe inspection, assessment and maintenance of the infrastructure [41] and deal with materials’ 

deterioration phenomena that derive from several factors, such as climate change, weather 

events and ageing. 

A common case for detecting defects is the region based  approaches, where bounding boxes 

are placed around defected areas to assist engineers to rapidly focus on damages [42], as in 

section 4.5.2. Such approaches, however, are not adequate for a structural analysis since several 

metrics (e.g. area, aspect ratio, maximum distance) are required to assess the defect status. 

Thus, we need a more precise pixel-level classification [43]. Additionally, real-time 

classification response is necessary to achieve fast inspection of the critical infrastructure, 

especially on large-scale structures. Finally, a small number of training samples is available, 

since specific traffic arrangements, specialized equipment and extra manpower are required, 

increasing the cost dramatically. 

Corrosion cases are defined according to the ISO 8501-1 standard: (i) Type A: Steel surface 

largely covered with adhering mill scale but little, if any, rust. (ii) Type B: Steel surface which 

has begun to rust and from which the mill scale has begun to flake. (iii) Type C: Steel surface 

on which the mill scale has rusted away or from which it can be scraped, but with slight pitting 

visible under normal vision. (iv) Type D: Steel surface on which the mill scale has rusted away 

and on which general pitting is visible under normal vision. 
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Type A Type B Type C Type D 

Figure 4.4: Representative image examples of rust grades. 

4.5.1.1 Proposed approach 

Figure 4.5 depicts the overall flowchart for the proposed corrosion detection approach. The 

RGB images are fed as inputs to the FCN, U-Net and Mask R-CNN deep models to carry out 

the semantic segmentation. Despite the effectiveness of these networks, inaccuracies still 

appear on the contours of the detected objects. Although these errors are small, when one 

measures them as a percentage of the total corroded region, they are very important for 

structural analysis and pre-fabrication.  

To increase pixel-level accuracy of the derived masks, we combine color segmentation with 

the regions of the deep models. Color segmentation precisely localizes the contours of an 

object, but over-segments it into multiple color areas. Instead, the masks of the deep networks 

correctly localize the defects but fail to accurately segment the boundaries. Therefore, we 

shrink the masks of the deep models to find out the most confident regions, i.e., pixels 

indicating a defect with high probability. This is done through an erosion morphological 

operator applied on the initial detections. We also morphologically dilate the deep model 

regions to localize vague areas which we need to decide in what region they belong to. On that 

extended mask, we apply the watershed segmentation to generate color segments. Finally, we 

project the results of the color segmentation onto the high confident regions to merge together 

different color clusters of the same corrosion. 

 

Figure 4.5: An overview of the proposed methodology flowchart for the corrosion detection over images 

4.5.1.2 Validating the performance 
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Input  Ground truth  FCN  U-Net  Mask R-CNN 

Figure 4.6: Visual comparison of the deep models’ outputs, without post-processing heuristic based 

refinement.  

 

    

    

    

Input  Focus area  Deep output  Final output 

 Figure 4.7:  Illustrating the segmentation results before and after the post-processing corrective 

mechanisms are applied.  

Figures 5.5 and 5.6 demonstrate the pixel level detection capabilities for the proposed 

methodology. Adopted approach utilizes relatively simple CNN (topologies) and is capable of 

operating extremely fast and be deployed on typical desktop computers. 

4.5.2 Road surface damages detection 

The previously described anomaly detecting GAN, Skip-GANomaly, has been trained to 

detect road surface defects from the German Asphalt Pavement Distress (GAP) dataset [44]. 

The GAP dataset was collected using a MM equipped with two high-resolution stereo-camera, 

directed to the pavement surface. Each image spans a surface of 2.84 x 1.0 m and has a 

resolution of 1920 x 1080 pixels. Experts have annotated the images for road surface damages. 

These include cracks or potholes. To aid deep learning processing, the images have been 

patched, such that memory errors during training can be avoided. Each patch is 64x64 pixels. 

See for example Figure 4.8.  
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Figure 4.8: Example of undamaged and damaged GAP patch. 

