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This pilot study on evaluation of airborne LiDAR bathymetry (ALB) in rivers 
and lakes was conducted as a national cross-sectoral collaboration study 
between The Norwegian water resources and energy directorate, The 
Norwegian mapping authority, Norwegian Environment Agency, The 
Norwegian Public Roads Administration, and Hafslund Eco Vannkraft. The 
main objectives of the project were to i) evaluate the accuracy and 
robustness of ALB technology on selected Norwegian rivers and lakes; ii) 
demonstrate selected application areas with respect to future river 
management across sectors, and iii) recommend future procurement and 
public availability of ALB data. 
A total of six master thesis, two internships, three sub reports and six 
scientific reports have been published, beside the main report.
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Preface 
The given project is a multidisciplinary approach across the Norwegian management 
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NORCE, respectively. 
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Life Sciences (BOKU). 

This project has been funded by the Norwegian National Detailed Elevation Model 
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NDH project has established a new detailed elevation model based on topographic lidar 
and dense image matching, covering the whole country. The Ministry of Local 
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been part of the project scope. Thus, the given pilot project is an integrated part of the 
NDH project. 
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project period 2021-2022. 

Oslo, January 2023. 

Morten Stickler
project manager

Håkon Dåsnes
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Summary 
The main objective with the project ‘Validation and application of Airborne Laser 
Bathymetry (ALB) technology for improved management and monitoring of Norwegian 
rivers and lakes- A pilot study 2021-2022’ is to evaluate and apply commercially 
available Airborne LiDAR Bathymetry (ALB), or also conventionally termed ‘green laser’, 
technologies on selected Norwegian rivers and lakes. Specifically, evaluate the 
technological accuracy and robustness of ALB, and to explore its potential applications 
with a key focus on applied management of Norwegian freshwater resources. Three 
main objectives were defined; 1) Evaluate the accuracy and robustness of ALB 
technology on selected Norwegian rivers and lakes; 2) Demonstrate selected 
application areas with respect to future river management across sectors, and 3) Future 
procurement and public availability of ALB data. Due to delay, activities on analysis and 
work on lakes was postponed and will be reported in a separate stand-alone report as 
a bilateral collaboration between Norwegian Environment Agency, Hafslund Eco 
Vannkraft and NTNU.  

This study is based on a limited number of case studies, and thus not representing all 
freshwater systems in Norway. Further systematic evaluations should therefore be 
conducted. E.g., there is a tradeoff between signal strength and ALB data point density 
that needs to be studied further in relation to water penetrating capabilities from 
suspended particles. The light absorption from turbulent (white) water, and the 
potential ability of high ALB point density to resolve automatic substrate particle 
sizes/roughness calculation, is to be further explored. Also, there is an opportunity to 
gain insight on the effect of water visibility. This could be done by extending the river 
data with similar data that exists for shallow parts of lakes allowing water visibility and 
water quality measurements to be included in regression models, and thereby 
developing a relationship between water visibility and the probability of receiving ALB 
data. However, regarding the general applicability of ALB on lake systems, a 
continuation of this project is currently in development, and results and 
recommendations are still to be concluded.  

Results demonstrate that commercially available ALB sensors (Riegl VQ-880-NG; Leica 
Chiroptera 4X; CZMIL Shallow Channel; and Riegl VQ-840-G) deliver accurate (+/-10 cm) 
and robust (similar accuracy across rivers and sensors) bathymetric data reaching a 
maximum water depth of approximately 10 m, and with only 0,6% to 11% data loss 
within the area mapped. Analysis, however, indicate that ALB water depth limitations 
and data loss was strongly associated with the parameter river type associated with 
water clarity/sight and dissolved organic material as the main variable. Based on the 
findings, ALB evaluated in this study may reach water depths of approximately one 
Secchi depth. Also, analysis indicated that data loss increased in river sections with 
increasing amount of ‘white water’/turbulence, and in sections with dark, vegetated 
river bottom. However, the loss of data in turbulent areas was reduced at higher point 
densities. 

Demonstration cases indicate that ALB technology can represent a radical and 
important change in future data acquisition of river bathymetry. Thus, ALB can be a 
central technology and basis for future river management and public cost-benefit 
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decisions. For example, in this study demonstration cases on flood risk and mitigation 
analysis, erosion risk and sediment management including quick clay risk analysis, river 
restoration and environmental flow scenarios in regulated rivers indicate that sector 
interests should evaluate to apply ALB in future regarding river bathymetry. As an 
example, hydrodynamic modelling of different frequency floods and calculation of 
inundated areas, including dimensional (200 years) flood, based on topographic LiDAR 
may overestimate flood inundation areas between 10% - 80%. In contrast, applying the 
transect method for modelling frequency floods and inundated areas an 
underestimation may be expected, here demonstrated in the lower Lærdal by up to 30% 
underestimation. The findings imply a significant impact on societal development and 
costs and indicate that the solution to run flood simulations using topographic LiDAR, 
or the transect method, should be avoided. Also, results from this study imply that 
future acquisition on river bathymetry regarding flood risk analysis require 1 point/m2 
as basis for modelling purposes, whereas environmental flow should acquire 4 
points/m2. In summary, this pilot project also show that ALB technology may be an 
important support for strategic adaptive management of freshwater resources and will 
facilitate learning and collaboration across disciplines and management authorities. 
Finally, ALB is well suited as a standard product in the national geo-infrastructure, like 
traditional topographic LiDAR and airborne photography. Future acquisition and data 
management of ALB is encouraged to be linked to Geovekst as a professional forum and 
made publicly available on www.hoydedata.no.  

This project has contributed to work and publication of four master thesis and eight 
scientific peer review articles, in which one is in prep.   

http://www.hoydedata.no/
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Norsk sammendrag 
Hovedmålet med prosjektet ‘Validation and application of Airborne Laser Bathymetry 
(ALB) technology for improved management and monitoring of Norwegian rivers and 
lakes- A pilot study 2021-2022’ er å evaluere og teste ut kommersielle tilgjengelige 
sensorer for luftbåren LiDAR batymetri, også navngitt som grønn laser, på utvalgte 
vassdrag og innsjøer. Et overordnet fokus har vært å evaluere nøyaktighet og robusthet 
av ALB, og teste ut potensielle applikasjoner tilknyttet forvaltning og overvåkning av 
ferskvannssystemer i Norge.  Prosjektet har hatt tre hovedmål; 1) Evaluere nøyaktighet 
og robusthet av ALB teknologi på utvalgte vassdrag og innsjøer; 2) demonstrere 
brukermuligheter tilknyttet forvaltning og overvåkning innen ferskvannssystemer; og 
3) vurdere fremtidig bestilling og forvaltning av ALB data for offentlig tilgjengeliggjøring. 
På grunn av forsinkelser tilknyttet analyse og aktiviteter på innsjøer er evaluering av 
ALB på innsjøer ikke inkludert i denne rapporten. I stedet er det igangsatt et bilateralt 
arbeid mellom Miljødirektoratet, Hafslund Eco Vannkraft og NTNU hvor egen rapport 
publiseres senere. 

Denne studien er basert på et begrenset utvalg av eksempelområder. Resultatene vil 
derfor ikke kunne være gjeldende for alle typer vassdrag i Norge. Videre analyser 
anbefales. Blant annet er det en avveining mellom signalstyrke og ALB-punkttetthet 
som bør studeres videre i forhold til påvirkning fra suspendert materiale i vannsøylen 
(siktedyp). Lysabsorpsjon i turbulent (hvitt) vann, og muligheten for automatisk 
beregning av substrat (stein) størrelse og ruhet bør undersøkes nærmere. Ikke minst, 
bør det arbeides videre med systematisk og kvantitativ evaluering av ulike siktedyp og 
vannkvalitet opp mot punkttreff og punkttetthet.  

Resultater fra dette prosjektet viser at kommersielle tilgjengelige ALB sensorer (Riegl 
VQ-880-NG; Leica Chiroptera 4X; CZMIL Shallow Channel; and Riegl VQ-840-G) leverer 
nøyaktige (+/- 10 cm) og robuste (på tvers av vassdrag og sensorer) batymetriske data 
ned til ca. 10 m vanndyp, og med kun 0,6% til 11% tap av data i kartlagt område. 
Analyser indikerer at begrensninger i vanndyp og tap av data, primært er relatert til 
parameterne elvetype og siktedyp (Secchi). Dette er tett relatert til oppløst organisk 
materiale i vannsøylen. Med utgangspunkt i funnene indikerer dette at dagens ALB 
teknologi og tilgjengelige sensorer når ned til ca. en Secchi dyp i vassdrag. Analyser viser 
at datatap øker i elveavsnitt med store mengder hvitt vann (turbulens), og i områder 
med mørk farge på bunnen og undervannsvegetasjon. Datatapet kan derimot reduseres 
ved økende punkttetthet ved kartlegging med ALB.  

Test av mulige applikasjoner indikerer at ALB teknologi representerer en radikal og 
viktig endring for fremtidig innhenting av batymetriske data. Det betyr at ALB kan bli en 
sentral teknologi for fremtidig forvaltning av vassdrag og viktig for offentlige nytte-kost 
beslutninger. ALB kan spille en viktig rolle i flomsonekartlegging, klimatilpasning og 
risikoreduserende tiltak, erosjon og sediment transport, vurdering av kvikkleirerisiko i 
vanndekte områder, elverestaurering og miljøtiltak, og vurdering av miljøbasert 
vannføring i vannkraftregulerte elver. For eksempel, resultater fra hydrodynamisk 
modellering av ulike frekvensflommer, inkludert dimensjonerende (200 års flom), viser 
at ved bruk av elvebunnstopografi fra kun topografisk laser (rød LiDAR) som grunnlag 
overestimeres flomarealet med 10% - 80%, mens ved bruk av transektbasert 
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flommodellering og flomsonekart underestimeres flomarealet med, i dette tilfellet, 30% 
i nedre Lærdal. Resultatene har stor betydning for både kommunal utvikling og 
kostnadsbilde, og gir en sterk indikasjon på at både bruk av topografisk laser og 
transektmetode for fremtidig flomsonekartlegging bør unngås til fordel for ALB-basert 
tilnærming.  

Videre, resultater fra denne studien indikerer også at fremtidig innhenting av 
elvebatymetri som grunnlag for flomanalyser og flomsonekartlegging bør legge til 
grunn 1 punkt/m2, mens modelleringsanalyser tilknyttet miljøbasert vannføring bør 
baseres på 4 punkter/m2.  Basert på resultater fra dette pilotprosjektet anbefales det 
derfor at offentlig forvaltning og regulanter bør vurdere fremtidig bruk av ALB for 
kartlegging av elvebunn som grunnlag for investeringer og overvåkning. Videre kan ALB 
også i fremtiden være et viktig verktøy for en helhetlig og strategisk adaptiv forvaltning 
av ferskvannsressurser. ALB vil også være et viktig verktøy for læring og samarbeid, og 
derfor understøtte prinsippet om den ‘lærende organisasjon’. Til slutt, ALB teknologi er 
godt tilpasset som standard produkt innen nasjonal geo-infrastruktur på lik linje med 
topografisk (rød) laser og flyfotografering. Fremtidig samarbeid, bestilling og 
forvaltning av ALB data anbefales derfor også å knyttes opp mot samarbeidsforumet 
Geovekst og videre offentlig tilgjengeliggjøring på www.hoydedata.no .  

Dette prosjektet har bidratt til arbeid og publisering av seks masteroppgaver og åtte 
vitenskapelige artikler, hvorav en er under arbeid.  

http://www.hoydedata.no/
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1 Introduction 

1.1 Background 
Natural hazards, ecosystem services and water course sustainability are key topics in 
future strategic adaptive management (SAM, Kingsford. 2011) and monitoring of 
freshwater resources. Further, collaboration across sectors is vital to achieve 
sustainable management of these resources. Access to high quality and robust terrain 
data in water covered areas, i.e., bathymetry, is essential for successful cross-sectoral 
management of freshwater resources. For example, analysis, planning and mitigation 
actions of flood risk and climate adaptation, erosion and sediment transport, river 
restoration, and environmental flow in hydropower regulated river systems all require 
access to bathymetric data, and are managed by different departments and 
directorates in the Norwegian public sector.  

Figure 1: Potential application of ALB in different sectors; flood and erosion risk management, hydropower and 
environmental flow, road development along rivers and lakes, and river restoration (pictures: NVE and Nye 
Veier). 

Today, mapping bathymetry is challenging due to technological limitations, association 
with high costs, intense field effort, and elevated Health, Safety and Environment (HSE) 
risk for personnel collecting data in challenging environments. Terrain mapping of 
water covered areas is currently relied on conventional in-situ manual measurement 
methods using field surveys, differential Global Navigation Satellite systems (GNSS), 



 

 11 

Unmanned aerial vehicle (UAV) (Real-time kinetic (RTK) drones), topographic laser and 
Acoustic Doppler Current Profiler (ADCP)/multibeam scanners. Recent technological 
developments within airborne bathymetric LiDAR (ALB), also conventionally termed as 
green laser, however, is a promising cost-benefit technology for future bathymetric 
mapping in freshwater resources. Beyond these operative advantages, the application 
of ALB in a Norwegian management context may also contribute to streamlining the 
decision-making process in a broad number of fields linked to environmental 
considerations, natural hazards, physical measures, as well as being a learning and 
holistic cost-benefit tool for freshwater resources. 

The use of ALB technology in Norway is not entirely new. We know of at least 45 ALB 
datasets of Norwegian rivers and lakes, with the first river stretches mapped in 2016. 
Most of the projects have been ordered by government agencies or the energy sector. 
Appendix F provides an overview of all the datasets that we have in our possessions, 
most of these data have been published and are available from hoydedata.no. The 
former projects have had varying degree of success, and challenges in obtaining good 
data have resulted in declining activity over the past few years (before this project was 
started). 

The main objective with the project ‘Validation and application of Airborne Laser 
Bathymetry (ALB) technology for improved management and monitoring of Norwegian 
rivers and lakes- A pilot study 2021-2022’ is to evaluate and apply commercially 
available Airborne LiDAR Bathymetriy (ALB) technologies on selected Norwegian rivers 
and lakes. Specifically, evaluate the technological accuracy and robustness of ALB, and 
to explore its potential applications with a key focus on applied management of 
Norwegian freshwater resources. Despite recent and substantial hypothetical 
improvement in quality and performance in ALB sensor systems available on the 
European marked, a systematic evaluation of the available ALB platforms considering 
accuracy, robustness, and potential applications across management sectors is still 
lacking. Thus, it is important to systematically evaluate ALB on Norwegian rivers and 
lakes before future national investments in such technology, preferably as a national 
collaboration project across different management sectors in Norway. 

The project has the following main objectives:  

1. Evaluate the accuracy and robustness of ALB technology on selected 
Norwegian rivers and lakes.   

2. Demonstrate selected application areas with respect to future river 
management across sectors. 

3. Future procurement and public availability of ALB data. 

Here, we hypothesize that ALB is a robust technology with high accuracy applicable for 
a wide range of Norwegian rivers and lakes but with limitations considering water depth 
(below 10m), water turbidity, riverbed color, turbulence/white water. Further, we 
hypothesize that ALB is an important support for adaptive management of freshwater 
resources in Norway, ALB facilitates and improves learning and collaboration across 
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disciplines and management authorities and reduces HSE risks related to in-situ field 
mapping.  

In this study accuracy is defined as the difference in riverbed elevation (z-level, vertical 
accuracy) between ALB points and measured ground truth/validation data (here 
differential GNSS and multibeam, see 3.3.1). Robustness is defined as the difference in 
riverbed elevation in-between commercially available ALB sensors, and differences 
measured across case studies. 

1.2 Deliverables 
The project has the following deliverables: 

• Main report on evaluation and application of ALB as a holistic management
tool, recommendations for future applications of ALB in Norway, and
summary of uncertainties and knowledge gaps.

• Sub reports from collaboration partners (R&D, ALB suppliers).

• Scientific publications in per review journals.

• Master theses.

• Publicly available data from previous and current ALB mapped rivers and
lakes on www.hoydedata.no.

• Involvement and collaboration across Norwegian authorities.

1.3 Limitations 
This project evaluates the accuracy and robustness of ALB on a limited number of 
Norwegian rivers and lakes; five river systems and three lakes (Figure 4). However, due 
to the complexity of the project, selected analyses, and data material size, three rivers 
were prioritized and systematically analyzed: the rivers Lærdalselvi, Bøelva and 
Hallingdalselve, whereas the rivers Tangeelva/Leira and Glomma were not included in 
the analysis. Regarding WP 2- Lakes, activity became delayed with decision as a stand-
alone continuation project between NTNU, Hafslund ECO Vannkraft and the Norwegian 
Environment Agency (Miljødirektoratet). Thus, Work Package (WP) 2 is not included in 
this report but will be reported later in a separate report. 

Based on the limited number of case studies it is implicit that the project and its results 
are not representative for all Norwegian rivers, or other international freshwater 
systems. However, the selected case studies give a firm indication on the applicability 
of ALB in future acquisition and management use. Based on this, it is encouraged to 
further test and develop ALB as a future technology for freshwater systems across 
management sectors. 

Based on the novelty of this project different statistical methods and approaches have 
been applied and tested. This has been both challenging and time consuming, in 
particular data preparation of large datasets. The quality of applied statistical analysis 

http://www.hoydedata.no/
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is limited to the available data basis and its underlying uncertainties on data 
distributions (normal vs non normal distributions). Further, the tested ALB sensors in 
this study were no used in all rivers due to high costs beyond the given budget. 
Alternatively, a balanced design with a comparative approach was selected evaluating 
two sensors in each study case. For the validation data based on transect data (see 3.3), 
the unbalance was aggravated by the fact that number of transect points also varied 
among sensors due to different water flows between in situ and remote sensing data 
collection. Also, ALB data points indicating riverbed elevation, varied across sensors, 
not only because sensors have different point densities, but predominantly due to 
water penetration capabilities between sensors, mainly effected in the pools, turned 
out to vary considerably.  

For validation data based on multibeam (see chapter 3.3) there were differences among 
pools and rivers in number of analysis units (grid cells), reflecting the pools’ different 
surface areas, e.g., for grid size 1 m there were 1 734 cells in the middle pool in Bøelva, 
but 43 967 in the middle pool of Hallingdalselve. However, the large pool datasets 
allowed for balancing the data by randomized selection of a set number of datapoints 
from each pool dataset. That number was set to the smallest number of analysis units 
available for any pool, which still provided large datasets presumably generating little 
sampling error. For evaluating the LiDAR data accuracy, 1000 grid cells per pool were 
selected, and for evaluating LiDAR data loss, 2000 grid cells were selected from each 
pool both for the 100 x 100 cm and 25 x 25 cm grid size. The Riegl 840 (helicopter) data 
covered more limited pool surface areas than the fixed-wing data, and therefore may 
potentially be less representative, especially for grid cells 100 x 100 cm.   

1.4 Project administration and work structure 
The project administration and project leader role were shared between The Norwegian 
water resources and energy directorate (Morten Stickler) and The Norwegian mapping 
authority (Håkon Dåsnes). The work process was divided into four phases focusing on i) 
screening (management needs and application of ALB, and status technology; October 
2020), ii) start up and data collection (july-Dec 2021), iii) Analysis (May-nov 2022) and iv) 
finalization and reporting (December 2022/Jan 2023) (Figure 2).  

A project steering group was established in screening phase consisting of 
representatives from management sectors of interest; The Norwegian water resources 
and energy directorate (Morten Stickler), The Norwegian mapping authority (Håkon 
Dåsnes, Christian Malmquist, Jon Moe), Norwegian Environment Agency (Steinar 
Sandøy), The Norwegian Public Roads Administration (Linn Fritsvold and Marius Øie), 
and Hafslund Eco Vannkraft (Bjørn Otto Dønnum). Further, Geovekst as an external 
reference group was established. In NVE an internal reference group across 
departments was established for internal communication. For ensuring 
communication and involvement within project steering group quarterly meetings 
were held in addition to ad hoc meetings when needed, and bilateral meetings between 
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project steering group and ALB suppliers and R&D partners. Status and progress were 
reported regularly also to NDH steering group as the main funding partner.  

 

Figure 2: Work process of ALB pilot study.  

 

The project activities were structured into three main work packages reflecting project 
objectives: 

• WP 1: Evaluate the accuracy and robustness of ALB technology on selected 
Norwegian rivers.  

• WP 2: Evaluate the accuracy and robustness of ALB technology on selected 
Norwegian lakes. 

• WP 3: Future procurement and public availability of ALB data.  

 

Further, WP 1- Rivers, was structured into sub work packages WP 1.1 – 1.5 

• WP 1.1: Validation.  

• WP 1.2: Flood risk analysis and mitigation. 

• WP 1.3: Erosion and sediment transport. 

• WP 1.4: River restoration.  

• WP 1.5 Environmental flow in regulated rivers. 

1.5 Project partners 
Below, a short description of the project partners is given. 

The Norwegian water resources and energy directorate (NVE): Responsible for the 
management of Norway`s water and energy resources. NVE has also a specific 
responsibility of reducing risks associated with climate adaptation regarding landslides 
and river flooding, and holistic and environmental management of rivers. Thus, 
information about river and lake bathymetry are important. In this project, NVE has had 
a special responsibility of coordinating work package 1: Evaluate the accuracy and 
robustness of ALB technology on selected Norwegian rivers, and the role of project 
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leader in collaboration with NMA. An important part of work package 1 has been to plan 
and structure analysis and validation work. 

The Norwegian mapping authority (NMA): Responsible for collating and managing 
detailed public geographical information for Norway and facilitate easy access through 
our national spatial data infrastructure in our role as Norway’s national geodata 
coordinator.  In this project The Norwegian Public Roads Administration has a special 
responsibility of coordinating work package 3: Future procurement and public 
availability of ALB data, and the role of project leader in collaboration with The 
Norwegian water resources and energy directorate. An important part of work package 
3 has been to validate all data deliveries according to specifications. 