As indicated previously to be one of its strengths, Skip-GANomaly has only been trained 

on healthy road surface patches. For this purpose, all damaged patches were labelled damaged 

and all undamaged patches were labelled damaged. The hyper-parameters in the model were 

tuned to optimize the performance of the model on the GAP dataset. These parameters include, 

several loss weights, a latent vector size and the number of layers in the Generators encoder 

and decoder framework. Performance metrics were calculated to see how well anomaly 

detecting GANs can detect pavement damages.  

The results showed that unfortunately, neither GANomaly nor Skip-GANomaly were able 

to detect damages at a desirable performance (Table 4.1). The precision and accuracy values 

never exceed the 0.65 mark, meaning that they are performing at or slightly better than at 

chance (0.5). Especially for GANomaly but also for Skip-GANomlay, the recall values are low, 

meaning that there are lots of False Positives (FPs) being retrieved. These values indicate that 

in practice, road operators still need to filter through the selected samples, to de-select the FPs.  

Table 4.1. Performance metrics evaluating the ability of anomaly detecting GANs to detect pavement 

damages. 

 Recall Precision Accuracy F1-score AUC 

GANomaly 0.180 0.514 0.537 0.266 0.57 

Skip-

GANomaly 

0.478 0.642 0.631 0.547 0.68 

A possible explanation for these results lies in the nature of the high resolution pavement 

imagery. The greyscale image depicts a variety in brightness values. In Figure 4.8, it can be 

noticed that the damage feature only covers a small portion of the patched image. The damaged 

section is depicted a darker line, with no sharp boundaries. The remainder of the patched image, 

is depicted as a variety of brightness values, varying in location throughout the image. This 

variation in values in varying locations can be considered as noise. They obscure the already 

weak damage feature, which makes it difficult for the Generator to distinguish damaged from 

undamaged. The distance between the real and generated image is therefore small, and decisive 

anomaly score fails to be obtained. 
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Future work aims to work with a GAN framework which contains noise suppressing 

Convolutional Layers. Other future work will attempt to work with bigger patches such that 

the context of the damage, versus its surroundings is better captured.  

4.5.3 Specific defects detection on road surfaces 

Nowadays, road damage detection is feasible by using on-board cameras. The main 

advantages are the scanning range and the equipment cost.  At first, these cameras can scan the 

street from edge to edge and from a close distance with high precision, in contrast to other 

methods, such as UAVs and CCTV cameras. Secondly, they are low-cost alternatives, easily 

replaceable, and able to record videos in high frame rates and resolutions, thus maximizing the 

probability of locating road defects if any. That is why on-bard cameras were considered in 

this deliverable and used for the fast detection of a predefined number of defects. 

Table 4.2: Road damage types in the training dataset and their definitions [45]. 

Damage Type Detail 
Class 

Name 

Crack 

Linear 

Crack 

Longitudinal 
Wheel mark part D00 

Construction joint part D01 

Lateral 
Equal interval D10 

Construction joint part D11 

Alligator Crack 
Partial pavement, overall 

pavement 
D20 

Other Corruption 

Rutting, bump, pothole, 

separation 
D40 

Crosswalk blur D43 

White line blur D44 

 

Table 4.2 summarizes the eight different road defect categories and their characteristics. In 

particular, damages are firstly divided into cracks and corruptions. Then cracks are classified 

into linear and alligator (crocodile) cracks. Finally, linear cracks are separated into longitudinal 

and lateral, depending on their orientation. Although several works do not treat line blurring as 

a defect, in the present framework the risks arising from them are recognized and therefore, are 

treated as separate classes (D43 and D44). It is also noted that rutting, bumps, potholes and 

separations are in reality different categories of defects. However, their visual differences are 

extremely difficult to determine and thus, are integrated into one class (D40). 

As mentioned above, several works related to the detection of road damages have been 

presented in the literature. In particular, the method of [46] detects potholes, which are a subset 

of the D40 class (see Table 4.2). The method of [47] categorizes defects exclusively as 

longitudinal or lateral, whereas the work of [48] extends the classification as longitudinal, 

lateral or alligator. Moreover, the works of [49] and [50] solely focus on the absence or 

existence of a road defect, by using deep learning models. Other approaches exploit the CNN 

structure to detect cracks in concrete and steel infrastructures [51], [52] and railroad defects on 

metal surfaces [53]. Finally, it is underlined that despite the fact that the aforementioned studies 

show high accuracy, for a universal road defect detection it is essential to include a wider 

variety of damages, such as those presented in Table 4.2. 
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4.5.3.1 Setting up the defect detectors 

The training dataset was collected and annotated under the framework of [54]. More 

specifically, the dataset is composed of 9,053 RGB images in which 15,435 bounded boxes of 

various road damages were created according to Table 4.2. The frequency of each of the eight 

classes is depicted in Figure 4.9. Obviously, some of the classes, such as the D40, can make 

traffic flow run less smoothly and more importantly hides more serious dangers than others. 

Consequently, road operators focus maintenance efforts on these cases, which is the main 

reason for having fewer instances for the specific damages. 

 

Figure 4.9: Instances of each class label in the training dataset. 

The training dataset, which contains 9,053 images with a resolution of 600×600, originated 

from a smartphone installed on a car’s dashboard. Τhe camera was set to photograph the road 

every second. Thus, the existence of duplicate images, as well as, the loss of critical information 

in parts of the road, and hence potential defects, was avoided, given that the average speed of 

the car over the whole experiment is around 40 km/h. Furthermore, in order to simulate real-

world scenarios, the gathered images vary in terms of illumination conditions (e.g. 

overexposure, underexposure), weather conditions (e.g. sunny, rainy, cloudy) and built 

landscapes (e.g. highways, cities, rural areas, small towns). 

In the present application, among the state-of-the-art object detection techniques, the SSD 

framework using MobileNet is utilized [55] since it showed high accuracy, without CPU and 

memory overloading. Thus, the current application can be executed in low computational 

resource devices (i.e. smartphones). In terms of parameters, the weights were initialized with a 

truncated normal distribution with a standard deviation of 0.03, whereas the initial learning rate 

was 0.003, with a learning rate decay of 0.95 every 10,000 iterations [54]. The input images 

were resized from 600×600 to 300×300 pixels. The dataset was randomly divided into two 

parts: 80% was used for training purposes (7,240 images), while the remaining 20% was used 

for validation (1,813 images). Additionally, in the training process, the input images were 

randomly rotated horizontally with a probability of 0.5, for data augmentation purposes. 

4.5.3.2 Evaluation Process 

In order to effectively detect road damages, it is essential to obtain 3D depth images. 

Obviously, in large road networks, this can be achieved only by using a dedicated vehicle with 

an installed camera. For the testing purposes, it is essential for the camera to shoot in high 
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frame rates, since a certain frame may not be able to predict or localize an existing defect. This 

may be due to various reasons such as sensor focus problems or the sudden change in brightness 

(i.e. when entering or coming out of a tunnel). Additionally, the camera must shoot in high 

resolution with a wide-angle lens mounted, to increase the probabilities of detecting a defect, 

especially on the edges of the street. However, at the same time, the video resolution must not 

be extremely high, in order to reduce computational costs (i.e. to improve the efficiency of real-

time defect detection models). Consequently, in our case, the camera was set to shoot at 24 

frames per second with a resolution of 1280×720 pixels and a wide-angle lens mounted, to 

cover the entire road from edge to edge at short time intervals. 

In a given image the above-mentioned trained deep learning model is able to provide 

bounding boxes that determine the x and y coordinates of an existing defect and its 

corresponding probability, which denotes the confidence level of the prediction. Therefore, all 

the frames of the test video streams are extracted as RGB images, in order to serve as inputs to 

the SSD MobileNet model. In the present application, each prediction with a probability of 

over 30% is considered damage (see Figure 4.14). 