Norwegian Environment Agency (NEA): Government agency under the Ministry of 
Climate and Environment and is working for a clean and diverse environment. Our 
primary tasks are to reduce greenhouse gas emissions, manage Norwegian nature, and 
prevent pollution. The principal functions of the Agency include collating and 
communicating environmental information, exercising regulatory authority, 
supervising, and guiding regional and local government level, giving professional and 
technical advice, and participating in international environmental activities. In this 
project Norwegian Environment Agency has had a special responsibility of coordinating 
work package 2: Evaluate the accuracy and robustness of ALB technology on selected 
Norwegian lakes, in collaboration with Hafslund Eco Vannkraft.  

The Norwegian Public Roads Administration (NPRA): Responsible for the 
management and development of efficient road systems that are accessible to all, and 
where transport does not cause serious damage to people or the environment. For this 
project specifically this means that both an environmental aspect as well as a security 
aspect is relevant. There are many possible applications of bathymetry data for the 
NPRA, among those are the pure riverbed terrain for planning of constructions, flood 
analyses for both new roads and existing roads, environmental analyses both before 
and after projects and the effect of water flow on constructions. In this project NPRA has 
been to contribute in all work packages. 

Hafslund Eco Vannkraft (HEV): Norway’s second largest hydropower producer, the 
company operates 81 hydropower stations with an annual average production of 21 
TWh and are responsible for managing hydropower resources in 18% of Norway's land 
area. HEV is part of the Hafslund Group (hafslund.no). In this project Norwegian 
Environment Agency has had a special responsibility of coordinating work package 2: 
Evaluate the accuracy and robustness of ALB technology on selected Norwegian lakes, 
in collaboration with Norwegian Environment Agency. 
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1.6 R&D partners 
This project has included national and international R&D partners with defined 
responsibilities and deliverables. Below a short presentation and their responsibilities 
are given. 

1.6.1 The University of South-East Norway (USN):  

USN is Norway's fourth largest University (approximately 17,000 students and 1,900 
staff) distributed on eight different campuses. The university’s main profile is profession 
and work-oriented, providing socially relevant education. Its research and education 
are both characterized by close interaction with regional society and working life. The 
department of Natural Sciences and Environmental Health (INHM) has a bachelor and 
Master programs in Ecology and Environmental management, PhD program in ecology. 
Research focused on four main areas: aquatic ecology, terrestrial ecology: bears and 
beavers, climate change and alpine ecosystems, health, and exercise. Some of the 
research groups are world leading within their fields. Research aims to be relevant and 
applied both regionally, nationally, and internationally. USN/INHM has been 
responsible for WP 1.1 (validation). 

1.6.2 Norwegian University of Science and Technology (NTNU):  

NTNU is an international technical oriented university located in Trondheim, Ålesund 
and Gjøvik. NTNU includes also studies on social studies, economy, medicine, health 
science, architecture, entrepreneurship, and art. NTNU has been responsible for 
contribution into WP 1.1 on cloud compare as part of the validation work, contributed 
to WP 1.2 (flood risk and mitigation), and responsible for WP 1.3 (river restoration) and 
1.4 (environmental flow in regulated rivers).  

1.6.3 Norwegian Research Centre (NORCE-LFI):  

LFI is a research group at the Norwegian Research Centre (NORCE). LFI carries out 
research, monitoring and environmental mitigation measures in freshwater ecology. 
We have a special competence in salmonids and benthic invertebrates and their 
ecological requirements. Important topics are population regulating factors, salmonid 
spawning biology, benthic invertebrate ecology, river regulation, effects of fish farming, 
habitat analysis, river restoration, environmental design and habitat measures, effects 
of climate change, fish passage and gas super saturation. LFI was responsible for 
collecting ground truth data using differential GNSS (dGNSS) in shallow river sections 
as basis for WP 1.1 and has contributed in WP 1.2 in collaboration with BOKU and NTNU. 

1.6.4 The University of Natural Resources and Applied Life Sciences (BOKU):  

BOKU is an interdisciplinary research unit with focus on applied basic research in water 
management, forestry and agriculture. Over the last decade, BOKU University 
established high track records in ecologically oriented hydraulic engineering for small 
and large river systems in Europe. The research units at BOKU are specialized on 
sediment transport and morpho-dynamics of rivers, sustainable hydropower and flood 
risk management. Moreover, successful cooperation with world-leading remote 
sensing supplier is part of the research portfolio. BOKU has been responsible for WP 1.2 
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(flood risk and mitigation) and WP 1.3 (erosion risk) and contributed to WP 1.4 (river 
restoration). 

1.7 ALB and multibeam data suppliers 
1.7.1 AHM:  

AirborneHydroMapping GmbH (AHM) an Austrian company specialized in bathymetric 
mapping of inland lakes and rivers using ALB. http://www.ahm.co.at/  

1.7.2 Field Group:  

Former Terratec. Norwegian technology company with a broad experience in areal 
surveying. https://field.group/  

1.7.3 Hexagon:  

Former Leica Geosystems. A multinational company that serves the entire value chain 
from sensor and software production to airborne data capture. https://hexagon.com/   

1.7.4 Styvehavn:  

A Norwegian surveying company specialized in bathymetric mapping using multibeam 
echosounder (MBES). In this project, Styvehavn has delivered MBES validation data.  
https://www.styvehavn.no/  

 
  

http://www.ahm.co.at/
https://field.group/
https://hexagon.com/
https://www.styvehavn.no/
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2 ALB technology 
Light detection and ranging (LiDAR) technology is one of the recent popular sources for 
river geometry acquisition that enables rapid and accurate 3D point cloud collection. 
The technology measures the distance to a target by detecting the time between the 
emission of a pulse of laser from a sensor and the time of detection of the reflected laser 
from the target. Depending on the wavelength, two types of LiDAR sensors exist: 
topographic LiDAR (ALS) and bathymetric LiDAR (ALB). Topographic LiDAR is associated 
with a laser of 1064 nm that is unable to penetrate water bodies and therefore used 
mostly for topographic and sea surface detection. Bathymetric LiDAR, on the other 
hand, is employing a laser of 532 nm that penetrates the water and gives bottom 
detection. 

The ALB is the most widespread LiDAR type used in river studies that require high 
degrees of mapping accuracy such as environmental river studies, sediment transport 
studies, and flood modelling. At present, a variety of bathymetric LiDAR sensors are 
commercially available, each defined by their technical specifications such as the laser 
energy per pulse, the laser footprint, and the maximum detectable depth.  

The project collected datasets from the following contemporary sensors on the 
European marked: Riegl VQ880-G, Riegl VQ840-G, Leica Chiroptera 4X and the Teledyne 
Optech CZMIL SuperNova. The sensor types range from heavy high energy systems to 
the smaller and lighter low energy setups.  The defining parameters for each sensor 
employed in the project are available in the appendix D. 

The question of which sensor is most suitable for bathymetric mapping will primarily 
depend on project objectives, physical features of the area of interest such as water 
depths, river gradient and water turbidity, and sensor availability [Quadros, N. 
Unlocking the characteristics of bathymetric LiDAR sensors. LiDAR Magazine, 3 
December 2013; 62–67]. The Teledyne Optech CZMIL (Coastal Zone Mapping and 
Imaging LiDAR) and the Leica Chiroptera 4X are airborne multi-frequency sensors used 
for mapping topographic surfaces and coastal zones, and the high laser energy per 
pulse characteristic makes it especially suitable to map deep depths such as those in 
the coastal applications. However, the higher laser penetration capabilities of the 
CZMIL and the Chiroptera comes at the point density cost since the laser energy and the 
point density are negatively correlated [Quadros, N. Unlocking the characteristics of 
bathymetric LiDAR sensors. LiDAR Magazine, 3 December 2013; 62–67]. Riegl VQ880-G, 
on the other hand, is an airborne topo-bathy sensor with lower laser energy per pulse 
and a smaller footprint, compared to the high energy systems, that can map with much 
higher point density but less water penetration. Riegl VQ840-G is another topo-bathy 
sensor that is much lighter than the common bathymetric LiDAR sensors’ weight and, 
therefore, can be operated from an unmanned aerial vehicle or helicopters. 

Although sharing many of the same sensor components and practically having the same 
measurement principles, an ALB system differs significantly from a classic ALS setup. 
Due to the air-water-air propagation a measurement with an ALB sensor is a function of 
significant limiting factors and will be more challenging to process than the ALS 
measurement where the light only propagates in air. This is exemplified in Figure 3 by 
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Mandlburger (2022), in his article summarizing the available active and passive methods 
used in bathymetric surveys. 

For the system to securely register a seabed return, the emitted light energy must 
survive a series of limiting factors. Firstly, the energy must propagate from air to water 
and not be reflected at the air-water-interface. Then, in the water column, the light will 
be attenuated due to absorption and scattering. Lastly, the seabed must provide a 
minimum reflection of the energy to reverse the light back up through the propagation 
path to the ALB sensor. Also, in order to calculate the air to water and water to air 
refraction, the system must register or estimate the water surface. Without modelling 
the water surface, the system will not be able to calculate any bathymetric 
measurements.  

As all these factors, potentially limiting the sensor performance, vary from location to 
location, as well as temporally within the location, it can be difficult to predict the end 
result when ordering an ALB survey.  

In this study we are giving the sensor operators no restrictions or instructions when it 
comes to the acquisition parameters and the acquisition pattern. This gives the 
assessment a real-world focus rather than a laboratorical “A vs B" comparison. This 
approach gave us the following datasets: Two higher energy sensors (CZMIL and 
Chiroptera) are operated from a fixed wing aircraft flew in an efficient classical survey 
grid with a minimum flight time to coverage ratio. The Riegl VQ880 is also operated 
using a fixed wing aircraft but is flown as a corridor survey following the river closely. 
This gives a lot more data in and close to the river, but this comes at the cost of more 
flying time and a lower flight time to coverage ratio. The smaller Riegl VQ840, designed 
to be lifted by a helicopter or an Unmanned Aircraft System (UAS), benefits from being 
operated at a lower altitude and at a slower speed than the larger fixed-wing systems. 
This maximizes the chance of bottom returns, but it comes at the cost of a lower 
efficiency with a high flight time to coverage ratio. The sensor systems, when 
paired with the appropriate acquisition setup, can thus be seen as 
complementary where certain sensor and acquisition approach might be better 
suited for certain environments. 
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Figure 3: Airborne LiDAR Bathymetry (ALB) technology and its main principles. Reference: Mandlburger, 2022. 
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3 Method 

3.1 Study sites 
In this study different river systems and lakes have been implemented. Originally, five 
rivers and three lakes (Figure 4 and Table 1). However, due to complexity of project and 
time limitations a sub selection of case studies was done (see chapter 0 for limitations). 
Regarding project objective 1- validation of ALB, the three rivers Lærdalselvi, 
Hallingdalselve and Bøelva were used as basis for the analysis. The selection of study 
areas was based on their differences in catchment variables, size, river gradient, bottom 
features, flow conditions and water clarity (relative Secchi depth). Table 1 gives an 
overview of physical features of the different case studies. Regarding the project 
objective 2- application of ALB on various sector interests, the river Bøelva and 
Lærdalselvi were used as demonstration cases (see chapter  3.5).  

Regarding lakes, a third lake, Benna in Trøndelag, was included increasing the physical 
differences among the lake case studies. However, WP 2 and application of ALB on lakes 
were delayed and not included in this report (see chapter 1.3). 

Figure 4: Map over selected study areas; rivers and lakes, in Norway. 

Differences in catchment size and features among the river case studies were evident. 
Lærdalselvi has a catchment size of 1182 km2 and consists mainly of mountain areas 
(14,2%) and forest (75 %). Hallingdalselve has a catchment size of 4577 km2 and consists 
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mainly of mountain areas (42%) and forest (38%). Bøelva has a catchment size of 1047 
km2 and consists mainly of mountain areas (17,3%) and forest (64,5%). Glomma has a 
catchment size of 41804 km2 and consists mainly of mountain areas (25,2%) and forest 
(50,4%). The river Tangeelva/Leira has a catchment size of 611 km2 and consists mainly 
of clay areas (23,9%) and forest (70,1%). The average total river gradient across 
catchment of Lærdalselvi, Hallingdalselve, Bøelva, Glomma and Leira/Tangeelva is 18,3 
m/km; 8 m/km; 11,7 m/km; 1,4 m/km; and 7,7 m/km, respectively. Glomma has the 
largest catchment size and lowest total river gradient. Lærdalselvi is relatively the 
clearest whereas Glomma, Hallingdalselve and Leira are less clear whereas Bøelva is 
moderate clear. Source: www.nevina.nve.no. 

For each of the study reaches, the entire reach was stratified into one of five river types 
according to Hauer and Pulg (2018) based on of a combination of desk-top evaluation 
and field assessment. Considering fluvial and late glacial processes, the types were 
cascade, plane-bed-dimictic, plane-bed-fluvial, riffle-pool-mixed og riffle-pool-fluvial. 
Within each river type, ten transects were visually stratified to represent varying river 
gradients, as expressed by surface water roughness, using high-resolution (10 cm) aerial 
photos (https://www.norgeibilder.no/).  

Table 1:  Physical features of selected case studies on rivers. *indicates if the case study was not included in 
further systematic statistical analyses. Data on annual flow and average river gradient (entire river system) is 
retrieved from. www.nevina.nve.no.  

Case 
study 

Annual 
flow 

Water 
depth, 
max. 

Relative 
Secchi 
depth. 

River 
class. 

Substrat
e d10/90 

Bottom 
conditio
ns 

River 
gradient 
m/km 

River 
length. 

Lærdals
elvi 

36,3 
m3/s 

11 m >9 m Riffle-
pool 

13/19 Light 
bed. 

0,18% 14,7 km 

Bøelva 18,1 
m3/s 

7 m 3 m Riffle-
pool 

22/38; 
8/14 

Light and 
dark 
bed. 

0,12% 8,2 km 

Hallingd
alselve 

107, 6 
m3/s 

10 m 5 m Riffle-
pool; 
dune-
ripple 

9/46; 
18/27 

Light and 
dark 
bed. 

0,008% 8 km 

Glomma
* 

m3/s 25 m 2 m N/A Silt/clay Dark 0.001% 8,2 km 

Tangeel
va/Leira
* 

m3/s 2 m 1 m N/A Silt/clay Clay, silt. 0,008% 3,6 km 

http://www.nevina.nve.no/
https://www.norgeibilder.no/
http://www.nevina.nve.no/
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3.2 Procurement of ALB data 
The project established the tender documents during winter/spring 2021 and based 
these on the existing Airborne Laser Scanning (ALS) requirements from NMA. Although 
closely related, a direct substitution of ALB and ALS was not suitable, and the standard 
documents were adapted as follows:  

3.2.1 Point density 

The bathymetric point cloud must consist of a minimum of two classified bed points/m2 
(class 26), within the sensor’s operating range. The data set must not be sifted, and all 
points must be delivered. Point density for topography must exceed 5 points/m2. 
Two points were chosen as the minimum giving both room for high altitude and high 
energy sensors as well as low altitude and low energy sensors. Five points per m2 is 
realistic for the topography.  

3.2.2 Point Density Tolerance: 

A maximum of five out of 25 2x2m cells in a 10x10m grid may not achieve the desired 
number of bed points (class 26) within the sensor’s operating range. 
This way of assessing the point density allows for a certain number of voids in the 
dataset due to turbulence, white water and shallow water where the system will 
struggle separating topography from bathymetry. Minor voids due to white water or 
vegetation are expected to be scattered throughout the dataset and can be voidfilled 
(triangulated) without significant deterioration to the bathymetric model. This 
approach is now standard for higher density ALS and ALB surveys in the new 
“Produktspesifikasjon Punktsky”. 

3.2.3 Point Accuracy 

Both bathymetry and topography must adhere to the FKB-Laser-B-DTM10 accuracy 
requirements of 10cm vertical and 30cm horizontal as described in 
“Produktspesifikasjon FKB-Laser” (official version in May 2021). In order to achieve this 
all contractors had to survey and adjust their point clouds using Ground Control Points 
(GCPs) surveyed using Network RTK GNSS techniques. This ensured that all point 
clouds, regardless sensor or operator, would be referred to a common ground.  

For control surfaces and data processing, we referred to the document “Produksjon av 
Basis Geodata”. For data classification and deliveries of LAZ files, we referred to 
“Produktspesifikasjon FKB-Laser” (official version in May 2021). 

The tender was published internationally at April 29, 2021, announced in Europe`s 
official database Tenders Electronic Daily (TED), with deadline set to 28.05.2021. Thus, 
the tender was open in one month. The tender was divided into seven separate 
subprojects. For each of the subprojects the tender document specified that two 
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contractors would be awarded to each subproject. The tender package also included 
two areas in Lærdalselvi watercourse suited for a drone-based platform.  

Four companies made offers to the different subprojects: 

• Airborne Hydro Mapping GmbH (AHM) 

• Leica (today Hexagon) 

• Nordic Unmanned 

• Terratec (today Field Group) 

The companies that made offers for the different subprojects are given in Table 2. Thus, 
the ALB suppliers Field Group, AHM and Hexagon were all selected for the subprojects. 
Unfortunately, due to budget constraints it was not able to activate the option on drone 
acquisition. The companies were awarded the different subproject on the 18. June 
2021. 

 

Table 2: ALB suppliers that made offer to the project based on selected case studies. Selected suppliers were 
AHM, Hexagon and Field Group.  

Case ALB supplier 

Bøelva AHM Hexagon Field Group 

Lærdalselvi AHM  Field Group 

Lærdalselvi drone Nordic Unmanned  Field Group 

Glomma AHM Hexagon Field Group 

Tangeelva, Gjermåa and Leira AHM Hexagon Field Group 

Selbusjøen  Hexagon Field Group 

Krøderen and Lower 
Hallingdalselve 

AHM Hexagon  Field Group 

 

The selected suppliers were chosen based on the following criteria:   

• Price - 30 % weight of total evaluation.  
Evaluation of price is based on the fixed price + mean mobilization cost based 
on number of sub project offered by the suppliers.  

• Quality - 70 % weight of total evaluation.  
Evaluation of quality is based on five sub evaluations: i) project understanding, 
ii) solution and iii) execution capacity, iv) experience and v) competence.   
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To provide Multibeam Echosounder (MBES) datasets, as independent measured, 
bathymetry we procured three smaller reference areas in each watercourse after the 
ALB companies had done their acquisition. The project invited three hydrographic 
survey companies known to deliver high quality MBES datasets in very shallow and 
demanding environments and the contract was awarded to Styvehavn AS. 

In order to complement the study with a light drone-based sensor setup, the project 
was able to inherit a set of trial datasets from the Norwegian national detailed elevation 
model (NDH) project collected using a Riegl 840 sensor mounted in the nosepod on a 
helicopter. The datasets were a part of a sensor trial carried out by Field Group during 
the same timeframe as the main acquisition. The coverage of the 840 datasets is not 
complete, but they give the project valuable information on the benefit of deploying a 
light low altitude sensor on a hover platform. Also, to strengthen the river analysis (WP2) 
the project inherited two datasets from the NDH program collected in 2018 and 2020 
with a CZMIL covering parts of Benna.   

3.3 Study design  
3.3.1 River mapping with ALB and ground truth. 

In order to systematically and statistically evaluate the accuracy and robustness of ALB 
technology in a balanced design, sampling was stratified by rivers and commercially 
available suppliers. To be able to compare performance of ALB different types of river 
morphologies and flow characteristics (waterflow, gradient, i.e., water surface 
smoothness and bottom substrates, water depths, underwater visibility) were selected 
(see Table 1). 

The selected ALB providers, AHM, Hexagon and Field Group mapped the study areas 
using fixed-wing airplanes with the sensors Riegl VQ-880, Leica Chiroptera and Teledyne 
Optech CZMIL, respectively. One provider, Field Group, also included a helicopter 
approach with sensor Riegl VQ-840-G. See Table 3 for characteristics of the tested ALB 
sensors. The logistic impossibility of implementing all field surveys at the same time did 
imply some variation in waterflow (See Table 4), and therefore different elevations in 
measured water surface level. This required additional data post-processing and likely 
contributed additional confounding noise in the data analyses.  

The collected ALB data was then further compared to ground truth/validation data 
applying two main selected statistical approach (see chapter 3.4). Ground truth was 
defined as data points from dGNSS (Trimble R6 RTK GNSS) and multibeam (Winghead 
i77h with Tightly coupled GNSS/INS (Inertial Navigation System) integration) data 
collection in shallow (<1,5 meters) and deep water (> 1,5 m), respectively, hypothesizing 
that such data has high accuracy and robustness (+/- 2 cm), and thus defined as two 
validation data sets as basis for statistical evaluation of accuracy and robustness.  
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Table 3: Characteristics of the ALB sensors evaluated in the project. The point density is calculated density 
based on ALB data provided in this project, and not technical specifications given by the provider. Complete 
specification per sensor detailed in the appendix.

For the deep-water analysis a stratified approach selecting three deep pools in the three 
given river reaches were mapped by multibeam. In this study a multibeam echosounder 
mapping systems was surface-operated. On a cautionary note multibeam data may 
become ‘noisy’ in shallow water (< 1m) and on river beds with steep gradient due to 
increasing beam angle (e.g., Hughes Clarke, Mayer & Wells 1996; Calder & Mayer 2003). 
Therefore, multibeam was primarily used for slow flowing deep pool areas with a focus 
on investigating water-penetrating capabilities.  