4.5.3.3 Focusing on the road surface 

The main obstacle that arose during the evaluation process was the inability of the deep 

model to distinguish the visual differences of the road surface, in comparison with the general 

background of the image. Hence, in several cases, we observed numerous false positive 

detections, which were not located in the street, but in the broader context of the image. For 

instance, a cloud in the sky can be confused with a blurred line and a shadow on the hood of 

the car with a linear crack. More specifically Figures 4-4 illustrate frames that are extracted 

from the test videos, in which the classifier predicted as defects various background objects (in 

corresponding order: a street light, a tree, the car’s dashboard, a road sign, and a truck). 

It is therefore mandatory to adopt an appropriate technique, through which the deep model 

will be able to focus on the foreground scene, which in our case is the road surface. . Since the 

camera has a fixed position on the car’s dashboard, a smaller frame can be extracted from all 

images that focus on the street without including any other misleading context, such as i.e. the 

hood of the car and the sky (it is however noted that a small portion of the sky is included in 

the focus area, in order to cover various scenarios such as the uphill roads). As can be seen in 

figures 3.8 to 3.12, such an occlusion problem can be solved, when the classification process 

was made exclusively on the focus areas, without taking into account the general background 

scene of the image. 

 

 

(a) Original input 

 

(b) Incorrect output 

 

(c) Focus area 
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(d) Final output 

Figure 4.10: An initially wrong prediction, is corrected after the background subtraction procedure 

which is depicted in (c).In (b) we can see that the initial output classifies a street light as a linear crack, 

whereas (d) shows the expected output (white line blur). 

 

 

(a) Original input 

 

(b) Incorrect output 

 

(c) Focus area 

 

(d) Final output 

Figure 4.11: An initially wrong prediction, is corrected after the background subtraction procedure 

which is depicted in (c).In (b) we can see that the initial output classifies a tree as a white line blur, 

whereas (d) shows the expected output (white line blur). 

 

 

(a) Original input 

 

(b) Incorrect output 

 

(c) Focus area 
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(d) Final output 

Figure 4.12: An initially wrong prediction, is corrected after the background subtraction procedure 

which is depicted in (c).In (b) we can see that the initial output classifies the car’s dashboard as a linear 

crack, whereas (d) shows the expected output (linear crack and white line blur). 

 

 

(a) Original input 

 

(b) Incorrect output 

 

(c) Focus area 

 

(d) Final output 

Figure 4.13: An initially wrong prediction, is corrected after the background subtraction procedure 

which is depicted in (c).In (b) we can see that the initial output classifies the car’s dashboard as a linear 

crack and a road sign combined with the overall background as white line blur, whereas (d) shows the 

expected output (alligator crack and white line blur). 

 

 

(a) Original input 

 

(b) Incorrect output 

 

(c) Focus area 



Deliverable D5.3. Methodology for routine RI monitoring   Version 1.0 

Date 30/05/2020 Page 57 

 

 

(d) Final output 

Figure 4.14: An initially wrong prediction, is corrected after the background subtraction procedure 

which is depicted in (c).In (b) we can see that the initial output classifies a truck as white line blur, 

whereas (d) shows the expected output (linear crack and white line blur). 

4.5.4 Results 

Figure 4.15 depicts indicative examples of outputs from the SSD MobileNet model. In all 

these examples, a damage class has been detected. Figures 3.8 to 3.11 show crack related 

predictions, whereas Figures 3.12 to 3.14 illustrate cases where there is a white line blur. The 

present approach enhances previous methods of [54] and since the precision of the deep 

learning model applied is high, this work represents a viable solution to localize effectively 

road damages, in order to accelerate the maintenance process and reduce its cost and hence 

increase road safety. 

(a) Original video frame. 

 

(b) Classification's output. 

 

Figure 4.15: Class D00 detected using the SSD MobileNet model. 
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(a) Original video frame. 

 

(b) Classification's output. 

 

Figure 4.16: Class D01 detected using the SSD MobileNet model. 

 

(a) Original video frame. 

 

(b) Classification's output. 

 

Figure 4.17: Class D20 detected using the SSD MobileNet model. 
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(a) Original video frame. 

 

(b) Classification's output. 

 

Figure 4.18: Class D43 detected using the SSD MobileNet model. 

 

(a) Original video frame. 

 

(b) Classification's output. 

 

Figure 4.19: Class D44 detected using the SSD MobileNet model. 
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4.6 Satellites’ based detections 

4.6.1 Land Use and Land Cover classification 

Satellite imagery can be used to create Land Use and Land Cover (LULC) classification 

maps. They inform on what activities take place on the ground. In road infrastructure 

management, satellite imagery can inform on what activities are taking place on areas adjacent 

to the main road infrastructure. Examples of activities include industrial, leisure, commercial 

of residential activities. The type of activity are informative to the end-user in different aspects. 

For example, land usage might dictate the amount and intensity of road infrastructure usage. 

LULC maps can provide a holistic and informative overview of the area to the road operators 

and end-users. 

A semi-supervised classification tool is used to create the LULC maps for the PANOPTIS 

pilot site. The tool is part of the Image Classification extension in ArcMap. ArcMap is a 

commercial geographic information system (GIS) from ESRI [56]. The presented workflow is 

standard for other open source GIS systems. The classification workflow is user driven and 

executed in two simple steps, explained below: 

Step 1: The professional collects spectral signatures from the satellite image by drawing 

polygons in the satellite image (Figure 4.20).  

Step 2: The satellite image is classified using a maximum likelihood classifier by the click 

of a button. 

Step 3 (optional): The LULC map can be validated using ground truth data if available. 

Ground truth data could consist of point samples or reference LULC maps. The validation 

metrics could include (overall) Accuracy, Error of Omission, Error or Commission or the User 

Accuracy.  

The quality of the LULC maps is determined by the professionals experience and the quality 

of the satellite imagery. Professionals should have knowledge on how different thematic classes 

look like on satellite imagery in the region of interest. Ideally, to improve the quality of the 

LULC maps, they should be able to perform field measurements, by collecting field data using 

a handheld GPS system.  
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Figure 4.20: Spectral signature selection in ArcMap.  

An example of the resulting LULC map is shown in Figure 4.21.  

 

Figure 4.21: Land Use and Land Cover map, May 2014. 

4.6.2 Land Use and Land Cover Change 

When multi-temporal satellite imagery of the same location is available, they can be used 

to perform Land Use and Land Cover Change analysis. Changes in land cover or land usage, 

can inform the road operator on changes in the areas adjacent to the main road infrastructure, 

which might influence the performance of the road infrastructure. For example, urban 

expansion might lead to an increase in road usage and intensity. There are two main methods 

for change analysis: pre- or post-classification change analysis. In pre-classification change 

analysis, the satellite imagery from different points in time are differentiated using raster 
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processing tools. The resulting differentiated map is subsequently classified using a LULC 

classification method as described in section 4.6.1. In post-classification change analysis, 

satellites from different points in time are first classified using a classification workflow, such 

as the one described in section 4.6.1. The resulting classified maps are then subsequently 

compared, either in full or by thematic class.  

An example of post-classification change analysis is shown for the Spanish pilot site. Apart 

from the classified image from May 2014 (Figure 4.21), two additional satellite images are 

classified using the same method as described in section 4.6.1. The images are from May 2018 

and August 2018. The resulting LULC maps are shown in Figure 4.22 and Figure 4.23.  

 

Figure 4.22: Land Use and Land Cover map, May 2018. 

As an example, we investigate the change in trees alongside the road corridor. Trees have 

influence on soil erosion and therefore slope erosion. Erosion of soil alongside the road might 

lead to slope instability, which in turn might diminish the safety of road users caused by debris 

or rock-falls. The difference in the class vegetation alongside the road is calculated by using 

conditional operators on both LULC maps. The resulting LULC change map is shown in Figure 

4.24. Vegetation (tree) loss can be seen on slopes alongside the road corridor. This information 

can be used to update risk or vulnerability assessments. Depending on the change in risks or 

vulnerability, road operators might want to undertake mitigating measurements. Similar change 

analysis can be performed for different thematic classes that are of interest to the end-user.  
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Figure 4.23: Land Use and Land Cover map, August 2018. 