Regarding the shallow-water data analysis a traditional stratified transect point 
sampling by wet wading was applied using the dGNSS (Trimble R6). In each dGNSS 
point/associated area within 0.5 x 0.5 m (0.25 m2) river bottom height (z-level) was 
measured, and dominant and subdominant substrate particle size was classified 
according to a modified Wentworth scale (Heggenes 2002), embeddedness scored 1-4 
(0-25%, 25-50%, 50-75%. 75-100 %), and vegetation type and cover (Braun-Blanchet 
scale) was noted. Water surface height was measured in one point, regularly in the first 
point closest to the riverbank. 
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Table 4: Water flow¹ (m3/s) at the date of data collection in 2021, by river and data provider. 

 Data Bøelva     Hallingdalselve   Lærdalselvi 

LiDAR data 

AHM 21  (3. Sep.) 75 (3.Sep.) 15  (26. Sep.) 

Hexagon 15  (27. Aug.) 

Field Group fixed-wing 78  (16. Jul.) 20 (21. Jul.) 

Field Group helicopter 13 (25. Sep.) 51  (24. Aug.) 15  (25. Sep.) 

Control data 

Multibeam (pools) 12 (26. Oct.) 90 (10.Nov.) 21  (16. Nov.) 

Wading points (transects) 19 (22.Nov.) 170 ( 3. Nov.) 21  (16. Nov.) 

¹ The flow measurements are in Bøelva done at Hagadrag, in Hallingdalselve at 
Bergheim and in Lærdalselvi at Stuvane (https://sildre.nve.no/). 

3.4 Statistical analysis validating accuracy and 
robustness in rivers 

Statistical analysis was systemized into three main approaches; i) data preparation, ii) 
Bayesian linear regression with machine learning and iii) cloud compare. Bayesian 
linear regression was applied on the rivers Lærdalselvi, Bøelva and Hallingdalselve, 
whereas cloud compare was only applied on river Lærdalselvi (Figure 5). 

Figure 5: The reaches studied in the three rivers a) Bøelva (upper left; 7.7 km), b) Hallingdalselve (lower left; 4.8 
km), and c) Lærdalselvi (right; 14.8 km) with larger pools delineated (red lines). Inset: location in Norway.   

https://sildre.nve.no/
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3.4.1 Data preparation for analyzing rivers 

The ALB data was pre-processed by the commercial providers using generic algorithms 
and software. Points were classified using the LAS 1.4 format, i.e., especially river 
bottom (class 26) and water surface (class 27). AHM and Field Group also delivered a 
Shape file for the riverbanks/wetted area. In addition to the ALB data, AHM, Hexagon 
and Field Group also took concomitant aerial photographs of the given river reaches 
using high-resolution cameras (Hasselblad H/39, Leica RCD30, Phase one iXM-RS-150F) 
producing RGB orthophotos. Since Hexagon (in Bøelva) -and Field Group (helicopter) 
did not deliver shape files of the riverbanks, the map detection algorithm 
’t_concave_hull’ in the R library ‘lidR’ was used to post-process the data to delimit the 
riverbank/wetted area from the points classified as 26 (bottom) and 27 (surface).  

Three sub datasets were then derived for further analyses, all including the processed 
and relevant ALB data (Figure 6). The first dataset (Dataset 1) included in situ control 
data based on shallow water measurements in the dGNSS located transect points 
extending from the riverbank. The second dataset (Dataset 2) included the nine deeper 
pool areas (three pools per river) based on in situ multibeam water depth data. The third 
dataset consisted of ALB data for the selected study areas.  For Dataset 1, ALB data was 
aggregated within a buffer circle of 28 cm radius around each manually collected dGNSS 
point, corresponding to the in situ transect point representing 0.5 x 0.5 m = 0,25m², and 
to a larger area with 56 cm radius corresponding to a spatial grid size of 1x1m, also used 
in the other datasets. For Dataset 2 and 3 the data were aggregated and scaled into two 
alternative spatial grid sizes, 25x25 and 100x100 cm. Thus, potential small-spatial 
effects could be explored. Within each spatial unit, it was calculated number of ALB 
points together with mean, median, minimum, and standard deviation for the elevation 
values. The datasets were primarily analyzed using regression/classification models 
with measurement accuracy and LiDAR data availability as response variables. 

 

 



 

 29 

Figure 6: Overview of the data and analyses. Four different LiDAR sensors were used in three rivers along 
continuous, relatively long reaches. Control data were measured in situ in 1) wading stratified transect points in 
the field and 2) and Multibeam in the three deepest pools of each river. The ALB data were, for the transect 
points, aggregated within buffer circles of radius 28 and 56 cm, and for the pool data and whole reaches point 
data were aggregated into two alternative grid sizes (25x25 and 100x100 cm), and analysed with regression 
and classification models with measurement accuracy and data availability as the primary response variables. 

Transect data 

Time-consuming wading transect point measurements are by necessity relatively few. 
Moreover, it turned out that ALB point coverage was uneven for some sensors and river 
areas, reducing the number of points available for analyses even more (see sub report 
by USN). Differences in measured water surface elevation were generally small across 
sensors and rivers, indicating similar water flows between sampling times. The 
exception was Hallingdalselve where differences in water flows between sampling 
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times changed measured water surface elevation, especially between low flow ALB data 
from Field Group in July and in situ wading transect points during higher flow in the fall, 
with a mean difference close to 1 m. This also reduced the number of transect points 
available for comparative analyses, since many transect points were ‘above water’ 
compared to the ALB data at lower flows (78 of 685 observations in total).  

Within the buffer areas used to analyses the transect points, many points were not 
covered by ALB data, especially for water surface elevation; of the remaining 607 points 
‘in water’, 216 points did not have ALB surface elevation data, mainly because of their 
uneven distribution. In addition, 12 pairs of transect points had in-between distances 
less than 28 cm. From these pairs, the point lacking any additional data was removed, 
or the point closest to the riverbank. 

As most transects were in relatively slow flowing river reaches, water surface elevation 
was similar across all transect measurement points, and surface elevation was mostly 
represented by one point measurement. Therefore, we increased the sample size by 
adding this value (or the mean value if more than one surface elevation measurement) 
to all points ‘in water’ in the transect for which there were also LiDAR data, to estimate 
water depth.  

Even after this extrapolation, however, elevation (in particular, surface) could not 
always be estimated from the LiDAR data within the 28 cm transect point radius. 
Therefore, data were also aggregated within a 56 cm radius (Table 5), roughly 
corresponding to the larger grid area of 1m² used for the later ALB data analyses. In an 
additional step, the aggregated 56 cm circles around points along each transect were 
amalgamated into a 56 cm wide rectangle along a centerline covering the measurement 
points along the transect. This extrapolation from the original in situ point/associated 
area size (0.5 x 0.5 = 0.25 m2), may potentially introduce more noise, if it includes more 
differences in elevations. On the other hand, it also includes more ALB data points and 
thereby sample size. Finally, if the number of ALB points within this rectangle was less 
than 10, the rectangle was extended to include a minimum of 10 ALB surface elevation 
points (sensor with the fewest points). These transect polygons were manually 
controlled against aerial photos to ensure that no river areas with higher 
gradient/rougher surface were included. With this extrapolation most transect 
measurement points could be included in the comparative analyses of water surface 
elevation and water depth. In total, the 28 cm and 56 cm approaches left 473 and 501 
transect points, for further comparative analysis (Table 5).  A comparison of river 
bottom elevation measurements from the 28 cm and the 56 cm areas did not indicate 
any significant difference in elevation (paired t-test; mean difference = 12 cm, p = 0.12), 
and both scenarios were analyzed further. 
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Table 5: Number of transect data points/associated areas (56 cm radius) available for comparative analyses. 
(For a radius of 28 cm, the number of comparative points/associated areas were reduced to 473). All registered 
wading points which also provided minimum one LiDAR hit (bottom and surface), positive depth, and classified 
substrate.  

 dGNSS LiDAR 

River No. of 
transects 

(per km) 

Points 
(n) 

Riegl 880 Chiroptera Optech 

 

Riegl 
840 

 

SUM 

Bøelva 27 (3.5) 143 125 104        64 334 

Hallingdalselve 11 (2.3)   74   47  22  71 

Lærdalselvi 15 (1.0)   74   62     60        17 145 

SUM  53 291 234 104   82 81 501 

 

Multibeam data 

The multibeam echosounder mapping applied on pre-selected pools in the three rivers 
provided high point density for river bottom elevation measurements, up to 86 000 
points per m². In comparison, overall point density for ALB data classified as river 
bottom varied between 7 and 142 per m². Thus, for later spatial grid analyses between 
ALB and multibeam elevations, it was primarily the lack of ALB points that reduced the 
number of observations in the data set.  Further, water surface elevations based on ALB 
data, were estimated as the peak in a frequency distribution of points classified to the 
surface (= class 27). Multibeam sensors do not directly measure water surface elevation. 
Because pools are primarily non-turbulent still-water surfaces, and the data used here 
were recorded with a scan angle up to 80°, i.e., in shallower areas, the upper 99% 
quantile was used as the surface water elevation reference for the multibeam data. 

Data quality assurance indicated that a few grid cell’s (< 5 %) estimated water depth 
turned out negative. Visual data control showed these cells to be located along the 
shallow edge of the water. In these cases, riparian vegetation and protruding boulders 
had presumably been mis-classified as river bottom. All negative depths were excluded 
from further analysis. 

3.4.2 Applying Bayesian linear regression and machine learning. 

For dataset 2 and 3 the data were aggregated and scaled into two alternative spatial 
grid sizes, 25x25 and 100x100 cm. Thus, potential small-spatial effects could be 
explored. Within each spatial unit, we calculated number of LiDAR points together with 
mean, median, minimum, and standard deviation for the elevation values. The datasets 
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were primarily analyzed using regression/classification models with measurement 
accuracy and LiDAR data availability as response variables (igure 6). 

Explanatory factors (predictors) potentially influencing the response variables 1) 
accuracy of the ALB, as compared with control data, and 2) the water penetrating 
capabilities of ALB, i.e., reflecting signals or not, were first explored by recommended 
frequentistic multivariate generalized linear (regression-based) mixed models (Figure 
6, e.g., Bolker et al. 2009; Harrison et al. 2018; Silk, Harrison & Hodgson 2020). Thereafter 
more flexible Bayesian based models in the Integrated Nested Laplace Approximation 
(INLA) approach (Lindgren & Rue 2015; Rue et al. 2016; Niekerk, Bakka & Rue 2021), were 
used to make the models converge. Potential data patterns were explored further using 
the sophisticated machine learning algorithms Random Forests (Breiman 2001; Belgiu 
& Drăguţ 2016; Biau & Scornet 2016) and Gradient Boosting Machine (Friedman 2001; 
Natekin & Knoll 2013; Touzani, Granderson & Fernandes 2018). 

The GL(M) models calculate coefficients (parameters) which indicate predictor 
direction and power, including potential interactions. These models also output 
(smoothed) response curves between relevant variables. However, they also require 
relevant predictors and interactions to be specified for a tested model. The differently 
structured machine learning algorithms on the other hand, are more flexible, and 
potential curvilinear relationships and threshold values may (be more easily) identified. 
In the model simulations, the models are continually cross validated with external ‘test’ 
data not used in the development of the model. Machine learning algorithms may also 
be less sensitive to lack of independence in the underlying data. In the present datasets, 
there are some underlying potential correlations that may not be considered in the 
GL(M) models: The studied river reaches, and ALB sensors, may have properties that 
influence the ALB pulses, possibly reducing within river and sensor variation. 

Data structure 

The transect control data have a hierarchical (nested) structure as each river reach has 
a set of transect, which again consists of 4 – 11-point measurements. Similarly, the 
Multibeam data are for each river from three within-river pools which again consists of 
grid cells. The analysis units are nested within rivers, and rivers are crossed with 
different sensors. Ordinary least squares regression assumes independence, and 
without pseudoreplicates (Hurlbert 1984; Hurlbert 2009). Such violations may lead to 
significance for factors that may be of little importance. Tentative analyses of residual 
plots for transect/pool data did suggest that such linear models did not address all 
variation. Generalized mixed regression models (GLMM) may help consider such 
underlying data correlations, by introducing specified random factors in addition to the 
ordinary fixed factors. If more information about a random factor is wanted, it may be 
included in the model specification as both a random and fixed factor.  

Since rivers and sensors both may have different properties, notably different water 
visibility/clarity (expressed as typical Secchi depth in Table 1) across rivers, this 
potential variation was included in the variables ‘River’ and ‘Sensor’ which were 
included as fixed and random factors in the analyses. Sensors had different technical 
specifications (Table 3), but between-sensor variation would also include the data 
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processing by the different providers, e.g., accuracy of LAS classification, to water 
surface and water bottom, but also non-classified points. 

Outliers with deviations of more than ± 50 cm related to transect data and multibeam 
data included in a statistical model approach may cause noise and mask the strength 
of main effects. Therefore, the grid cells covered by overhanging riverbed vegetation 
and multibeam data with recording angle more than 80° were removed before further 
analyses. The given outliers amounted to less than 2 % of total data set. Moreover, the 
ALB data for riverbed elevation tended to vary more than the corresponding multibeam 
data, i.e., in deep pools. Consequently, water depth from LiDAR data were estimated as 
the difference between water surface elevation from ALB data and the riverbed 
elevation based on multibeam data. 

Data and variables 

Analysis of accuracy using regression models (below), the response variable was 
deviation between bottom elevation measured in situ, either in transect points (river 
reaches) or Multibeam (selected pools), and the corresponding ALB bottom elevations. 
For analyses of the availability of ALB data, classification models were used with a 
binary response variable indicating LiDAR pulse reflection or not in the areas covered 
by the control data. The ALB signal is weakened by the depth of the water, and at a 
certain depth will this prevent signal reflection. Thus, ‘Water depth’ was included in all 
models, when available (dataset 1 and 2), as were ‘River’ and ‘Sensor’ (below). 

The studied river reaches have different gradients. Visual interpretation of aerial photos 
collected simultaneously with the LiDAR data, show clear variations in the amount of 
‘white water’ areas between and within river reaches. A ‘Lightness index’, based on RGB-
values derived from the aerial photos and included for each ALB point in the data, were 
used as a proxy for (air-bubbles in) surface roughness/turbulent water, potentially 
affecting the water penetrating capabilities of ALB. Field Group (fixed wing) delivered 
RGB-values based directly on the original aerial photos with 16-bits data, whereas AHM 
delivered data converted to the 8-bit scale. To be able to use information from the aerial 
photos to evaluate the potential effect of turbulence in a GLMM analysis, the RGB-values 
were transformed to an index ranging from 1 (black) to 100 (white). Since ALB uses green 
light, the index for water surface turbulence was calculated only from the green image 
channel. 

In addition to the RGB-values derived from aerial photos during the ALB recordings, the 
RGB-values extracted from the publicly available best aerial ”Norge-i-bilder” data 
(https://www.norgeibilder.no/) were also modelled. Further, in situ classification of 
dominant substrate particle size indicated finer substrates in Hallingdalselve, i.e., 
dominated by sand and gravel, as suggested by the lower gradient. In the rivers Bøelva 
and Lærdalselvi substrate classes were similar, and generally larger, including rocks 
and boulders, but also covering a range of substrates (Figure 7). 

https://www.norgeibilder.no/
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Figure 7: Riverbed particle size class distributions and variation across the study reaches in the three rivers, as 
measured at the transect points. Value in parenthesis on top is mean class.  

Information about riverbed substrate colors were tentatively derived from the RGB data 
in the aerial photos. However, incoming light and shadows (riparian vegetation) varied 
too much to get consistent classification of sediment color. 

Data structure and statistical models 

The transect control data have a hierarchical (nested) structure, since each river reach 
has a set of transect, which again consists of 4–11-point measurements. Similarly, the 
Multibeam data are for each river from three within-river pools which again consists of 
several grid cells. The analysis units are nested within rivers, and rivers are crossed with 
different sensors. For a nested and crossed design like the present datasets, there are 
some underlying potential correlations that may not be considered in the regression 
and classification models: The studied river reaches, and ALB sensors, may have 
properties that influence the ALB pulses, possibly reducing within river and sensor 
variation.  

Ordinary least squares regression assumes independence, and without pseudo-
replicates (Hurlbert 1984; Hurlbert 2009). Such violations may lead to significance for 
factors that may be of little importance. Tentative analyses of residual plots for 
transect/pool data did suggest that such linear models did not address all variation. 
Generalized mixed regression models (GLMM) may help consider such underlying data 
correlations, by introducing specified random factors in addition to the ordinary fixed 
factors. If more information about a random factor is wanted, it may be included in the 
model specification as both a random and fixed factor. Therefore, the accuracy and 
availability of ALB were first explored by multivariate generalized linear mixed models 
(e.g., Bolker et al. 2009; Harrison et al. 2018; Silk, Harrison & Hodgson 2020). 

Since river reaches and sensors both may have different properties, they were included 
as fixed and random factors in the analyses. The datasets in the present study, did 
generally not converge when using the frequentistic GLMM models. An alternative is to 
use Bayesian model approach, which tend to be flexible and more robust with 
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unbalanced data. Therefore, the R-libraries ‘INLA’ (Integrated Nested Laplace 
Approximations) and ‘bmrs’ were used instead. The full Bayesian simulations in ‘bmrs’ 
are very computer intensive (Brooks et al. 2017; Bürkner 2017b; Bürkner 2017a) and 
were primarily used for control of transect data (Dataset 1, Figure 6). To balance speed 
and flexibility the ‘INLA’ modelling was preferred (Lindgren & Rue 2015; Rue et al. 2016; 
Niekerk, Bakka & Rue 2021). The ‘brms’ gave similar results to the INLA, and only INLA 
results are reported. 

For model selection, the Deviance Information Criterium (DIC) was used (Ando 2007; 
Ward 2008; Maity, Basu & Ghosh 2021), i.e., a Bayesian parallel to the frequentistic 
Akaike’s Information Criterion (AIC) (Akaike 1974). Model selection was based on scaled 
factor values, starting with a model including all relevant predictors and with 
interactions. To have regression coefficients directly related to the units of 
measurements, models are presented using the original values. However, since scaling 
permits direct comparison of continuous variable predictor coefficients and their 
importance in the model (e.g., Schielzeth 2010), the coefficients from models with 
scaled variables are added when considered relevant. For a frequentistic model, the 
importance of relevant predictors may be evaluated also by estimated p-values and 
confidence intervals. A Bayesian model does not provide p-values, but 95% credible 
intervals. The importance of a variable may therefore be judged by how far the lower or 
upper limit is from zero.  

The categorical predictors ‘River’ and ‘Sensor’ were coded as dummy contrasts, using 
the omitted category as reference for comparisons, here AHM in Bøelva. For an 
alternative coding as effect contrasts, the grand mean will be the reference (here of the 
combined river and sensor). However, the values for Leica Chiroptera 4x sensor used in 
Bøelva drew heavily on the grand mean, making it more negative than Riegl VQ-880, 
thereby making it more difficult to explore potential deviations from zero. First, a null 
model (without variable predictors) was investigated to see if any of the included non-
variable factors (predictors) were un-informative. Then all relevant fixed and random 
factors were included in a full model, which thereafter was reduced stepwise by 
removing predictors; first random, then fixed predictors. The GLM(M) models calculate 
coefficients (parameters) which indicate explanatory factor direction and power, 
including for potential interactions. These models also output (smoothed) response 
curves between relevant variables. However, they also require relevant variables and 
interactions to be specified for a test model.  

The differently structured machine learning algorithms (ML) on the other hand, are 
more flexible, and potential curvilinear relationships and threshold values may be 
identified. ML- algorithms may also be less sensitive to lack of independence in the 
underlying data. To make the analysis more robust, both parameterized and machine 
learning models are used. While the parameterized models are evaluated by an 
information criterium (above), the ML-approach to find the best model is evaluating 
sub-models continually through cross-validation. With the cross-validation technique, 
models can be evaluated with data not used in the development of the model. The 
predictive power of the ML-models was calculated by 10-fold cross-validation 
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procedures repeated three times for both the coefficient of determination R² and 
accuracy (for classification).  

The R-library ‘Boruta’ was used (Kursa & Rudnicki 2010; Speiser et al. 2019) to explore 
the overall importance of the relevant predictors. By using the machine learning 
algorithm Random Forest (Breiman 2001; Belgiu & Drăguţ 2016; Biau & Scornet 2016), 
Boruta adds a set of new factors which are being randomized such that the new factor 
values are uncorrelated to the response variable. Boruta then calculates an index for 
the importance of the original factors relative to the new uncorrelated factors, i.e., with 
importance = 0. The Boruta index will include the combined main and interaction 
effects for a factor.  

Finally, to elucidate more in detail how factors may influence 1) accuracy of the LiDAR 
elevation data, and 2) the probability of receiving a reflected LiDAR signal, i.e., the 
water-penetrating capabilities, the algorithm Gradient Boosting Machine (GBM) 
(Friedman 2001; Natekin & Knoll 2013; Touzani, Granderson & Fernandes 2018) was 
used. From the best GBM model, Accumulated Local Effects (ALE) values are estimated 
(Apley & Zhu 2020; Danesh et al. 2022). ALE interprets how a factor (predictor) influences 
the results from a machine learning algorithm. The values from an ALE-analysis may be 
interpreted as the effect of a factor relative to the mean prediction from the data. For a 
given value for a factor (predictor), ALE will return how much the prediction is increased 
or decreased from the mean prediction. Plots of accumulated ALE-values will visualize 
how the different predictors, including interactions, influences the prediction.  

Random forest (RF) and GBM are algorithms that use different decision trees (instead of 
parameterized models). RF draws (with replacement) large numbers of smaller datasets 
(both with respect to number of variables and data) and basis the final result on a mean 
of the independent smaller ‘trees’, i.e., datasets (‘bagging’). This ‘bagging’ approach 
makes the model more robust, in particular for noisy data. On the other hand, the 
independence of this learning structure may reduce the precision for less noisy data. 
GBM use a ‘boosting’ approach, i.e., improves the result via an iterative procedure. For 
each new model, the GBM attempts to improve the parts of the model that came out 
worst in the previous round. Thus, the GBM weighs each new model by its predictive 
power. 

3.4.3 Applying cloud compare 

In addition to Bayesian linear regression as statistical evaluation of accuracy and 
robustness of ALB, a second approach was implemented; the software Cloud Compare. 
Three LiDAR datasets (Optech CZMIL, Riegl VQ880-G and Riegl VQ840-G), a dataset from 
a multibeam sonar (MBES, Norbit Winghead i77h) and a dataset from a Terrestrial Laser 
Scanner (TLS, Leica P50) were used in the comparison of measured bottom elevation (z 
level) accuracy. The LiDAR datasets were compared with each other and the multibeam 
sonar in three reaches in the lower part of Lærdalselvi (Figure 8, M1-M3), and compared 
to the TLS on three gravel bars along the river (Figure 8, T1-T3). The comparison was 
done for the point clouds from the sensors and for raster’s generated from point cloud 
data using the GDAL python package (https://gdal.org/api/python_bindings.html). We 
find the raster comparison important to include since the utilization of data for practical 

https://gdal.org/api/python_bindings.html
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purposes is most often done using raster DEMs (Digital Elevation Model) based on the 
point clouds. 

 

 

Figure 8: Lærdalselvi study site locations with the extents of the Bathymetric LiDAR sensors, MBES, and TLS 
datasets. M and T denote the MBES and TLS dataset’s locations, respectively (reference: Master thesis NTNU, 
Adawalla, 2021).  

The point cloud comparison was done in Cloud Compare (version 2.11.3), using the 
Multiscale Model to Model Cloud Comparison method (M3C2) (Lague et al. 2013) 
method to compare the point clouds. Residuals were computed as Zf(i) - Zb(i), where Zf 
is the elevation of the MBES or TLS and Zb is the elevation of the LiDAR dataset at point 
i. This means that a negative residual in comparison with MBES/TLS the LiDAR mapped 
a higher elevation. The distribution of residuals was analyzed using frequency plots and 
descriptive statistics for each comparison, and the relation between residuals of 
different instruments was evaluated using linear regression.  

3.5 Demonstrating ALB as a future holistic river 
management tool  

To answer the second main objective in this study, “Demonstrate selected application 
areas with respect to freshwater resource management across Norwegian management 
sectors”, selected application and demonstration cases across management sectors 
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were tested in different work packages; i) WP 1.2: Flood risk analysis and mitigation; ii) 
WP 1.3: Erosion and sediment transport; WP 1.4: River restoration, and WP 1.5 
Environmental flow.  

3.5.1 WP 1.2: Flood risk analysis and mitigation. 

The objective with flood risk analysis and mitigation was to demonstrate added value 
of applying ALB in future flood risk analysis and mitigation. Here, we first compare 
calculated inundated areas on a 200-year flood modelling without climate factor 
between hydraulic models based on digital elevation model derived from red 
topographic lidar, river transects and from ALB. Then, secondly, we test 
implementation of detailed nature-based solutions (NBS) in a selected flood mitigation 
study in the lower Lærdalselvi with ALB data. Based on that ALB data demonstrate high 
accuracy and robustness it is of societal importance to evaluate the improved accuracy 
of applying ALB in future flood risk analysis and mitigation work. Importantly, results 
will demonstrate the relative differences between methods and should not necessarily 
be seen as a solution for the flood mitigation solution in Lærdalselvi. For modelling 
purposes the HEC-RAS 2D (HEC-RAS (army.mil)) and Hydro_AS-2D (Hydrotec Aachen - 
Water Resources Management & Software) have been applied.  

Comparing inundated area of red topographic LiDAR, river transects and ALB. 

To compare the added value of applying ALB as basis for future flood modeling three 
different approaches were compared; calculation of inundated area based on i) 
topographic LiDAR, ii) river transects, and iii) ALB data. For the comparison between 
topographic LiDAR and ALB based approach eleven rivers were compared (Table 6). For 
the comparison of both topographic, transect and ALB one river were used as a 
demonstration case, Lærdalselvi. Topographic LiDAR was retrieved from the public 
available national elevation model data base www.hoydedata.no. Today, Norway is 
digitalized based on a digital elevation model (DEM) with a 1 x 1 meter resolution 
through the national elevation model. The data is publicly available as point clouds, 
digital terrain models or digital surface models. This is an important asset in mapping 
flood zones as it provides the basis for detailed mapping of flooded areas, interaction 
between flood water and infrastructure and predicting potential damages and costs of 
flooding. The drawback of DEM based on topographic LiDAR is the lack of bathymetry in 
rivers. However, it is conventionally perceived that in-river low water points are not 
significant important within flood modelling on dimensional floods (200 year).  

Several options exist to utilize the DEM in flood applications, spanning from direct use 
to different approaches of correcting the sub surface geometry. The correction methods 
could be utilization of old cross-sectional data, carry out measurements of bathymetry, 
terrain correction methods or discharge correction methods. This study compares 
direct simulation of flooded areas using the topographic LiDAR to simulate the same 
rivers as using bathymetric LiDAR based geometry. Further, this activity has also 
investigated the effect of using discharge and terrain correction methods to improve 
the bathymetry, although not included in this report. 

The sub surface geometry was merged into the DEM from the topographic mapping 
using interpolated point clouds as a basis for the analysis. The HEC-RAS 2D model was 
used in all cases with a computational mesh of 5 x 5 meters and standard Manning n´s 

https://www.hec.usace.army.mil/software/hec-ras/
https://www.hydrotec.de/en/?cookie-state-change=1672305617888
https://www.hydrotec.de/en/?cookie-state-change=1672305617888
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for the flood plains and the main channel for both cases. For the upstream boundary 
conditions, we used design floods for different return periods (examples shown in Table 
6) retrieved from flood reports (NVE) or from NEVINA. For the downstream boundary 
conditions, we used normal discharge. The input hydrograph was made as a constant 
discharge. The extent of flooding was then measured using a Geographic Information 
System (GIS) and differences between the two geometries was computed. To further 
evaluate the differences, we computed several terrain parameters and related them to 
the differences in floods. 

Table 6: Rivers used in the comparison between flood mapping using topographic and bathymetric LiDAR. 

Site 
Catchment 

Area 

(km2) 

Mean 
Discharge 
(m3/sec) 

Q M 

(m3/sec) 

Q 50 

(m3/sec) 

Q 500 

(m3/sec) 

Driva  2436 63.6 545 885 1115 

Eidselva 386 23.4 66 101 118 

Gaula 3086 83.3 1041 2144 3070 

Lower 
Lærdalselvi 

994 30.7 235 570 890 

Lower Surna  910 40.6 229 454 613 

Storåne 770 24.5 196 374 493 

Tokke  2332 89.5 204 366 492 

Upper 
Lærdalselvi 

750 23.0 215 398 538 

Upper Surna  445 17.4 171 284 355 

Sokna  564 13.0 125 257 347 

Gaua 84.6 2.0 21.9 46.1 63.1 

 

The transect approach using measured river transects as basis for building DEM for 
hydrodynamic flood modelling is today a conventional method. Previously 1D models 
were set up based on river transects that were interpolated throughout the river reach 
of interest, whereas today 2D models are frequently used for developing flood zone 
maps (www.nve.no). In this test we compare the transect approach in 2D hydrodynamic 
modelling with both ALB and topographic LiDAR in Lærdalselvi as study case and 

http://www.nve.no/
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example. It should be noted that generalizing results between different river systems 
should be conducted with care. 

Another alternative but recent approach for flood simulation is to utilize a method of 
deriving geometry from aerial or satellite imagery as a basis for generating the 
bathymetry of the river (Legleiter et al. 2004; Sundt et al. 2021). Using data from four 
rivers, Sundt et al. (2021) used data from bathymetric LiDAR to develop a regional 
formula relating river depth to the color band ratios of imagery from Sentinel-2 and 
Worldview-2 satellites and aerial images from the Norwegian Mapping Authority. By 
then estimating the level of the water surface during time of flight, bathymetry can be 
derived. Wesene (2022) used both the regional method of Sundt et al. (2021) and locally 
derived formulas to create a bathymetry from the lower part of Lærdalselvi based on 
areal imagery which was then integrated in the DEM developed by Adawalla et al. (2022). 
Flooded areas was then simulated and compared to the results from Adawalla et al. 
(2022).  

Implementing nature-based solutions (NBS) in an ALB based approach in Lærdalselvi.  

The objective here aims to demonstrate how ALB data can be applied to model the 
inundated area and selected hydraulic parameters (water depth, flow velocity, and 
bottom shear stress) in relation to nature-based solutions according to guidelines given 
in the Statlige planretningslinjer for klima- og energiplanlegging og klimatilpasning - 
Lovdata (SPR Klimatilpasning). The selected study area (Figure 9) was Lærdalselvi, 
Lærdal centre as part of an ongoing flood mitigation study (www.nve.no). 

 

Figure 9: Lærdal: Overview of the four modeled flood protection and NBS measures (direction of the flow: right 
to left). 

 

3.5.2 WP 1.3: Erosion and sediment transport. 

In this work package the following analysis and demonstration cases have been 
conducted; i) erosion risk evaluation in the lower Lærdalselvi case study as part of 
implementing NBS in ongoing flood mitigation action; ii) ALB as basis for automatic 
substrate roughness calculation in rivers; and iii) Application of ALB Data for Erosion 

https://lovdata.no/dokument/SF/forskrift/2018-09-28-1469
https://lovdata.no/dokument/SF/forskrift/2018-09-28-1469
http://www.nve.no/
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and Sediment Budget based on repeated ALB surveys, iv) Application of ALB for 
evaluating erosion risk in quick clay zones. 

Regarding i) erosion risk evaluation of NBS in the lower Lærdalselvi of a 200-years flood 
with climate factor the flood hazard parameter ´erosional risk´ was analyzed. 
According to Hauer et al. (2021), the Froude number can be taken as a parameter with 
increased risk of scouring processes. In addition to bottom shear stress or stream 
power, the Froude number - in terms of supercritical flow (Froude nb. > 1) - gives an 
indication that due to hydraulic jump formation and energy dissipation. The risk of 
uncontrolled erosion might be high at such locations based on the Grant´s theory that 
rivers never establish supercritical flow on longer distances over longer periods. The 
analysis is presented for detailed sections of the downstream reach at Lærdal (Figure 
10) for the various sections of interest (red squares). Section (i) includes three different 
hydro-morphological stretches; (1) man-made modified river stretch, (2) bifurcation 
stretch with self-forming morpho-dynamics and (3) a second man-made modified river 
stretch. Section (ii) is located further downstream on the left overbank area of the 
village Lærdalsøyri.  

 

Figure 10: (a) Aerial photo of lower Lærdalselvi sections and reaches of detailed erosion risk analysis are 
highlighted; section (i) including three different hydro-morphological characteristics; river training parts (1) and 
(3), near natural river morphology (bifurcation) (2), also as a role model for NBS for this river type. 

Regarding ii) ALB as basis for automatic substrate roughness (z-level) calculation in 
rivers quantitative and statistical analyses of absolute roughness variability was 
conducted with the objective to automatic detect river classes according to Hauer & 
Pulg (2018). Validation data for river classification according to Hauer & Pulg were 
conducted as a desk top study confirmed with field survey autumn 2021.  

Table 1 gives an overview of the pre-classified river classes of the three case studies 
Lærdalselvi, Hallingdalselve and Bøelva. Both field data measurements and statistical 
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analysis of roughness variability within ALB data set stratified according to different 
raster resolution (5 cm – 25 cm – 50 cm – 100 cm) for AHM and for Hexagon were 
conducted. Further, the quantitative and statistical analyses of absolute roughness 
variability were carried out on Bøelva (AHM and Hexagon data sets) and on Lærdalselvi 
(AHM vs. Field Group), and thus allowed for a comparison between the input data sets. 
The datasets coming from the different suppliers have noticeably different densities in 
the point clouds, resulting from the different sensors that were used in the data 
acquisition. Since the AHM data set has the higher point densities and a high-resolution 
raster with a cell size of 5 cm could be generated with satisfying results, these data 
(AHM: 5 cm) represent the “highest quality reference” within the analyses at hand. 
Example of longitudinal profile and calculation of variance based on high resolution ALB 
data is given in Figure 11. 

 

Figure 11: Example of longitudinal profile (orange) of Bøelva based on the AHM-raster with a cell size of 5 cm. 
Variances of z-differences between the single points within each cross-section and the corresponding median 
elevation of that cross-section are given as green – meso-unit perspective. 

Regarding iii) Application of ALB Data for Erosion and Sediment Budget based on 
repeated ALB surveys between floods, evaluation of bathymetric riverbed changes was 
conducted based on two consecutive flights applying Riegl-880 before and after a large 
flood in Lærdalselvi (2018 vs. 2021) and in the river Tokkeåi (2015 vs 2016; 25-30-year 
flood, 425 m3/s). Differences between the two obtained DEMs were calculated and 
presented in erosion. Here, Lærdalselvi was used as study case for a 15 km long river 
reach (Kuvelda and down). 

Considering iv) Application of ALB for evaluating erosion risk in quick clay zone in lower 
Glomma (Figure 12), was conducted developing a residual plot between two 
consecutive bathymetric surveys. First, the dataset collected in 2004 using multibeam 
(MBES) was tested for a horizontal shift with the combined ALB and MBES dataset 
collected in 2021 using the 3D DEM comparison CNES tool 
(https://demcompare.readthedocs.io/). A horizontal shift between the two datasets 
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could result in artefacts in the residual plot and false positives in the subsequent 
analysis. With the two grids aligned the residual plot was generated by subtracting the 
bathymetry from 2021 with the bathymetry from 2004 and areas with significant 
difference was nominated as areas for further investigation. 

 

Figure 12: Map showing distribution of quick clay sone (red area) in Glomma.  

 

3.5.3 WP 1.4: River restoration. 

In the demonstration case of ALB as a river management and planning tool for river 
restoration a practical example of removal of weirs were applied in Lærdalselvi. Here, 
hydrodynamic modelling used for evaluating the impacts on physical variables 
(inundated area, water depth, water velocity and shear stress as an indicator for 
sediment transport and erosion) was conducted.  

In Lærdalselvi, after the hydropower regulation, weirs were built along the river to either 
counteract low flow conditions (ensure water covered areas), to handle ice erosion, and 
to improve salmon fishing locally by establishing fishing pools. The weirs in Lærdalselvi 
are defined as both straight crested and upstream “Syvde” weirs. Discussions whether 
the weirs function as intended or not, and their effect on substrate and fish habitat have 
been raised lately. Thus, removal or modification of weirs would be an option. Here, we 
use a 2D hydraulic model (HEC-RAS 2D) to investigate the effect of weir removal and 
weir modifications on hydraulic conditions.  
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The basis for the hydrodynamic analysis is DEM of Lærdalselvi from the Stuvane power 
plant to the fjord based on a bathymetric LiDAR point cloud collected by a Riegl VQ880-
G sensor in May 2018. The point cloud is interpolated into a 0.35 x 0.35 m DEM as basis 
for the h-d modelling. The bathymetric DEM is further merged with a DEM of the 
adjacent terrain from the national elevation model (www.hoydedata.no). The 
bathymetric data set has a high resolution (mean point density of 117 pts/m2) rendering 
the weirs visible in the dataset. To test the applicability of ALB as a planning tool for 
potential weir removal it was decided to remove all 41 weirs existing on the given river 
reach (Figure 13), in addition to analyze a detailed weir adjustment for one selected 
weir. 

Figure 13: Map of weirs removed in Lærdalselvi (left) from Stuvane power plant and down to the outlet (fjord) 
(left), and an example of a weir from the digital terrain model showing details in the ALB dataset (right). 

There are different ways to remove a weir. For the complete removal test we assumed 
that we would create an evenly sloped riverbed from a cross section upstream of the 
weir crest to a cross section just downstream of the deep pool/energy dissipator found 
downstream of the crest. This is illustrated in Figure 14, where panel a) shows a bird’s 
eye view of the weir and the cross sections and panel b) shows a vertical section through 
the weir from the upstream to the downstream cross sections. Based on above method 
and the original DEM, all weirs were removed using a GIS. We kept the roughness factor 
of the upstream weir basin for the new reach. The hydraulic model was calibrated in a 
previous project (Alfredsen et al. 2019). To assess the effect of the weir removal, 
discharges from 10 – 70 m3/s was simulated with an interval of 5 m3/s in addition to 120 
m3/s was run for the current and the situation with no weirs. In addition, we ran 
discharges of 230 and 530 m3/s which correspond to the mean flood and a 20-year flood 
to assess changes in erosion. All analysis of changes in hydraulic variables is restricted 
to the weir basin upstream of the weir. 
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Figure 14: Method for weir removal. Panel a) shows a bird´s eye view, b) a longitudinal section through the weir. 

 

3.5.4 WP 1.5 Environmental flow in regulated rivers. 

Hydraulic simulation tools have had an important place in environmental flow analysis 
since the development of PHABSIM (Physical Habitat Simulation) in the 1980s. The 
development of effective tools, particularly in 2D, have opened new possibilities for 
detailed simulations of many aspects of environmental analysis. Combined with high 
precision bathymetry new possibilities for high detail analysis are available, and the 
new detailed bathymetry also has a very high potential for analysis of changes in river 
geometry, river rehabilitation (see section on weir removal in this report) and 
evaluation of river training works. In this part, we will present examples and results of 
application of hydraulic modelling combined with bathymetric LiDAR geometries for a 
variety of applications within modelling river environments; i) Simulation of water 
covered areas and linkages to ecological assessment; ii) hydropeaking, and iii) 
automatic meso habitat classification.  

Simulation of water covered areas and linkages to ecological assessment 

As a part of several projects in Lærdalselvi Alfredsen et al. (2019); (Bustos et al. 2020) 
hydraulic modelling to estimate the water covered area of the river for different 
discharges has been done using HEC-RAS. The foundation for the model is a 
bathymetric LiDAR point cloud measured in 2018 using the Riegl VQ880-G sensor, and 
the model is calibrated against RTK-GNSS measurements from two discharges and the 
observed water edge during the LiDAR flight. For the evaluation against the water 
covered area we found an average difference of 1.5% for 10 areas ranging from around 
6500 to 36000 m2. For the GNSS data we found a mean absolute error in the water level 
of 5.5 and 3.8 cm for discharges of 38 and 10 m3/s respectively. Given the uncertainty in 
the measurements this shows a good fit between observations and model. This model 
was then used to simulate the water covered area of the river for a range of discharges, 
and as a basis for quantitative estimation of dry areas when discharge changes. 
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Hydropeaking 

Hydropeaking is the term used for the rapid operation of hydropower plants to meet 
market demands and to optimize profit through production when the demand and 
prices are high and a stop or reduction in production when demand and prices are low. 
This operation lead to fluctuating flow turbine flow, which can be detrimental to 
downstream ecosystems particularly when the outlet is in a river (Hayes et al. 2021; 
Halleraker et al. 2022). Key factors in the analysis of peaking impacts are the vertical 
ramping rate and lateral drying rates which describe how fast the water drops (often in 
cm/hour) and the rate of drying (area/hour) at a certain point in the river. This is related 
to stranding of fish and invertebrates, impacts on substrate and shelter, and effects on 
riparian vegetation among other things. A LiDAR bathymetry would provide a detailed 
foundation for the simulation of the propagation of a shutdown (or start up) wave 
downstream from the power plant, and the foundation to extract the vertical and lateral 
ramping rates at any location, which can then be used in impact assessment studies and 
for planning mitigation measures (Bakken et al. 2021). 

Automatic meso habitat classification based on ALB and hydrodynamic modelling 

Habitat mapping based on meso-scale habitats are used in practice in many studies of 
Norwegian rivers (e.g.Fjeldstad et al. 2019) Originally based on the method by Borsanyi 
et al. (2004) using estimates of depth, surface velocity, surface pattern (smooth, waves) 
and slope to determine the habitat classes, a simpler system was devised in the 
environmental design handbook (Forseth and Harby 2014). A drawback with the meso-
habitat method is that it requires extensive field and/or image classification efforts to 
establish the maps, and this must be repeated for all discharges that are needed in the 
assessment. In between discharges must be interpolated, which is an uncertain 
process. This also makes the method difficult to use to evaluate river rehabilitation or 
effect of other changes since we do not have any field data post development. 

To try to solve these issues we combined a 2D hydraulic simulation, the LiDAR 
bathymetry data and aerial imagery in a supervised classification algorithm in a GIS to 
derive meso-habitats using both the Borsanyi method and the Environmental design 
method. This is a method still under development, but promising. 

3.5.5 Comparing dense image matching (drone) with ALB. 

Dense image matching using drones can be cost efficient for mapping river bathymetry 
based on ‘dense image matching’ (photogrammetry). Recent development has 
improved the picture quality and analysis methods, and reduced costs, thus evaluating 
this method is of interest. However, dense image matching is sensitive to local hydraulic 
conditions (turbulence, dark bottom, water clarity) and sunlight (reflections). In this 
study we evaluated the accuracy in river bottom detection (z-level) by comparing dense 
image matching with ALB data. For comparison of acquired data based on dense image 
matching and ALB, the maximum water depth of each profile was calculated (the 
deepest point in each transects, independent if it was covering the full river width or a 
part of the river), and 75 and 90 percentile of all profiles per river were used to analyze 
the area that would have been possible to survey manually. Water depth from ALB data 
was derived by subtracting bathymetry (class 26 in the ALB data, processed to raster 
with 5 and 25 cm resolution) from the water surface (class 27 in the ALB point cloud, 
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processed to 1 m raster with averaged values to correct for outliers in the laser point 
cloud). In Hallingdalselve the water level was so much higher during ground sampling 
that most surveying points were on land in the laser scan. Analysis for this dataset were 
therefore dropped. In lower Lærdalselvi, Oftepollen, CloudCompare was used to 
compare the drone-RTK point cloud with the Teledyne Optech CZMIL Supernova ALB 
point cloud. In Bøelva Riegl VQ-880-NG was used. 