Post-classification change analysis is a simple workflow. The raw satellite imagery is not 

required such as for pre-classification change analysis. Instead, LULC maps can be compared 

directly once the most recent LULC is created to understand the most recent changes. A 

disadvantage of post-classification change analysis is that mistakes and errors in the LULC 

creation workflow are propagated and exaggerated. This emphasizes the need of professionals’ 

experience when creating these LULC maps. Moreover, change analysis is sensitive to the 

alignment of the multi-temporal satellite imagery. As explained in section 3.8.1, the objects in 

multi-temporal imagery might look different due to the incident angle of the satellite sensor, 

solar incident angle or time of flight. Objects on the ground might not be located on the same 

pixel in each multi-temporal image or they might be residing in two pixels in one image, instead 

of on a single pixel in the other image. These sources of error have to be considered once 

evaluating the resulting change maps.  

 

Figure 4.24. Tree loss between May and August 2018.  
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5 Systems interoperability 

In this section we summarize how the proposed individual mechanisms can be coupled 

together to maximize their performance, depending on the application scenario. In particular, 

we emphasize on three cases: a) Fixed optical sensors, b) mobile mappers/UAVs, and c) 

satellites’ data. 

5.1 Mobile mappers/UAVs monitoring  

 

Figure 5.1: Mobile mappers/UAVs’ data utilization process. 
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Figure 5.1 presents the monitoring process when mobile mappers or UAVs are employed. 

In case of single images, anomaly detection is performed at first. In case of a positive detection, 

geolocation is exploited. If CCTV sensors exist close to the area, then we retrieve related 

images and run the general detection model, which may trigger the activation of case specific 

detectors, providing analytical information the operators (GGCS). If the image location is not 

covered by fixed sensors, the general detector may run on the image itself, following the same 

procedure as if it were fixed sensory data. 

If the available data are video files, then the frames are investigated one by one, annotated 

one by one, and a log list plus annotated video sequences are provided to GGCS. In case of 

LiDAR sensors (i.e. .las files) point cloud comparisons may occur, if we have similar files from 

previous dates. 

5.2 Fixed optical sensors monitoring 

 

Figure 5.2. Fixed optical sensors' data utilization process. 

Figure 5.2 demonstrates the monitoring operation when fixed optical sensors, i.e. CCTV, 

data is used. The process starts using a general detector (see section 4.4). If one (or more) of 

the predefined categories are detected, then scenario specific detectors are activated. Generated 

outcomes, including log files and annotated images are stored to the backend, and a warning 

message is displayed to the GGCS.  
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6 Conclusions  

Deliverable 5.3, titled: “Methodology for routine RI monitoring” provides further insights 

regarding the employed means for continuous monitoring of the infrastructure, supporting the 

work of road operators.   The sections in this document a compilation of the work done in task 

5.3, titled: “Multi-sensor flow and degradation assessment”. The work in this task focused on 

the data integration and image analysis for degradation and flaw mapping for routine 

monitoring, while the subsequent task focuses on post-event damage assessment. 

Developed methodologies primarily rest on data coming from fixed sensors, and sensors 

placed on maintenance vehicles. The latter will primarily be used to scan the road surface to 

identify deviations from normal situations, and that may require closer manual inspection. 

Emphasis will be placed on the special value that drones add, i.e. on how they can provide 

additional insight in the state of the road corridor where other sensor locations have limitations. 

Satellite data will be used to provide relevant background information, also to facilitate change 

assessment. 

Different deep learning approaches have been implemented to successfully address the 

sensors’ data variation.  Employed schemes involve anomaly detection, image classification 

(serving as a general detector), object detection, for locating the defects over the images, and 

semantic segmentation (i.e. pixel level classification), for providing a detailed assessment of 

the investigated defect. 
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