3.5.6 How many ALB points do we need? 

Bathymetric LiDAR provides point clouds with high point densities per unit area. 
However, the required density is depending on the intended user, e.g., flood risk 
analysis and mitigation, erosion and sediment transport, river restoration and 
environmental flow in regulated rivers. Different applications will require different point 
densities from the ALB data point cloud and increasing point densities have increasing 
costs. Here, the objective is to quantitatively evaluate the change in accuracy in 
riverbed elevation (z-level) between different point densities per unit area (m2) as basis 
for hydrodynamic modelling (HEC-RAS 2D). Various hydraulic parameters are evaluated 
with a particular focus on water covered area (inundation area). For future acquirement 
of ALB data in freshwater management knowledge on the need for different point 
densities is thus both a discussion on costs and benefits.  

Following, we carried out a study where we removed points from the point cloud and 
interpolated new bathymetries with a gradually decreasing point density. The study 
area was the river Storåne in the upper Hallingdalselve which was measured with the 
Riegl VQ880 and processed into a classified point cloud on las format. This analysis was, 
however, also conducted in Bøelva but not included in this main report. The study area 
used for the analysis is from the outlet of Hol1 power plant (Hafslund Eco Vannkraft) 
and 2.5 km down to the outlet in Hovsfjorden. The site is interesting for model analysis 
due to the braided nature of the river with several islands and side channels. The site is 
previously modelled for both flood inundation comparison (Adawalla et al. 2022) and 
for the assessment of hydropeaking effects (Juarez et al. 2019). Here, we generated a 
new combined bathymetry and topography by merging the bathymetry interpolated 
from the point clouds with varying densities. The point densities (PD) used is shown in 
Table 7. The PD0.01 density could represent a density obtainable from a manual 
measurement campaign using a combination of GNSS and echo-sounders. 

Further, the point clouds were first interpolated into a triangular irregular network 
before being interpolated into a raster of 0.25 x 0.25 meters which is used in the 
hydraulic modelling (Figure 15). The actual point reduction was done using an 
algorithm developed by the Norwegian Mapping authority. 
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Table 7: Overview of point clouds used in the assessment of effects of point densities. 

Code PD16 PD4 PD1 PD0.25 PD0.04 PD0.01 

Point/m2 16 4 1 0.25 0.04 0.01 

m2/point 0.0625 0.25 1 4 25 100 

Square side 0.25 0.5 1 2 5 10 

 

Figure 15: Interpolation strategy for creating bathymetries for the point comparisons. 

The interpolated geometry is shown in Figure 16. We can see from the figure that going 
from PD16 to PD0.01 we reduce the detail of the bathymetry, e.g., the channels in the 
river bottom between the two islands and the detail of the small island in the upstream 
end. Note that the detail in the flood plains is similar between the different point clouds 
since these are based on the NDH DEM. This is done to get a comparable simulation of 
flooding on the floodplains. 

Figure 16: Example of the interpolated bathymetry integrated into the DEM from www.hoydedata.no. PD16 
shows the 16 points per m2 density and PD0.01 is the 0.01 points pr m2 density. 

To assess the effect of point reductions we looked at the process of calibrating the 
model on different bathymetries, a comparison of simulation of floods with return 
periods of 10, 50 and 200 years, we simulated low flows of 2.4 and 0.5 m3/s and a 
hydropower shutdown from 60 to 2.4 m3/s. All hydraulic simulations were done using 
HEC-RAS version 6.3. Sensitivity analysis was carried out to check the effect of different 
computational grid cells and the diffusive and full momentum solvers. Based on this we 
used a grid cell size of 1 x 1 meter and the full momentum solver. Comparison of areas 
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and water surface elevations (WSE) were done using the equations below. The Area and 
WSE was compared with the value obtained using the most detailed geometry, PD16. 

 

The model was calibrated against a water level measured with an RTK-GNSS for 

discharges of 15 and 44 m3/s. All geometries were calibrated with the aim of finding a 
single manning number for the entire channel. The results show we could obtain 
reasonable results on all geometries. 

 

Table 8: Results from calibration. 

Geometry n Mean (m) Sd (m) 

PD16 0.05 0.101 0.080 

PD4 0.05 0.100 0.078 

PD1 0.05 0.099 0.080 

PD0.25 0.05 0.102 0.080 

PD0.04 0.05 0.099 0.083 

PD0.01 0.04 0.117 0.094 

 

Finally, it was also evaluated the impact of point density on hydraulic modelling time. 
As the mesh accuracy increases (higher point density/m2), the accuracy and the time of 
hydrodynamic modelling also increases due to increasing number of nodes as part of 
the calculation algorithm. Based on the calculations from the rivers Bøelva and 
Lærdalselvi a rough estimate of the calculation time can be given. The estimated 
calculation time of hydrodynamic modelling is linked to cost benefit of ALB as basis for 
future modelling purposes in different applications.  
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4 Results 
In the following, main results according to work packages WP 1 and WP 3 (rivers and 
future procurement) are presented. Further, the WP 1- Rivers is presented based on the 
sub work packages WP 1.1 – WP 1.5; validation and demonstration of different 
application of ALB across freshwater management sectors (flood, erosion, river 
restoration and environmental flow). The project represents a high complexity 
considering method development evaluating ALB accuracy and robustness and 
demonstrating different application areas. However, only selected key analysis and 
results to answer the main project objectives are presented in this report. 
Supplementary method development, statistical analysis and additional results can be 
found in separate sub reports from R&D partners USN, NTNU, BOKU and NORCE. 

4.1 WP 1 River 
In this sub chapter results from WP 1- Rivers are presented according to sub work 
packages WP 1.1 – WP 1.5. First part is WP 1.1 Validation answering main objective 1 
“Evaluate the accuracy and robustness of ALB technology on selected Norwegian rivers 
and lakes”. Two main methods were applied; i) Bayesian linear regression and machine 
learning on Lærdalselvi, Hallingdalselve and Bøelva, and ii) Cloud compare on 
Lærdalselvi. These two approaches are reported below. 

4.1.1 WP 1.1 Validation I: Bayesian linear regression and machine learning. 

Data exploration for more detailed analysis of accuracy and robustness 

Overall, the remote sensing ALB riverbed elevation data indicated high accuracy as 
compared with in situ control data. Median values were generally within deviations (In 
situ minus LiDAR data) less than ± 5 cm and not more than ± 10 cm for both the transect 
and multibeam pool data (Figure 17).  

For the transect data, this may be within expected sampling errors considering the 
difference in methods and especially the on average relatively large substrate particle 
classes/sizes found in the rivers Bøelva and Lærdalselvi (Figure 7). For the finer and less 
variable substrates in Hallingdalselve, estimated riverbed elevations were virtually 
identical between in situ transect point and remote sensing ALB data. Furthermore, the 
multibeam dataset (pool sections with max water depth 10 and high point density) 
allowed for strong analyses of the effect of water depth on measurement accuracy, and 
analyses of data loss. Multibeam control data from the deep pools indicated similar 
overall accuracy as for transect control data, but with considerably more spread and 
more outliers (Figure 17). This may, at least to some extent, result from the large 
datasets from multibeam and ALB. More detailed analysis of this larger spread in 
deviations in measured riverbed elevations in pools did not indicate any consistent 
pattern, neither across rivers, nor sensors. Visual inspection of grid cells exhibiting 
deviations of more than ± 50 cm, indicated that many of the outliers were either close 
to the riverbanks, in riverbed areas with steep slopes, or in grid cells with few data 
points. Thus, outliers may tentatively be caused by noise, rather than sensor technical 
errors, i.e., disturbance/misclassification of ALB data due to (overhanging) riparian 
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vegetation and less precise multibeam riverbed elevation data in shallow areas with 
high riverbed angle.  

Figure 17: Deviations in estimated riverbed elevation between in situ control and remote sensing ALB data. a) 
Control data measured at points in situ with dGNSS. b) Control data measured in deep pools with multibeam 
sonar, c) Control data measured in deep pools with multibeam sonar but with data outliers larger than 50 cm 
removed. The ALB data in a) are calculated as the median value of points within a 56 cm buffer around the 
control point and in b) for grid cells of 100 x 100 cm. 

Regarding robustness on ALB data loss, visual exploration of ALB data indicates a 
pattern where the loss is located to the deepest parts of pools, and not to riverbanks. 
ALB data loss was generally small in shallower areas but appeared to increase rapidly 
at a critical water depth (reached in the deeper pool areas). This pattern was similar 
across rivers with the greatest loss in Bøelva (up to 70%) and least in Lærdalselvi (up to 
7%), and to a lesser extent across sensors. The difference and abruptness in data loss 
between rivers suggested an effect of water visibility, as indicated by Secchi depth. 

Water surface turbulence, or ‘white water’, may potentially also cause loss of ALB data. 
However, the analyzed tentative proxy variable ‘Lightness index’ (‘white water’ due to 
air bubbles as derived from the RGB-values in the simultaneous aerial photos) did not 
show any clear pattern with turbulent water, neither for the transect point nor the 
multibeam data. Manual control indicated that the ‘Lightness index’ also turned out to 
be affected by especially green riverbank vegetation and incoming light/shadows along 
the forest lined river reaches in the rivers Bøelva and Hallingdalselve. In the open 
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landscapes along Lærdalselvi, manual inspection indicated that the lightness proxy did 
reflect ‘white water’, i.e., surface turbulence, allowing for these analyses in Lærdalselvi.    

Accuracy in the measurements of river bottom elevation 

The more detailed regression analysis corroborated the results from the data 
exploration. Since the main interest was to explore deviations between control and ALB 
data the absolute values of the deviation were first explored as a response. However, 
this would mask any directional tendency for LiDAR data (over- or underestimate 
riverbed elevation). For example, surface refraction might generate consistent bias. A 
GBM model for the transect data (dataset 1) explained 42 % of the cross-validated 
variation with directional deviation as response, compared to only 27% when the 
absolute value of the deviation was used as response. For multibeam data (dataset 2), 
the difference in explained variation was similar. The preliminary analyses indicated 
directional deviation to be more informative than absolute values and was therefore 
preferred used as response in the analyses. 

The Boruta approach of using uncorrelated dummy variables with the Random Forest 
(RF) algorithm identified Sensor as most important variable for the accuracy of ALB 
measured from the transect data (Figure 18). However, most of the data from transect 
points represented water depths around 45 cm, with range down to 1.2 meter, which 
might be too shallow to detect effects of water depth.  

 

Figure 18: Importance of the predictors in a Random Forest model in explaining the response variable deviation 
in riverbed elevation between in situ transect points compared to remote sensing ALB. The index is calculated 
via randomization of variables in a Random Forest model using the R-library Boruta.  

The ‘best’ INLA mixed-regression model, derived from the DIC (Deviance Information 
Criterion) selection procedure, included as fixed predictors the same four variables 
Depth, Substrate, Sensor and River, and with River and Sensor, as well as 
Transects/points, as important random effects. Results were similar for a 56 or a 28 cm 
radius around transect points, and with 6 % more data points (from 493 to 501) in the 
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model and less variation, the 56 cm model is shown. The more detailed analysis results 
from the parametrized INLA model indicated the effect of increasing Substrate class is 
negative, meaning that with increasing substrate particle size, the ALB sensor estimates 
riverbed elevation to be somewhat higher than in situ transect point measurements. 
This deviation tended to be more pronounced for the smaller 28 cm radius data (not 
shown). One likely explanation for this, is the use of a measuring stick for the in situ 
transect point measurements. The footprint of a stick is very small. The stick was likely 
placed ‘on the bottom’, i.e., between raised rocks, and such a measurement error would 
increase with increasing substrate particle size. ALB data on the other hand, measured 
riverbed elevation as the mean (both mean and median gave the same results) across 
points within the defined area (56 or 28 cm radius), and with footprints of LiDAR point 
to more than 20 cm, the LiDAR measured elevation would increase with increasing 
substrate particle size. Regardless, the effect is small, as indicated by the small 
coefficient.  

The main effect of (water) Depth was modelled as weakly positive, and with the sensors 
Chiroptera 4x and Riegl VQ-840 emerging as important, and with the Riegl VQ-840 as 
weak. Depth is also in weak interactions with different sensors in the best INLA model. 
However, effects, i.e., coefficients, were consistently small and only with Riegl VQ-880 
and Teledyne Optech CZMIL emerging as important. Also, their effects were opposite, 
with slightly increasing deviation with depth for Riegl VQ-880 and decreasing for 
Teledyne Optech. This is likely explained by the fact that the sensors Riegl VQ-880 and 
Teledyne Optech were used in three and two rivers, respectively, and Leica Chiroptera 
4x only in one. Besides, Teledyne Optech results were negative (at zero depth) relative 
to the Riegl VQ-880 (reference (intercept) at zero depth), which in turn was positive, i.e., 
increased with depth.  

These depth-sensor interaction effects come in addition to the main effect, making it 
more difficult to see total effect. Therefore, the overall effect of water depth, as 
modelled with INLA and Gradient Boosting Machine (GBM) within the range of available 
data for river and sensor, is visualized in Figure 19, keeping substrate constant on the 
river mean. Again, deviations are consistently small and around 0 (generally less than 
10 cm). An exception was the Leica Chiroptera 4x sensor in Bøelva in shallow water (< 
50 cm), with ALB consistently estimating the riverbed elevation about 10-20 cm higher 
than the in situ transect control measurements. For deeper areas, measurements were 
similar, but data points were few. This exception and its systematic nature may suggest 
some sensor calibration problem. It may also to some extent perhaps be tied in with the 
increased deviation with increased substrate size (above). However, it would then be 
expected to appear also across sensors. Also, the machine learning model GBM gave 
similar results (with R2 = 42 %) to the INLA model, except for Teledyne Optech in 
Lærdalselvi. Here, the INLA model suggested a weak negative trend for deviation 
with depth, the GBM model found no effect (even line) for the same data. However, 
data here were few. 
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Figure 19. Deviation in riverbed elevation between in situ transect point measurements and remote sensing ALB 
mean measurement within a 56 cm buffer area around the point. For comparison, riverbed substrate size (class) 
was kept constant at the mean for each river. The black line with grey credible interval indicates the INLA model 
result, and the blue line indicates the Gradient Boosting Machine model result. The red dots are the measured 
deviation for each river and sensor combination. 

Multibeam data from pool sections (deep water) 

With the pool data, ‘Sensor’ appeared again as an important variable from the Boruta 
analysis, but not more than ‘River’ and ‘Slope’ (Figure 20). Most data in the pools were 
from water depth around 2.5 meter ranging down to more than 10 meters (Lærdalselvi). 
The increased importance of ‘Rivers’ in the pools compared to the transect data, might 
be due to a more apparent effect of the difference in water visibility in deeper water.  
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Figure 20: Importance of the predictors in a Random Forest model in explaining the response variable deviation 
in riverbed elevation in pools between in situ Multibeam compared to remote sensing ALB. The index is 
calculated via randomization of variables in a Random Forest model using the R-library Boruta.  

The ‘best’ INLA regression model for ALB versus multibeam data (1 x 1 m grid) indicated 
the fixed predictors Slope, Depth (including interactions with sensor and river), sensor 
Leica Chiroptera 4x, and Lærdalselvi as important. Important random effects were river, 
pool/grid cell, and sensor. The coefficients for the fixed effects, and the variation of the 
random effects are very small, with differences between pools showing the highest 
variation among the random effects (SD = 4.3 cm). The negative association with 
increasing slope, means that the ALB data estimated riverbed elevation to be higher 
than the multibeam data. Additional regression analyses, however, with the smaller 
grid size 25 x 25 cm (not shown) indicated that the predictors River and Sensor became 
somewhat more important in influencing riverbed elevation deviations, whereas the 
influence of Depth was reduced. This was expected, as a decrease in grid size may 
increase within-grid differences and variation in aggregated elevation data, particularly 
when measurement points are few and sporadic. The ALB data has significant more grid 
cells with few data compared to the multibeam data. The negative effect of riverbed 
slope might also be amplified from the known potential noise in the multibeam data 
associated with high beam angle towards the edges of the pools where also the slope is 
highest. Regardless, with a coefficient for the slope of -0.18, the effect of slope on the 
deviation between multibeam and LiDAR is small. For the maximum slope registered 
(70°) the model estimates an increase in deviation from a flat surface of only 12.6 cm. 

The INLA regression model suggested only a weak negative effect of Depth on the 
deviation response. However, the effects of water depth on sensors and rivers are hard 
to extract directly from the INLA model due to their interactions. By keeping the slope 
constant at the mean for each river the effect of water depth (including the interactions) 
can be shown better (Figure 21).  
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The weak effect of water depth is seen by the small changes in the relationship line for 
most of the river-sensor combinations. The different slopes and deviations and with 
LiDAR data both above and below the multibeam data, suggested that the depth effect 
may to some extent stem from an offset for some of the LiDAR sensor-river data, e.g., 
Riegl VQ-880 in Hallingdalselve and Teledyne Optech in Lærdalselvi. As suggested for 
the offset measurement results for the in situ transect point data compared to remote 
sensing ALB (Leica Chiroptera 4x) data above, this offset for the multibeam versus ALB 
data may stem from LiDAR calibration issues. Also, multibeam data as typically highly 
accurate in deeper areas may become ‘noisier’ in shallower water and for sloping 
riverbed elevations due to the increasing sensor/footprint angle (above) (e.g., Hughes 
Clarke, Mayer & Wells 1996; Calder & Mayer 2003).  

Figure 21: Deviation in riverbed elevation between in situ Multibeam measurements and remote sensing ALB 
mean measurements within a 100 x 100 cm grid. The model did not include slope or lightness. The black line 
with grey credible interval indicates the INLA model result, and the blue line indicates the Gradient Boosting 
Machine model result. The red dots are a random sub-sample of 1500 datapoints for each river and sensor 
combination out of the 43 052 datapoints used in the development of the model. Outliers (deviation > 50 cm) 
were removed before running the model. 

The results from the INLA regression model suggesting only a weak negative effect on 
the deviation was confirmed by the machine learning algorithm GBM. However, the 
GBM model only explained up to 39 % of the deviation between multibeam and ALB 
data. Again, the relatively low explanatory power imply that the predictors slope, depth, 
sensor, and river have little influence on measurement accuracy, as also seen from the 
small deviations with slope close to zero in Figure 21. Therefore, further analyses of 
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measurement deviations using these procedures were not pursued. Instead, the focus 
was on the increasing data loss with increased water depths.  Overall, the results from 
the accuracy analysis indicate a general low measurement bias, and when present, the 
cause is probably due to calibration issues.  

 

Robustness of ALB, loss of data in deep pools 

Whereas water depth tended to have little effect on measurement accuracy, and 
calibration issues appeared to be more prominent, water depth had a major effect on 
the availability of ALB signals, or loss, as indicated by the Boruta analysis (Figure 22). 
The Boruta analysis, with data loss or not as a response variable, also suggested that 
‘river’ was a considerably more important predictor than sensor and slope for receiving 
a reflected ALB signal.  

Figure 22: Importance of predictors on the binary model with response ALB signal loss or not, with in situ data 
by Multibeam compared to remote sensing ALB. The index is calculated via randomization of variables in a 
Random Forest model using the R-library Boruta. 

The interpretation of the strength of the predictors is more difficult by the interaction 
terms and thus more easily interpreted when plotted for each of the different river-
sensor combinations (Figure 23). Figure 23 strongly indicates how the probability of 
receiving a ALB signal abruptly drops at a critical water depth rather specific for each 
river; around 3 m for Bøelva and 5 m for Hallingdalselve, i.e., corresponding to their 
Secchi depths (Table 1). The differences between the rivers are most easily seen for the 
Riegl VQ-880, which was used in all three rivers. Also, with data from the same river, the 
pattern of the sensors Leica Chiroptera 4x and Teledyne Optech may be compared with 
Riegl VQ-880, indicating deeper penetration. The Riegl VQ-840 only covered deeper pool 
areas in Bøelva. Here, this sensor appeared to penetrate slightly deeper that the two 
other sensors applied. The abrupt drop in probability of receiving ALB data was also 
dependent of sensor, with a somewhat wider ‘drop’ range for Teledyne Optech, which 
had the more powerful sensor, but with lower point density. In Hallingdalselve Teledyne 
Optech penetrated about 1 m deeper than the Riegl VQ-880. Lærdalselvi was, however, 
different with no abrupt ‘drop’. This reflects the fact that for the “gin clear” Lærdalselvi, 



 

 58 

no pools were deep enough to estimate Secchi depth. Essentially, the bottom identified 
visible depth. For the less penetrating Riegl VQ-880 sensor, there appears to be a change 
in probability around 9 m depth. These results fit well with the more visual data 
presentation of overall data loss. 

 

Figure 23: The probability of retrieving ALB data as a function of water depth in deep pools calculated from 
binary response models with grid size 100 x 100 cm (n = 43052). The slope was kept constant at the mean for 
each river. The black line with Credible Interval indicates the INLA model results, and the blue line the Gradient 
Boosting Machine model results. The red dots are the proportions of ALB data received within groups of 4 cm 
depth for each river and sensor combination. 

 

The combined effects of the three rivers and four sensors on the probability of receiving 
an ALB return signal, summarized in the ALE-plot (Accumulated Local Effects) from the 
GBM algorithm (Figure 24) clearly indicates the threshold depths around 2-3 and 5-6 m 
for receiving a return signal (lower left panel). Slope does not seem to influence this 
probability much. The influence on receiving a signal was lowest in Bøelva and highest 
in Lærdalselvi, whereas the effect of sensor is more marginal. The result underlines the 
importance of the water visibility (water color/TOC) on the robustness of ALB signals. 
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Figure 24: The influence of the predictors on the probability of receiving at ALB return signal or not in the binary 
Gradient Boosting Machine model. Grid cell size was 100 x 100 cm, n = 44 000, and the GBM R2 = 94.4 %. The 
Accumulated Local Effects (ALE) values indicate how predictors influence the predictions of a machine learning 
model on average, including interactions. For name abbreviations, see table 2. 

To explore further the potential effects of higher resolution and water depth, the 
analyses were also run for grid size 25 x 25 cm. To balance effort and output and focus 
on the deepest areas with the largest potential for ALB data loss, these analyses used 
data from the deepest pool in each river. A 10 000 data point randomized sub-sample 
was extracted for each sensor.  As expected, the higher resolution and the deepest pool 
areas increased the probability of data loss, especially for the Teledyne Optech sensor. 
With the 25 cm grid, the probability of retrieving ALB data with this sensor, was less than 
50 %. However, this reduced probability was more related to riverbed elevation point 
density than water depth. With the 25 cm grid size, many cells did not have points at all.  

The loss of ALB data points and reduced point density, i.e., the reduced number of 
points classified as riverbed and total number of points reflected, was as expected 
largest in Bøelva and smallest in Lærdalselvi (Table 9). The larger loss per unit area 
relative to number of points, was caused by the increase in ‘empty’ grid cells, i.e., 
without any LiDAR data.  
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Table 9: Point density (per m2) and loss of data for 100 cm grid cells compared to 25 cm grid cells. Data only 
from the deepest pond in each river. 

 Point density (per m2) % loss 100 cm % loss 25 cm  

River/Sensor Multi-
beam 

All 
reflected   

River 
bottom¹ 

% loss Media
n 

Inter-
polated 

Median Inter-
polate

d 

Bøelva         

Riegl VQ-880 220 20.8 1.1 94.9 70 61.5 79 73 

Leica 
Chiroptera 
4x 

 11.8 0.2 67.2 66 51.7 88 70 

Riegl VQ-840   77.0 1.5 79.0 52 43.3   

Hallingdalselve         

Riegl VQ-880 104 75.6 2.5 96.8 43 36.6 54 45 

Teledyne 
Optech 

 22.6 0.4 81.7 5 2.0 64 6 

Lærdalselvi         

Riegl VQ-880 177 18.1 5.4 71.2 2 0.8 14 3 

Teledyne 
Optech 

 1.9 0.4 74.7 2 0.0 66 5 

¹ Classified as river bottom 

 

A set of GBM models were used to sum up the effects of different predictors and 
interpolation on the power and accuracy in estimating correct fate of ALB signals (Table 
10). Removing variables and running new models emphasize the opportunities to 
substitute a variable for another, in contrast to the ALE which focus on the influence of 
variables in a particular model.  
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Table 10: Robustness of alternative GBM models in predicting the availability of ALB data in grid cells of 100, 25 
cm, and 25 cm interpolated grid. Models are sorted by their accuracy value in the first column. The proportions 
of grid cells with LiDAR data received will be the expected accuracy for a random model. The reduced ‘success’ 
in a 25 cm grid size was primarily due to fewer points classified as river bottom.  

  Robustness¹ 

Variables 
100 cm 
median 

25 cm 
median 

25 cm 
interpolated 

Expected accuracy from the proportion 78% 50% 76% 

River + Sensor +Depth + Slope  94 % 82 % 93 % 

River + Sensor +Depth  94 % 82 % 93 % 

River + Depth 93 % 72 % 93 % 

Sensor + Depth 86 % 74 % 85 % 

Depth 83 % 65 % 81 % 

River + Sensor 79 % 72 % 77 % 

River 78 % 61 % 76 % 

Sensor 78 % 68 % 76 % 

¹ The robustness is measured as the mean of the accuracy of the GBM models estimated 
from 10-fold cross validation repeated 3 times. 

 

The achieve high predictive power for a 100 cm grid, the variable water depth was 
included in all models. With also predictor river added, a proxy for some properties of 
the studied river reaches, notably water clarity, the accuracy was almost as high as for 
the most complex model with all four tested predictors included. Thus, adding sensor 
did not contribute much to the accuracy. Interestingly, the conspicuous decline in 
accuracy seen with the higher 25 cm grid resolution was almost perfectly ameliorated 
when implementing interpolation. The accuracy of 94% achieved with four predictors 
is strong, even when the expected accuracy by chance alone was 78%. The Kappa value, 
which better reflect the accuracy when the proportion of signal/not signal is different, 
as here, was as high as 0.83 (not shown).  

Above results indicate a high probability of estimating the success of using ALB 
correctly, provided knowledge about river-specific characteristics, i.e., depths and 
(presumably) water clarity. To some degree sensors may also be important.  

 

Robustness of ALB, the effect of turbulence and dark river bottom 

Analyses using the RGB-derived Lightness index as a proxy for surface turbidity (‘white 
water’) and the light and dark riverbeds in the clear and high-gradient Lærdalselvi, 
indicated loss of ALB signals associated with the lightness index (Figure 25). The 
probability of retrieving ALB data was highest within the medium-to-low lightness 
range, with a gradual decline towards high lightness (60-70; i.e., white water), and a 
more abrupt decline towards the lowest lightness values (< 20; i.e., dark, vegetated 
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bottom). This did, however, depend strongly on ALB point density, with much lower loss 
for the high point density LiDAR (Riegl VQ880).  

The dark areas, with lightness index mostly less than 30, correspond to dark vegetated 
riverbeds. The medium light reflection came from the lighter and more common 
riverbed type prevalent in Lærdalselvi, mostly covered with rock or gravel substrates 
with no vegetation. 

Figure 25: Probability of retrieving ALB data as a function of lightness estimated from a generalized additive 
model (GAM). The lightness is calculated from the green channel of the aerial photos taken simultaneously with 
the ALB data and scaled to the range 1-100. The lines represent probability with (blue) and without (red) 
interpolation. The interpolation is restricted to 1 meter from nearest ALB point. The red dots represent the 
percentage of grid cells with data for every 5 units interval of lightness values. The grey lines at the bottom of 
each figure represents the lightness range for the 10-90% percentile range of the typical three bottom conditions 
classified from the aerial photos. The brown lines show the lightness range of dark vegetated areas, the grey 
lines show the lightness range of light rocky bottom, and the white lines the lightness range of areas with 
turbulent surface water. The numbers above the lines are the percentage coverage of each area class in the 
studied river reaches. 

With lightness index values rising above 50-60, the river surface was increasingly 
dominated by white, turbulent water. This general pattern of the relationship between 
the probability of retrieving data and the lightness index (Figure 25) remained similar 
even when other recent orthophotos derived from https://www.norgeibilder.no/ (and 
not taken simultaneously with the LiDAR recordings) were used to derive the lightness 
index (Appendix 10, 11 in sub report by USN).  

The importance of point density for retrieving ALB data especially from turbulent river 
reaches, was reflected in the comparisons of results from both sensors and from grid 
cells of 25 and 100 cm (Figure 25). There was a more significant drop in the probability 
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of retrieving ALB signals from the lighter riverbed type for the Teledyne Optech CZMIL 
compared to Riegl VQ-880 (with higher point density), and especially when the grid size 
was reduced from 100 to 25 cm.  

On a cautionary note, the higher signal probability seen in general for the Riegl VQ-880, 
is not only an effect of the signal density of the sensor, but also to the adaptive flight 
pattern for this sensor, with repeated flightlines. The Riegl VQ-880 has approximately 13 
times higher point density than the Teledyne Optech CZMIL, but this difference 
increased to nearly 40 times for the data, due to the adaptive, and thereby overlapping, 
flight strategy.  

The importance of point density is also seen when LiDAR points are interpolated (i.e., 
restricted to approximately 1 meter from the nearest LiDAR point using a moving 
window of 3x3 cells for 1 meter grid and 7 x 7 for 25 cm grid). Even with interpolation 
across such small distances, the probability of having ALB data increases dramatically, 
and especially for areas with high surface turbulence (Figure 25). Increasing cell area 
provides more data points, and spots where the bottom can be ‘seen’ become more 
likely.  

This association with spatial scale, reflects that ‘white water’ is not uniformly white due 
to turbulence, but a micro-mosaic of varying ‘whiteness’, i.e., degree of surface 
turbulence. Even apparently ‘white water’ has small cells with smoother water surface 
that high-density ALB sensors can hit and penetrate. Data loss reflects a balance 
between water ‘whiteness’ and ALB point density. An adaptive flight strategy with 
several overflights further enhances this ‘smooth-surface-hit’ probability. With 
repeated flightlines the angles the ALB pulses hit the water surface will also differ. 
Moreover, turbulent surface water is dynamic, and new flight might hit a new micro-
mosaic providing different smooth-surface hits. 

 

Robustness of ALB:  Total coverage of ALB for the studied river reaches 

The combined effects of water depth, water visibility, riverbed lightness and water 
surface turbulence are reflected in the total coverage of ALB data for the studied river 
reaches (Table 11). Loss of data is generally low, primarily depending on the combined 
ALB pulse power and river water clarity (Secchi depth), and pulse/data density. 
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Table 11: Loss of ALB data for the studied river reaches. 

Sensor River Area 100 cm loss 25 cm loss  

(ha) Direct 

(%) 

Interpolated* 
(%) 

Direct 

(%) 

Interpolate
d 

(%) 

Riegl VQ-880 Bøelva 29.7 7.
2 

5.0 1
9.6 

6.
3 

Leica Chiroptera 4x Bøelva 29.7 1
6.1 

8.3 6
1.2 

1
2.5 

Riegl VQ-880 Hallingdalselv
e 

82.9 1
3.4 

11.2 2
2.6 

1
2.4 

Teledyne Optech 
CZMIL 

Hallingdalselv
e 

83.2 1
1.1 

7.5 7
1.7 

9.
6 

Riegl VQ-880 Lærdalselvi 58.7 0.
4 

0.1 8.
3 

0.
2 

Teledyne Optech 
CZMIL 

Lærdalselvi 58.8 4.
1 

0.6 6
6.8 

2.
4 

In Lærdalselvi, with very clear water, coverage was almost complete with a grid size of 
100 cm. For the high-point-density Rigel VQ-880, flown with an adaptive flightline 
strategy, the reduced coverage at 25 cm was relatively small, compared to the lower-
point-density Teledyne Optech CZMIL, flown with only small overlap between 
flightlines. However, the small distance interpolation brought the CZMIL coverage close 
to the Riegl VQ-880.  

In Hallingdalselve, with water visibility intermediate between Lærdalselvi and Bøelva, 
the percentage covered of the river was less than in Lærdalselvi. This is due to lower 
water visibility, but also to the combination of visibility and more deeper areas (Table 
1). Here the Teledyne Optech CZMIL, with higher power pulses, covered the deeper river 
areas better, and therefore achieved a higher total coverage (Figure 26).  In Bøelva 
The Riegl VQ-880 and Leica Chiroptera 4x showed the same pattern as between Riegl 
VQ-880 and Teledyne Optech CZMIL in Lærdalselvi. 
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Figure 26: Total coverage for the one meter grid size (green) for the rivers Bøelva and Hallingdalselve. 

4.1.2 WP 1.1 Validation part II: Applying cloud compare 

The median residuals between validation (multibeam and TLS) data and ALB data in 
Lærdalselvi was perceived low ranging from -0,13 m to 0,13 m demonstrating an overall 
good correspondence between the selected ALB sensors for both point cloud 
comparison and raster comparison (Table 12). 
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Table 12: The median residuals for comparison of raster (DEM) and point clouds (Cloud). Negative median 
residuals in the comparison against the multibeam (MBES) and the TLS implies that the Bathymetric LiDAR is 
the shallower while in the comparison of the Bathymetric LiDAR against each other, the first in comparison 
scenario is the shallower. NA indicates no overlap between instruments. 

Location Comparison Median (m) 

 DEM Cloud 

M1 MBES vs Riegl VQ880 -0.07 -0.08 

MBES vs CZMIL -0.13 -0.13 

MBES vs Riegl VQ840 NA NA 

M2 MBES vs Riegl VQ880 -0.05 -0.03 

MBES vs CZMIL -0.11 -0.11 

MBES vs Riegl VQ840 -0.03 -0.03 

M3 MBES vs Riegl VQ880 0.04 0.04 

MBES vs CZMIL -0.09 -0.09 

MBES vs Riegl VQ840 NA NA 

T1 TLS vs Riegl VQ880 0.00 -0.01 

TLS vs CZMIL -0.02 -0.02 

T2 TLS vs Riegl VQ880 0.03 0.03 

TLS vs CZMIL -0.02 -0.02 

T3 TLS vs Riegl VQ880 0.04 0.05 

TLS vs CZMIL 0.04 0.04 

Full reach Riegl VQ880 vs CZMIL -0.10 -0.12 

VQ840 extent 

 

Riegl VQ840 vs Riegl VQ880 0.02 0.02 

Riegl VQ840 vs CZMIL 0.13 0.12 

 

The maximum median residuals were found at site M1. M1 contains a deep pool and a 
submerged weir with large rocks reflecting high riverbed roughness. For all sites and 
comparisons, the ALB data is lower in median residual, except for the Riegl VQ880 at the 
site M3. Results from the comparison applying TLS lower residual median for all 
instruments was experienced, although with some variation in areas shallower or 
deeper than the TLS. Comparing the VQ880 to the CZMIL, we see that the residual mean 
indicates that the VQ880 goes deeper (negative residual), and we have a similar 
difference both in the raster and in the point cloud. Comparing the two Riegl sensors 
which have similar laser pulse and footprint characteristics showed small variation.  

The relation between the LiDAR point clouds and the MBES is shown in Figure 27. 
Results indicate good consistency between MBES and the two LiDAR sensors. Further, 
data show that in M1 the VQ880 underestimates the deepest part of the reach, thus 
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indicates outliers in the dataset connected to the deep area. This was only observed in 
M1. Also, for all three cases the LiDAR sensors show a similar deviation from the MBES 
for the shallowest part of the reach indicating that the difference may be caused due to 
deviation in the multibeam sonar in the shallow areas rather than due to ALB sensors. 

 

Figure 27: The correspondence between the MBES and the Bathymetric LiDAR sensors elevations for the three 
MBES locations M1 (a), M2 (b), and M3 (c). Analysis based on the point cloud. Reference: Master thesis, 
NTNU, Adawalla, 2021.  

The comparison between the CZMIL, the VQ880 and the TLS data demonstrate similar 
significant positive relation as seen in the MBES comparison, but in general smaller 
median residuals (Table 12). The CZMIL sensor showed a consistent fluctuation trend at 
all TLS sites of underestimation of the TLS elevations at the lower elevations and 
overestimation at the higher elevations. The Riegl VQ880 sensor showed high deviations 
from the TLS elevations at the T3 site, located at the edge of the scanned area.  

The analysis of the residuals against the water depth for all the comparison scenarios 
shows no clear correlation between the residual magnitude and the water depth. 
However, at the M1 site the VQ880-G was not able to map water depths of more than 
about nine meters, whereas in contrast the CZMIL mapped the entire deep region. 
Further, the relationship between the residual development and the change of riverbed 



 

 68 

slope as shown in Figure 28, results demonstrate that the inner quartile of the residuals 
increases with the increase of river bed slope, and hence the average of the residual. 
The bed slope also includes the abrupt elevation changes that occur due to a sudden 
substrate change within the river reach (high substrate size variability). From the 
comparisons of the cross sections that has abrupt changes due to high roughness 
(boulders), the VQ880 was found to detect changes better than the CZMIL. The latter did 
not manage to capture the variability in substrate, and therefore these areas showed 
high residuals between the two sensors. Overall, the sensors show lower residuals in 
areas with smaller and uniform substrate like the gravel bars scanned with the TLS. 
More complex geometries with submerged weirs, large boulders, steep banks, and deep 
areas show higher residuals. 

 

 

Figure 28: Boxplot for the residuals' development against the bathymetry’s slope for the scenario of Riegl 
VQ880-G against CZMIL supernova in raster format. The blue line indicates a linear regression line of the 
average residual (red dots) at each slope category. 

Finally, applying Cloud Compare and analyzing the frequency distributions of the 
residuals obtained by comparing the bathymetric LiDAR sensors against each other are 
shown in Figure 29. The comparison showed negligible deviations between the two 
Riegl sensors, which is in theoretical agreement as the two sensors have similar 
characteristics with respect to the laser pulse strength and footprint size. On the other 
hand, the comparison of the CZMIL against the VQ840-G showed higher variations in 
residuals than the VQ880-G, which is in theoretical agreement since the characteristics 
of the CZMIL sensor are further from the VQ840-G than the VQ880-G. Also, the 
comparison of the VQ880-G against the CZMIL showed a clear tendency for the VQ880-
G to nominate the bathymetric points deeper. For the comparison between CZMIL and 
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VQ840, the frequency distribution indicated a tendency of the CZMIL to nominate the 
bathymetric points deeper.  

 

 

Figure 29: Frequency distributions of the residuals for the comparisons of the bathymetric LiDAR sensors 
against each other. Reference: Master thesis, NTNU, Adawalla, 2021.  
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4.1.3 Flood risk analysis and mitigation. 

Comparing inundated area of red topographic LiDAR, river transects and ALB. 

Results based on eleven river case studies demonstrate that the topographic LiDAR 
geometry overestimates the flooded areas significantly, 10-80% (Figure 30). Further, 
analysis show that overestimation is reduced with increasing return period for most 
river, however, still for both the 200 and 500-year flood the overestimation is significant.  

Figure 30: Panel a and b show inundated areas in the river Gaula, Trøndelag applying topographic  (red color) 
and bathymetric LiDAR (green). In panel C the normalized error in inundation using the topographic LiDAR 
bathymetry as a function of the flood return period. Reference: Master thesis NTNU, Adawalla, 2021.  

Results indicate that running flood simulations for different frequency floods based on 
topographic LiDAR, i.e., eliminating the sub surface geometry at the time of flight, 
should be avoided. Corrections of the river bathymetry should therefore always be 
carried out, or based on the findings, preferably collect geometry using a bathymetric 
LiDAR. 

Comparing transect and ALB based hydrodynamic flood modelling for different 
frequency floods showed the opposite results than with the red topographic LiDAR. The 
evaluated test study in lower Lærdal applying transect based model for modelling 
dimensional flood (200 years) underestimated inundated area by approximately 30% 
compared with the ALB approach. The reason for the underestimation is probably due 
to artificial removal of in-stream structures as islands and shallow areas due to 
interpolation between transects. Figure 31 and Figure 32 illustrate the comparing 
results between red topographic LiDAR, ALB and transect based approach in flood 
modelling in Lærdalselvi as case study.  
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Figure 31: Comparing flooded area between red topographic LiDAR, ALB and transect based hydrodynamic 

models in Lærdalselvi as example. Calibration is set equal. 

Results from the regional and local method based on satellite imagery (Legleiter et al. 
2004; Sundt et al. 2021) show that the approach may significantly reduce the error in 
estimated inundated areas compared to the model based on only topographic red 
LiDAR. The regional method led to an underestimation of 6 – 21% over the range of 
return periods from mean annual flood to 200-year flood, whereas the locally derived 
method overestimated the flooded area with 8 – 9% for the same floods. That the local 
data method performs better than the regional model, could potentially be related to 
the clarity of water in Lærdalselvi compared to the rivers Surna, Gaula, Nea and Lågen 
which was used in the derivation of the method. For further detail on the comparison of 
bathymetric and topographic LiDAR for flood mapping, see the paper by Adawalla et al. 
(2022). 

Figure 32: Comparison of simulation of flooded areas for a reach of Lærdalselvi. Green and red areas represent 
bathymetric and topographic LiDAR simulations, respectively (Adawalla et al. 2020). The yellow area is the 
simulation with regionally derived bathymetry from aerial imagery, and the blue area locally derived bathymetry 
from aerial imagery (Wesene, 2022). 
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Implementing NBS in an ALB based approach in Lærdalselvi.  

The case study implementing and evaluating nature-based solutions (NBS) as part of 
flood mitigation study (200-year flood with climate factor) in the lower Lærdalselvi 
indicates that based on the alternative scenarios a few houses are additionally saved 
for the dimensional flood discharge compared to transect based flood modelling 
approach. Thus, the capacity of the additional measures is too low to cause significant 
cost-benefit improvement for the village of Lærdal. This addresses the various 
evaluated NBS actions (i) lowering of the overbank area, (ii) increase of discharge 
capacity of the overspill area and (iii) a flood tunnel. Figure 33 shows the comparison of 
modelling results as presented for the present state and the modified bathymetry of the 
downstream Lærdalselvi, including circles that signify houses that are protected when 
implementing NBS.  

Figure 33: Comparing the two different scenarios for a 200-year flood in Lærdal, present situation and modified 
bathymetry. 

The further improvements of the NBS for flood in Lærdal centre are shown in Figure 34. 
These are 1) A levee/flood wall which is moved as far from the river as possible (back 
drawn flood protection wall), 2) increased cross sections by reopening historical flood- 
and side channels, 3) a flood tunnel, if the other measures are not sufficient, and 4) 
terrain adjustments to increase the cross- section during flood events.  

The measures focus on restoring parts of the historical situation in the estuary. On the 
aerial picture from 1979, some of the historical features are still visible (Figure 34). The 
tested adaptions follow historical channels and would restore some of the estuary 
character of the river stretch. For best ecological benefit, the flood channels should be 
designed as permanently wetted side-channels. The channel on the right bank can also 
be designed as exclusively being wetted with large floods. This way, the area can be 
used agriculturally and will locally get more acceptance. 

Modifications could be integrated into the existing model based on ALB and LiDAR 
without additional surveying needed. The high resolution and accuracy give reliable 
results for flood safety planning, at the same time, ecological effects and benefits can 
be derived from the modelling results. By overlaying the different scenarios and 
tweaking their dimensions, integrative solutions can be quickly iterated. A mass 
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estimation for both side channels (64,000 m3 right riverbank channel, 49,000 m3 left river 
bank channel) could be quickly calculated from the DEM. 

The first iteration revealed that the input scenario was under-dimensioned, and that the 
left bank side-channel, the right bank flood tunnel, or both need to have larger 
dimensions. Also, adaptions to the flood levees are necessary. While the first trial did 
not provide sufficient flood protection, the case highlights the potential for testing out 
scenarios and demonstrates how easily adaptions can be integrated into an ALB-based 
model. 

Compared to plans of the authorities for Lærdalselvi which include channelization and 
dredging of the river bottom in the same river stretch (see Ana et al., 2021), this scenario 
would provide a more sustainable flood safety situation without the need of re-dredging 
after larger floods, and at the same time restore river habitat. This study shows that 
novel technical developments like ALB can be used to design nature-based solutions 
with benefits for ecology and flood safety. Additionally, precise mass-estimation of 
planned measures is possible without need for additional surveying. 

Figure 34: Overview over assessed measures around Lærdal based on historical orthophoto from 1979. 

4.1.4 Erosion risk and sediment transport 

Implementing nature-based solutions (NBS) in lower Lærdalselvi flood protection 
action 

Considering the case study in lower Lærdalselvi and evaluation of erosion risk in NBES 
implemented flood mitigation action Figure 35 present an overview of calculated 
erosion risk given as Froude numbers along the reach of interest. Red filled circles 
identify high erosion risk along the river margin that should be addressed. Further, 
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Figure 36 presents the two hydraulic parameters, flow velocity (ms-1) and Froude 
number (-) for the various hydro-morphological stretches. It can be clearly seen that the 
modified river stretches with artificial channel banks exhibit partially super-critical flow 
(Froude nb. > 1) along their entire longitudinal profile. This, however, is different for the 
near natural morphological part (which can be also references as a role model for NBS). 
Here, the Froude number, even for this extraordinary flood event is < 1 (sub-critical 
flow). This means, that the artificial channel exhibits many points were scouring might 
be a risk or the local hydraulic jump formation which might lead to a weaken up of the 
embankment structure and further a large-scale failure, as an initial point for probably 
channel avulsion in mainly alluvial river basins like Lærdalselvi. The boundary 
conditions according to the ALB-based classification of the river substratum and 
channel morphology and the findings of Hauer et al., (2021) support the theory that 
channel avulsion is more likely in the lower part of Lærdalselvi than compared to an 
erosional corridor formation. 

The added value of ALB concerning this kind of ́ erosional risk analysis´ is a very precise 
identification of locations where super-critical flow might occur. Such very small spots 
(which are well known at bridges or downstream if weirs) can now be identified along 
the entire river corridor or in overbank areas. For example, supercritical flow was 
calculated along a local drainage ditch. This ditch was also discussed as a potential line 
for setting up flood walls in this specific part of Lærdalselvi protecting houses against 
flooding. An identification of super-critical flow conditions and related possible 
scouring processes, however, indicates that such areas need further detailed studies if 
they can be used as line for flood protection measures. The risk of erosion and scouring 
along permanent dike structures must be avoided.  

 

Figure 35: Overview of the detailed section with orthophoto and Froude numbers as indication of erosion risk 
based on hydrodynamic modelling with ALB. 
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Figure 36: Evaluation of the hydrodynamic modelling (Froude number and flow velocity) in detailed section (i): 
(a) stretch 1, (b) stretch (2), (c) stretch (3).

ALB data as basis for automatic roughness calculation and rivers classification  

Considering automatic calculation of roughness variability (Δh) and thus river 
classification according to Hauer & Pulg (2018) the ALB data collected in this study was 
not suitable. Data collected in field were significantly different from data calculated 
from ALB data. This result was also tested applying UAV (drone RTK) and conducted in 
both rivers Lærdalselvi and Bøelva. The Δ h values from the remotely sensed data lie 
well below the Δ h values that were measured in the field. The mean values from the 
field measurements in e.g. Lærdalselvi exceed those from the remotely sensed data by 
factors from 2.21-4.26 (UAV), 1.40-4.06 (ALB 25 cm), and 2.40-6.50 (ALB 5 cm) (Figure 37). 
In Bøelva mean Δ h values from the field measurements were higher than those that 
were derived from the remotely sensed data (ALB 5 cm: higher Δ h mean values by a 
factor of 1.16-3.03, ALB 25 cm: factors of 0.97-2.32). 

The key message of these comparisons is, that the Δh values that were obtained from 
the remotely sensed data sets (ALB and UAV) do not match the Δ h values that were 
measured in the field along the same cross-section. Remote sensing can therefore not 
be regarded as an alternative for data acquisition regarding automatic roughness 
calculation and further river classification according to Hauer & Pulg (2018), 
neither from a transect based approach nor from a meso unit perspective. 
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Figure 37: Lærdalselvi: Boxplots of the roughness variability (Δ h values) from the field measurements, UAV, 
and ALB raster data (5 and 25 cm). 

Application of ALB for bathymetric changes between flood events 

Considering the “Application of ALB Data for Erosion and Sediment budget based on 
repeated ALB surveys” Figure 38 illustrate an example of sediment and erosion 
processes between two consecutive flights 2018 vs 2021 (AHM). Purple and brown 
shades identify erosion and deposition, respectively. The results demonstrate the 
applicability of using ALB as a basis for quantifying sediment changes on a holistic scale, 
here in Lærdalselvi.  
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Figure 38: Differential plot highlighting bathymetric changes for the lower part of Lærdalselvi. Red circles identify 
scouring. Source: Adawalla, M.; Master thesis, 2021; NTNU. 

In another study two consecutive ALB (Riegl 880) mapping surveys with fixed wing in 
Tokkeåi before and after a 25–30-year (2015/2016) flood were conducted. Tokkeåi is 
regulated for hydropower. Like the case Lærdalselvi a differential plot highlighting 
bathymetric changes were visualized and quantified (Figure 39). In addition, long term 
monitoring of spawning areas from genetically unique large brown trout were 
implemented into the differential plot. Interestingly, historical spawning areas were 
aligned in areas that exhibit close to stable conditions with only minor changes in 
sedimentation and erosion. Thus, the combination of monitoring bathymetric changes 
and spawning areas of key species can be a valuable and important cross sectoral tool 
for future river management. 
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Figure 39: Differential plot highlighting bathymetric changes after a large flood (425 m3/s) in Tokkeåi, Norway 
2015/2016. Source: M. Stickler). 

In conclusion, three main aspects of such high-quality analysis of sediment-erosion 
budget could be highlighted:  

• Local scouring can be identified. Such scouring may not cause a specific risk for 
a single flood event. However, if such places exhibit erosion tendencies which
can be observed over a certain period, such local changes may be the starting
point for construction failure of (i) bridge piers (Ettema, 1980) or (ii) bank
protection (Przedwojski, 1995)

• Local aggradation, like the evolvement of gravel bars. Aggradations are part of
a self-forming equilibrium status of rivers (e.g., Nanson & Huang, 2018) which
will be partially eroded or re-arranged with future high flows. Continuous
aggradation on the local scale (especially in combination with vegetation
growth) will lead to a reduced discharge capacity of the active channel and thus 
to an increased risk of local inundation of nearby overbank areas (Wood &
Armitage, 1999).

River reaches which are well known, that sediments are always deposited, like in delta 
areas, the differential plots can be used to determine the quantity of transported bed 
load material. Applying the differential analysis of two consecutive, DEMs are the 
simplest form of direct bed-load measurements (Wheaton et al. 2010).  

Application of ALB for evaluating erosion risk in quick clay zones 

Results from evaluation of erosion risk in a pre-selected quick clay zone in lower 
Glomma showed a median erosion activity of 12 cm. Maximum erosion activity was 
detected just south of Hannestad båthavn by 1,8 m (red), whereas south-west of 
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hannestad båthavn a sedimentation rate of 1 m was detected (blue). A specific erosion 
risk area was also evaluated due to hypothesis of high erosion activity in a quick clay 
poin, but with only limited changes (2 cm). The analysis and- methods applied in this 
test case demonstrate that applying ALB in quick clay zones for monitoring and 
quantitatively evaluate erosion risk can be a highly valuable, important and risk based 
approach.  

Figure 40: Residual plot of changes in bathymetry in quick clay zone between 2004 and 2021.  

In conclusion, the application of ALB in determining river morphodynamics and 
sedimentation/erosion risk analysis is an important added value (see also to 
Mandlburger et al., 2015). The application, however, would be most beneficial on rivers 
were the channel substratum is based on fluvial transported and deposited sediments 
as we experience in e.g., Lærdalselvi (see Hauer & Pulg, 2018). 

4.1.5 River restoration 

Figure 41 shows the modifications in weir removal within the established DEM based on 
ALB data. Applying high density ALB data as basis enables a target river restoration with 
high accuracy planning and evaluation, thus improving the cost-benefit significantly. 

Figure 41: The Molde reach of Lærdalselvi with existing weirs (a), and weirs removed in the hydrodynamic 
model (b). 
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Quantitative analysis of changes in water covered area with and without weirs are 
shown in Figure 42. Results demonstrate only moderate changes, predominantly for the 
low flow scenarios. With increasing flow, the changes in water covered area is reduced. 
Compared to previous studies of weir removal (e.g. Fjeldstad et al. 2012), this is a 
somewhat surprising result and show that Lærdalselvi has relatively steep banks with 
few large and flat gravel bars where we would see a large reduction in water covered 
areas when the downstream water level is reduced. 

 

Figure 42: Water covered area with (black) and without (yellow) weirs. The green curve shows the changes in 
water covered area. Only areas in the weir basins are included in these analyses. 

Detailed analyses of changes in water depth, water velocity and potential mobilization 
of sediments (Shields formula) in one selected weir removal case (Grønnebank, 
Lærdalselvi) demonstrate a decrease in water depth (Figure 43) and increase in velocity 
for the lowest flows but reduced with increasing flow levels. Around the weir, larger 
changes with deeper and faster water across the old weir crest and shallower water 
immediately downstream of the weir are observed. Regarding mobilization of 
sediments after weir removal the results indicate small changes after weir removal on 
all evaluated flow scenarios (Figure 44). 

In river restoration planning considering weir removal a detailed DEM of the river is 
crucial for the results. Thus, availability of ALB data with high point density is important. 
The detailed resolution of the weir in the DEM makes weir adjustments or removal 
easier and more accurate compared to working on data with less spatial detail. Current 
weirs in Lærdalselvi are not easy to measure due to the high-water velocity over the 
crest and the deep and turbulent areas downstream. Thus, the bathymetric LiDAR 
demonstrate a clear advantage over conventional tools, particularly when it comes to 
the time needed for collecting the geometry data for the weir removal. In practice, it 
would not be feasible to measure the weirs in Lærdalselvi with such detail ALB provide 
with other instruments than the bathymetric LiDAR. With referral to the previous 
discussion on LiDAR accuracy over the weirs, our scattered GNSS measurements of the 
crest and in the areas downstream shows reasonably good correspondence with the 
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LiDAR data. For more information on the weir removal, see Alfredsen and Adawalla et 
al. (2022). 

 

Figure 43: Changes in water depth at Grønnebank after weir removal. A positive value (blue color) means 
reduction after while a red value shows an increase. 

Figure 44: Possible mobilization of sediments with and without weirs for the Hauge – Eri reach with a discharge 
of 270 m3/s, equivalent to the mean flood. 

 

4.1.6 Environmental flow in regulated rivers 

In this sub work package, we present results of application of hydraulic modelling 
combined with bathymetric LiDAR geometries for a variety of applications within 
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modelling river environments; i) Simulation of water covered areas and linkages to 
ecological assessment; ii) hydropeaking, and iii) automatic meso habitat classification. 

Simulation of water covered areas and linkages to ecological assessment 

Figure 45 shows the total dried out area for the entire river reach. In addition, spatial 
maps of the water covered areas can be made (Figure 46). This gives information of the 
spatial distribution of the water covered areas and we can identify which parts of the 
river that is mostly affected when discharge changes. Based on maps as shown in Figure 
46, we could therefore pinpoint critical areas and decide on mitigation measures that 
addresses these areas specifically. Combining the simulated water covered areas with 
discharge data, we could also develop yearly or seasonal duration curves of wetted 
areas to target specific life stages or function of habitats in designing environmental 
flows (Forseth and Harby 2014). Building this analysis on a LiDAR based bathymetry 
provides more reliable modelling and less extrapolation of data that what is the case in 
a cross-section-based geometry, or a geometry based on more scattered measurement 
as a basis for the DEM used in the modelling. 

 

Figure 45: Water covered area and reduction in water covered area in Lærdalselvi. 
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Figure 46: Example of visualized water covered areas for discharges of 10 m3/s, 50 m3/s and 120 m3/s in 
Lærdalselvi. 

Looking at the center of the map in Figure 47 there is a side channel that is water 
covered at a discharge of 50 m3/s, but not at 10 m3/s (this can also be seen in Figure 47). 
Rehabilitation of side channels could be a way to secure more rearing habitat for 
juveniles, but from the results in this analysis structural measures are needed to secure 
water flow in this side channel. This could be a culvert draining water into the side 
channel or by building a channel linking the main river to the side channel which would 
ensure a water covered area also during low flow. In the detailed geometry available in 
Lærdal, this link could be designed in the hydraulic model and simulations could be 
made to test the functionality at low flow. 

Further, the simulated water levels can be combined with spatially explicit biological 
data as spawning sites (similar to chapter 4.1.4 on sediment changes and spawning 
areas from large brown trout), and areas providing high quality shelter for rearing 
juveniles. An example of combining low flow conditions with spawning habitat for 
Atlantic salmon in Lærdalselvi is shown in Figure 47. Here, we can see that for the 
potential minimum flow of 10 m3/s the observed spawning areas from Atlantic salmon 
are water covered, thus preventing potential egg- and alevin (juvenile salmon) 
mortality. The approach of analyzing potential flow effects of drying of spawning sites 
can be extended to also look at the water covered areas during the spawning season to 
identify if the areas available for spawning is dried out later in the season when the egg 
develops and hatches. Bustos et al. (2019) used a quasi2D hydraulic modelling 
approach combined with the IB-Salmon population model to look for dewatering of 
spawning sites in the river Ljungan in Sweden. The base geometry of the example 
Ljungan was collected using the Riegl-VQ880 and gap filled with a Sontek M9 
HydroSurveyour providing a detailed DEM for the entire salmon carrying length of the 
river. Salmon redds were mapped by diving by NORCE-LFI, and potential redd sites were 
added to the simulation to look at effects of improving spawning areas. A similar study 
related to spawning areas and low flows can be found in Skeie (2016) who analyzed 
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minimum flow requirement for large brown trout in Tokkeåi as part of revision of 
concessions for the existing hydropower license. 

Figure 47: Overlap between spawning areas and water covered area for discharges of 10 and 20 m3/s in the 
lower reaches of Lærdalselvi. Spawning sites from diving surveys carried out by NORCE-LFI (Bustos et al. 
2020). 

Hydropeaking 

An example of a shutdown wave propagation is shown in Figure 48. Here, a 2D hydraulic 
model was used to simulate a drop in discharge from 40 to 10 m3/s. The hydrograph for 
every 50 meters was sampled and computed the ramping rate and drying rate in that 
section. From the figure we see the gradually dampening of the wave as it propagates 
down the river. The corresponding ramping rate is shown in Figure 49, and illustrates 
how the dampening reduces the ramping rate as we move downstream in the river. This 
is important information in the determining how long river reaches are affected by 
peaking and where we need to implement mitigation measures. According to Bakken et 
al. (2021) a limiting ramping rate between moderate and large impacts is 13 cm/
hour, and based on the data presented in Figure 49 we can find this limit from the data 
to set the part of the river with the majority of impacts. 
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Figure 48: Propagation of shutdown wave through a river reach. The number of each plot shows the section in 
the river where the wave is sampled, section 0 is a the top of the river (Tekle 2021). 

Figure 49: The evolution of the ramping rate in cm/minute as a function of the distance from the outlet (Tekle 
2021). 

Further, using the spatial detail in the bathymetry the locations of stranding areas can 
be found from the modelling results. Juarez et al. (2019) used a detailed bathymetry 
(Riegl VQ880) and the HEC-RAS 2D hydraulic simulation software to evaluate impacts of 
peaking from Hol1 power plant in Storåne. A drop from 66 to 6 m3/s in five minutes was 
used for the baseline simulations. The dried-out areas after the stop are seen in Figure 
51. To try to mitigate the rapid ramping rate in the dried-out area, mitigated operation
was proposed. The turbines should shut slowly for 25 minutes until it reaches the
operational limitation where it had to shut down completely. The two scenarios are
shown in Figure 51 where scenario A10 is the current operation with direct shutdown in
5 minutes and B10 represent a reduction from 15 to 6 m3/s in 25 minutes and then the
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remaining 6 m3/s in 5 minutes. This reduces the severity of the ramping rate during the 
period with slow shutdown and reduces the areas with potential high stranding. 

For evaluation of effects of hydropeaking a detailed DEM is very important. In traditional 
cross-section-based models, many cross sections are needed to describe river features 
(Casas-Mulet et al. 2014), and this restrict the use of modelling for long river reaches. So, 
for long river reaches, there will still be a need for interpolation between the cross 
sections to find the stranding areas, which will cause considerable uncertainty in the 
results. The highest density data from the ALB could also provide details that are not yet 
exploited in stranding studies such as an indication of substrate size and potential for 
detection of ponds on the dried-out areas when the water is receding. It is also an 
excellent foundation for structural measures in cases where mitigation through flow 
changes is not possible. 

 

Figure 50: Stranding areas for brown trout around Mørkaøyne in Storåne. Blue dot marks observed stranding 
areas for trout (Juarez et al. 2019). 

 

Figure 51: Dewatering rate(cm/hour) for the current scenario (A10) and a dampened scenario (B10) at 
Ellingøyne site in Storåne. Dark blue shows the wetted area at low flow, while the colours show the ramping rate 
at shutdown for the dewatered areas. The lower left graph shows the two shutdown scenarios. White markers 
show observed stranding sites (Juarez et al. 2019). 



 

 87 

Also, in previous study (Skeie, 2017) calculation of environmental flow was conducted 
as part of the re-licensing of existing concession of terms for a hydropower regulated 
river, Tokkeåi (Figure 52). Here, ALB was vital to detailly calculate and model 
environmental important in-stream variables of different flow levels. The result of this 
work acted as a central basis for the governmental decision in the discussion on “how 
much water is needed” for the local population of large brown trout.  

Figure 52: Calculation of different flow scenarios (x-axis) related to water covered area (y-axis) and stranding 
risk areas (second Y-axis) for large brown trout in Tokkeåi (Skeie, 2017).  

 

4.1.7 Comparing drone-RTK with ALB. 

Comparison between drone-RTK and ALB data demonstrated an underestimation of 
drone-RTK, thus drone-RTK calculates a higher riverbed elevation compared to ALB (see 
Figure 53 as example from Bøelva). In practice this leads to a decreased water/flood 
capacity. Also, reflectance in the water surface caused serious errors in z-level 
coordinates (riverbed elevation, see NORCE report for details). In particular, the error 
from drone-RTK was significant below 1 m water depth. Figure 54 shows a boxplot for 
0.2 m binned water depths created to illustrate linear increase in Z-error due to 
refraction. Median Z-error was 0.02 m (SD 0.15 m) at 0 m water depth, 0.34 m (0.2 m SD) 
at 1 m, 0.76 m (0.39 m SD) at 2 m and 1.33 m (0.63 m SD) at 3 m. Maximum error recorded 
as six meter in difference. The median error is linear up to a depth of ca. 3m, however, 
there is a large standard deviation. 
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Figure 53: Longitudinal profile of Lærdalselvi. Water surface in blue, Thalweg from AHM ALB in black, Thalweg 
from RTK UAV in orange. UAV underestimates the riverbed, i.e. calculates an artificial higher river bed 
compared to ALB. 

 

 

Figure 54: Boxplots of Z- error in 0.2 m water depth bins.  
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4.1.8 How many ALB points do we need? 

The question of how many points per unit area is a question of cost-benefit according 
to the objectives of ALB use. Results show that PD0.01 has the highest mean error and 
the largest standard deviation, and a slightly lower Manning n for the reach. Still, the 
calibration is considered good for all the selected geometries. We do also assume that 
using variable Manning numbers over the reach could further improve the calibration, 
but this has not been a priority in this study. We do observe that the calibration process 
requires less effort for the bathymetries with most details. 

Figure 55: Inundation maps for Storåne for the 200-year flood, left panel (PD16) 16 points per m2 bathymetry, 
right panel (PD0.01) 0.01 points per m2. 

The inundation maps for the 16 and 0.01 points per m2 bathymetry is shown in Figure 
55. The inundation maps are relatively similar, but a direct comparison of the raster’s 
show deviations in selected locations and a few differences in predicted depths. To 
further investigate the differences, the changes in inundation was classified by depth 
(Figure 56).   

 

Figure 56: Differences in inundation divided in depth intervals for the 200-year flood in Storåne. 

In the classification we measure differences related to the simulation with PD16, 
assuming this to be the baseline simulation. We see minor differences for point densities 
up to 0.4 points per m2, but then the deviations increase reaching the coarsest geometry 
(Figure 56).  
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Furthermore, hydraulic analysis in relation to environmental flow assessment is a topic 
of growing importance as the focus on biodiversity, environmentally friendly utilization 
of water resources or restoration efforts. To assess the effect of point density on 
environmental analysis we simulated a low discharge of 2.44 m3/s. The difference in 
areas in different depth groups is shown in Figure 57. Here we see deviations from the 
PD16 baseline already when we move to 4 points per m2, and the deviations increase as 
we reduce the point density further. 

Figure 57: Differences in water depth on discharge 2.44 m3/s. Computed using PD16 as a baseline. 

Considering habitat assessments water velocity is an important biological response 
variable.  Figure 58 shows deviations in simulated velocity from the PD16 baseline. As 
for the depth, we see the deviations start already when we reduce the density to 4 points 
per m2. 

Figure 58: Differences in areas divided into velocity groups for a discharge of 2.44 m3/s. Computed using PD16 
as a baseline. 

Comparing the assessment of environmental flows with the flood assessment we see 
that the differences in the simulations are larger for the environmental flows. This is 
mainly caused by the environmental simulations utilize only the bathymetry while the 
inundation computations during the 200-year flood also includes the floodplains which 
are the same for all cases. But as Adawalla et al. (2022) shows a proper description of 
the river channel is still needed for flood assessments.  

 



 

 91 

From the evaluation of point densities, we see that for flood inundation maps (200 m3/s) 
river bathymetries with variable densities produce comparable results. Deviations of 
any size is first seen at a density of 0.01 points per m2, but small changes occur from 1 
point/m2. Also, considering evaluation of low flow conditions (2,3 m3/s) we find similar 
results; however, changes are more visible from 4 points/m2, and significant larger 
reaching 0,25 points/m2).  

Finally, the evaluation of calculation time of implementing different point densities as 
basis for hydrodynamic modelling were conducted. Based on the calculations from the 
rivers Bøelva and Lærdalselvi, a rough estimate of the calculation time was be given.  
Figure 59 shows the increases in calculation time for the example from Bøelva. The total 
calculation time is, of course, always dependent on the size of the area included in the 
raster file. The increases in calculation time in relation to the mesh resolution can be 
regarded as representative. With a point density of 16 pts/m2 the calculation required 
almost 300h. If, in contrast, 1 point/m2 is used for the calculation, the calculation time 
is reduced to less than 30h. 

Figure 59: Example Bøelva: Calculation time of hydrodynamic 2D models using Hydro_AS-2D, depending on 
the mesh resolution (total number of nodes). The higher number of nodes results from higher point densities/m2 
(1 point/m2 up to 16 points m2). 
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4.2 WP 3 Future procurement and public availability 
In this work package we have systematically evaluated how to structure ALB data for 
public availability, and how to streamline official tender processes independent on 
sector.  

The objective for this work package has been to tailor the platform, hoydedata.no, for 
storage and distribution of bathymetric point clouds. The goal is to ensure uniform data 
deliveries, with known quality, for optimised re-use of data.  

National standards and guidelines have been adjusted to reduce time consumption and 
quality-assure tendering processes, and to make these better suited for bathymetric 
lidar. Hopefully all future procurements and data acquisitions will be based on these 
specifications, ensuring that all datasets can be made publicly available. This will 
support reuse of data for various purposes, increasing the cost benefit for all projects.   

Deliverables: 

• Product specification for point clouds,  
(Produktspesifikasjon Punktsky versjon 1.0.4 2022-01-01). 

• Publicly available data from mapped rivers and lakes through Hoydedata.no. 
• Guidelines for procurement of ALB and MBES (see appendix B and C) 

4.2.1 Product specification for point clouds 

The existing NMA standard, FKB-Laser 3.0, defining the delivery and use of point clouds 
was not suited for robust procurement of ALB and a new standard 
“Produktspesifikasjon Punktsky” has been established including the accuracy 
requirement, metadata and point cloud definition for both ALB and MBES acquisition.  

4.2.2 Publicly available data 

The lidar-deliverables together with pdf-reports and metadata are made available on 
hoydedata.no as open data, licensed as CC BY 4.0. The mapviewer on hoydedata.no 
makes it possible to look at various visualisations of the terrain.  

  

https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/
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Figure 60: Mapview from hoydedata.no showing multidirectional hillshade combined with a colour gradient for 
elevation. 

The delivered lidar-files, geotiff-files of terrain- and surface-models can be downloaded 
through the export dialogue on the same site. 

 
Figure 61: Image showing the export-dialogue for an export that will provide a geotiff-file with metadata. 
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Added functionality for bathymetric datasets on hoydedata.no 

To better utilize bathymetric datasets, we have done some adjustments to how we 
produce these terrain models compared with terrain models on dry land. 

We are now making a bathymetric mosaic of all applicable bathymetric datasets 
available on hoydedata.no. This national bathymetric elevation model can then be used 
on top of our existing national elevation model to create a seamless model across wet 
and dry terrain. This model will also be used as a source for elevation-profiles across 
rivers, lakes etc. 

The combined model will be made available as a wcs-service on geonorge.no 

4.2.3 Guidelines for procurement 

To maximize the chance of a successful procurement across different river 
environments one must as a minimum consider. 

Topography 
Operating the ALB sensor safely within its optimal operational range can be difficult in 
steep terrain (west coast) and one should consider using a hover platform (helicopter 
or drone). If the sensor is operated outside its specified altitude the chance of data void 
increase.  

In more open terrain, fixed wing platform and high power systems operated in a 
traditional survey pattern will be more cost effective. 

Point Density 
With the current available sensors a minimum point density of 5 p/m2 within the 
sensor operational range will give a dataset suited for all derived analysis. 

Combined data acquisition ALB and MBES 
For applications require complete coverage of a river or lake it is advisable to first 
acquire ALB before filling inn with MBES from a surface vessel. This will minimize time 
needed for MBES acquisition. During acquisition one must ensure enough overlap 
between the two data sources to carry out a statistical comparison.  

RGB Orthoimagery 
To aid interpretation and use of the ALB point cloud one must collect orthoimagery 
during acquisition. The orthoimagery must comply with the requirements for 
temporary orthophoto stipulated in chap. 6 of “Produksjon av Basis Geodata, current 
version” and requirements from “Produktspesifikasjon for ortofoto” [Product 
Specification for Orthophotos] current version. The RGB values must be included in the 
point cloud to facilitate analysis.  

Tender support documents for acquiring ALB and MBES are included in appendix B and 
C.  
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5 Discussion 
The main objective of the given project was to evaluate and apply commercially 
available airborne LiDAR bathymetric (ALB) technologies on selected Norwegian rivers 
and lakes. Systematic evaluation of accuracy and robustness, and exploration of the 
potential application of ALB technology in freshwater resources management was 
conducted. Here, three different ALB sensors; the fixed wing solutions Riegl VQ-880-NG, 
Chiroptera 4X, and Teledyne Optech CZMIL Supernova, and drone based Riegl VQ-840-
G, was tested in a comparative approach. In general, based on the different statistical 
analyses, the results imply that ALB is an accurate (< 10 cm) and robust technology that 
is commercially available in the European market. Moreover, analysis of the comparison 
of the different sensors show that all sensors perform well and in accordance with their 
specification. However, despite that the current project implemented a systematic 
comparative approach stratified among three physical different rivers and three lakes, 
generalization of the applicability of ALB across all Norwegian freshwater systems is not 
possible. Also, evaluation of applicability of ALB in lake systems was not completed 
within the project period but is further investigated and remains to be concluded. 
Finally, demonstration of ALB on selected river management applications show that the 
technology may imply a radical (important) change within future flood risk analysis and 
mitigation, erosion risk and sediment transport, river restoration, and environmental 
flow consideration in hydropower regulated rivers.  

5.1 Evaluation of accuracy and robustness of ALB  
The objective of the present study was to explore and evaluate the accuracy and 
robustness of remote sensing green LiDAR data. To do this, data were collected and 
compared with in situ methods (transect point and Multibeam data, and across three 
rivers and four sensors. A second objective was to identify which factors may lead to 
signal loss, and thereby bias or limit remote sensing ALB data acquisition. A stratified 
design across pre-selected hydraulic variables, primarily water depth, ‘white water’ 
associated with river gradient, bottom substrate (size, color), and water 
clarity/underwater visibility was developed. The given variables have been identified as 
potentially important in previous studies but based on limited data acquisition from 
selected cross-sections or one/ few short and uniform, low gradient river reaches, i.e., 
limited and benign ranges of hydraulic conditions ( e.g., Hilldale & Raff 2008; Kinzel, 
Legleiter & Nelson 2013; Mandlburger et al. 2020; Kinzel, Legleiter & Grams 2021; Islam 
et al. 2022). The novelty of the present study is a stratified design including 1) a variety 
of hydraulic conditions across three different rivers and 2) along long river reaches 
representing a variety of gradients and habitats, and with 3) data collection by both in 
situ (transect points, Multibeam) and remote sensing ALB data, and 4) the use of 
recently developed ALB technology with high point densities, with direct comparisons 
of data from four sensors.  

ALB measurements of riverbed elevation were consistently close to comparative in situ 
control measurements by the alternative methods transect point measurements (about 
500 points with dGNSS in typical river reaches) and Multibeam (about 42 000 
measurements in pools). Deviations can be expected to be less than ± 10 cm. It is 
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important, however, to note that none of the measurement methods represent the 
‘truth’, meaning that deviations represent the accumulated sampling errors across 
methods. Nevertheless, multibeam data in deep pools may be closest to the ‘truth’  
(e.g., Payne, Eggers & Parkinson 2004; Gard 2005; Jowett & Duncan 2012).  

High numbers of outlying deviations were found in deep river sections but without any 
apparent pattern. These outliers were attributed to potential noise in the multibeam 
data in shallow areas, and in areas with high riverbed slope (80ᵒ) rather than noise 
within the ALB data itself. It is known that multibeam data tend to become more ‘noisy’ 
in shallower and more sloping riverbed areas due to increased beam angle (e.g., Hughes 
Clarke, Mayer & Wells 1996; Calder & Mayer 2003). Moreover, some offset measurements 
were probably due to sensor calibration issues, which should be possible to avoid in 
future. Furthermore, if an ALB signal was reflected and received, accuracy was 
consistently high (< 10 cm) across sensors and water depths. However, there may 
perhaps be a weak tendency for potential deviations with increasing depths and coarser 
substrate, but this was somewhat inconsistent in the data. Our findings are supported 
by previous but not systematically tested evaluations (Kinzel, Legleiter & Nelson 2013; 
Mandlburger et al. 2020; Kinzel, Legleiter & Grams 2021; Islam et al. 2022). 

Loss of remote sensing ALB signals increased with increasing water depth. An abrupt 
‘critical’ threshold on water depth appeared to be closely associated with water clarity, 
and thus related to different river system. Data imply that loss of signals increases 
abruptly close to estimated Secchi depth, and that future ALB acquisitions should be 
implemented during stable, low flows, and avoid rising flow and flood events, although 
dependent on river freshwater catchment features. The importance of water clarity, 
however, for ALB’s water penetrating capabilities have been reported in the few 
relevant previous studies found in the literature (Mandlburger et al. 2020; Kinzel, 
Legleiter & Grams 2021; Islam et al. 2022). Water clarity/turbidity emerge as a main issue 
for the application of remote sensing ALB in rivers (see Kinzel, Legleiter & Grams 2021 
for a thorough discussion). Thus, reported water penetration capability relative to water 
clarity, as conventionally expressed by Secchi depth, varies across studies. In a recent 
study with a high point-density ALB across three small ponds and a short river reach in 
the European Alps, Mandlburger et al. (2020) reported the penetration depth to be twice 
the Secchi depth. Similar results were reported  by Kinzel, Legleiter and Grams (2021). 
Thus, ALB penetration capability appears to be different across rivers likely depending 
on what cause loss of clarity; light scatter due to suspended particles and/or light 
absorption due to dissolved materials. The results here suggest ALB has reduced 
penetrating capability in humus-rich rivers like two of the rivers in the present study. 

Interestingly, water penetrating capabilities also varied across sensors. For technical 
reasons, point density is balanced by signal power for each sensor. Sensors with fewer 
signals but more power per signal penetrated water somewhat deeper, up to 10m depth 
for the Optech. In turn, the higher signal strength gives a more homogeneous 
distribution of reflected points, which via interpolation provided better area coverage 
with bathymetric data. These are important pre-project considerations. Depending on 
project objectives and requirements for spatial resolution, point density should be 
balanced by signal power. More signal power gives deeper water penetration and more 
continuous and spatially homogeneous data, which may compensate for reduced point 
density via post-processing interpolation procedures. For example, for basic 
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bathymetric mapping of riverscapes, coverage may be priority, and therefore higher 
signal strength with higher depth penetration more important, likely in combination 
with interpolation algorithms for increased spatial coverage. If high resolution is 
priority, e.g., to evaluate environmental conditions on low flow and stranding risk areas 
for aquatic species, higher point density will be important.   

Mapping turbulent areas as riffles and rapids, i.e., ‘white water’, in riverine 
environments is currently a major challenge for LiDAR sensors. Analysis using Cloud 
Compare of spatial distribution of residuals in white water areas between the CZMIL and 
the VQ880-G, show large deviations between the sensors’ clouds in these locations. 
Results indicate that the VQ880-G produce a more realistic bottom profile, whereas the 
CZMIL is found to be more vulnerable to “no data” in such areas, and even in some cases 
reported the water surface as the river bottom. The interference of the air entrainment 
with the laser pulse potentially prevents the sensor from accurately measuring the 
bathymetry, as previously reported by Hilldale and Raff (2008). In addition, with a 
significantly higher point density produced from the Riegl VQ880-G flight pattern, the 
chance of accurately detecting the bottom in the white-water section is higher than for 
the lower point density dataset from the CZMIL. Moreover, additional analysis based on 
the improved high-resolution photos (Hasselblad) provided from the Teledyne Optech 
flight were used as basis for analysis of turbulent (‘white water’) in shallow river reaches. 
Analyses using the RGB-derived Lightness index as a proxy for surface turbidity or ‘white 
water’ in the clear and high-gradient Lærdalselvi indicated that any loss of ALB signals 
in ‘white water’ areas was associated with the spatial scale of the analyses. On a larger 
100 x 100 cm grid scale data loss was limited. However, on a 25 x 25 cm grid scale there 
was a major data loss in many grid cells, especially for the CZMIL sensor with the lower 
point density. This association with spatial scale reflects that ‘white water’ is not 
uniformly white due to turbulence, but a micro-mosaic of varying ‘whiteness’, i.e., 
degree of surface turbulence. Apparently, ‘white water’ has small cells with smoother 
water surface that high-density ALB sensors can penetrate. Data loss reflects a balance 
between water ‘whiteness’ and ALB point density. Thus, analysis of white water found 
in turbulent river sections as riffles and rapids imply a challenge, but high point density 
may support improved ALB results in such areas. Increased density comes at a cost as 
the aerial survey company must carry out more data acquisition.  

Based on the given analysis and experience from this project the main concern can be 
the loss of ALB signals in deeper river areas, i.e., the water penetrating capability. Apart 
from signal strength the loss of signals or data imply a dependency of water clarity, i.e., 
depending on light scatter due to suspended particles and/or light absorption due to 
dissolved materials. The factors determining ALB penetration should be studied in 
future controlled experiments (although unknown information to the authors 
knowledge).  

5.2 Demonstration of application of ALB in 
freshwater management and monitoring. 

Based on the two key questions whether i) ALB as a technology can improve cost-
benefit evaluations in relation to societal perspectives within future freshwater 



 

 98 

management, and ii) will ALB facilitate and improve learning and strengthen strategic 
adaptive management across Norwegian sectors, results from this pilot study indicate 
a firm and strong support that ALB can be a radical (important) change in data 
acquisition and basis for future public management decisions. The questions are also 
strengthen given that the results imply high accuracy and robustness across sensors 
and tested rivers and lakes, although study areas cannot be generalized to all 
Norwegian rivers and lakes, and that final analysis and results from the lake study are 
still to be concluded. Yet, results give a strong indication for both its current and future 
potential. 

In this study application of ALB on flood risk analysis and mitigation, erosion risk and 
sediment transport, river restoration, and environmental flow consideration in 
hydropower regulated rivers, have been tested and examples given. Considering flood 
risk analysis and mitigation the added value of ALB as basis for flood inundation 
modelling (flood risk maps) was evaluated. Based on the findings that ALB provide 
accurate and robust data (project objective 1) it can be expected that modelling results 
based on ALB will improve future flood risk maps. This is implicit and is a well anchored 
hypothesis. In this study it was demonstrated that flood risk maps based on 
topographic (red) LiDAR overestimated inundated areas in frequency floods ranging 
from 1 to 500-year flood. On a dimensional flood (200 yrs, TEK 17 req.) overestimation 
reach a maximum of 180% overestimation based on analysis of 11 different rivers. On 
the other side, using conventional transect approach in 2D hydrodynamic modelling 
results indicate a significant underestimation of flooded area. Also, drone-RTK and 
regional and local methods based on satellite images indicated significant differences 
in inundated areas. Drone-RTK, however, gave serious violations in riverbed elevation 
below 1 meter water depth, and in areas with reflectance in the water surface. Regional 
and local methods based on satellite images did improve calculation of inundation 
areas resulting in a final underestimation of 6 – 21% and 8-9%, respectively, over the 
range of return periods from mean annual flood to 200-year flood. Still, seen from a 
municipality`s perspective the difference in flooded area can be detrimental for local 
development. Thus, both topographic LiDAR and the transect approach in today’s flood 
risk map development should be avoided and ALB implemented as the future best 
practice. Interestingly, from a cost-benefit perspective ALB reduces costs and increases 
safeguarding in field work (HSE) considering data collection compared to transect 
approach. Also, ALB data reduces the need for calibration significantly and thus reduces 
modelling costs and additional field work investment. On the other hand, high point 
density (16 points/m2) increases computational time and challenge practical work. With 
regard to flood risk mapping and computation 1 to 0,01 point/m2 gives similar results as 
16 points/m2 considering inundated area and selected physical variables on 
dimensional flood (200-years). Thus, future flood risk analysis and mitigation work may 
require 1 to 0,01 point/m2 and expect high quality flood risk maps with high benefit 
compared to costs. Finally, a test case in the lower Lærdalselvi was applied. Here, the 
added value of using ALB as a basis for modelling nature-based solutions is evident. 
Using conventional methods as either topographic LiDAR or transect approach would 
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not be feasible, nor possible, due to the need for in-stream details that NBS evaluations 
require.  

In evaluation of applying ALB as part of erosion risk and sediment management results 
showed that it was not possible to use ALB as a basis for automatic sediment roughness 
calculation for further river classification according to the method in Hauer & Pulg 
(2019). Accordingly, substrate cover for fish (‘skjul’) based on the Finstad et al. 2006 
method was not either possible to automatic calculate based on the current ALB data. 
However, high density point-clouds provided by Riegl VQ880-G may give a foundation 
for further analyses developing automatic detection of sediment substrate and 
roughness classes, river classification according to Hauer & Pulg (2019) and substrate 
cover. Further, hydrodynamic modelling based on ALB data provides the opportunity 
for evaluation of local scouring and sediment aggradation by applying the Froude 
number based on hydrodynamic modelling on a detailed scale. Detecting scouring and 
aggradation through both modelling and repeated consecutive ALB mapping flights, as 
also tested here, before and after floods gives an interesting and highly valuable 
management perspective. Identifying detailed areas with risk of scouring and 
aggradation is vital in view of future analysis, predictions and management of flood and 
erosion risk. 

River restoration and environmental measures in and along rivers has been conducted 
through decades. Still, the conventional approach is “test and see”, and not plan-do-
evaluate as the principle given in strategic adaptive management (SAM). Thus, ALB can 
provide an important basis for future river restoration with respect to SAM as the future 
approach in freshwater management. In this study removal of weirs as a currently 
actual restoration action was tested applying hydrodynamic model based on ALB data. 
Also, not included in this report (but given in the sub report by BOKU, 2022) opening of 
side channels, river widening and gravel removal demonstrate the important value of 
implementing high density data as basis for river restoration. No methods today are 
comparable to ALB considering detailed data collection of river bathymetry as needed 
for such work. Looking ahead, ALB may be an important contribution for the UN 
restoration decade 2021-2030, both with respect to planning, actions and evaluation of 
river restoration projects. ALB data set can be the basis for both future technical 
schemes and for detailed solution and scenario modelling purposes. 

The implicit challenge between development and operation of hydropower as 
renewable energy and biodiversity crisis and nature management is evident today and 
in future. From an energy perspective the value of water in energy production with the 
current energy prizes, challenge the protection and preservation of environmental 
values. In hydropower regulated water courses calculation of environmental flow, 
water elevation in regulated reservoirs, evaluation of hydropeaking and stranding risk 
areas for aquatic species is today and will be even more important in years to come. In 
this project evaluation of applying ALB as basis for hydrodynamic modelling of both 
environmental flow level, hydropeaking and dewatering rates have been illustrated. 
Additionally, the question of point density per unit area have been tested on low flows 
(environmental flows) showing that 4 point per ma as basis is needed, both considering 
water covered areas and velocity calculation. Thus, results from this study imply that 
ALB as basis for hydrodynamic modelling will become a central and cost-effective 
holistic management tool and is recommended to be implemented in future decisions 
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considering hydropower regulated rivers, and potentially also shallow part of regulated 
reservoirs (e.g., detailed evaluation of environmental impacts from reservoir peaking). 

5.3 Results and short discussion about data from 
the rivers Tangeelva/Leira and Glomma 

Although data from the rivers Tangeelva/Leira and Glomma were not used by the R&D 
partners, we were able to qualitatively examine the data enough to form a general 
impression about the data. For the clay rivers Tangeelva, Gjermåa and Leira, we were 
pleasantly surprised and got better results than expected. We had low expectations for 
these rivers, due to the rivers large suspension transport and thus limited water visibility 
(Secchi depth of around 1 m). In general, however, these rivers are very shallow 
(especially the rivers Tangeelva and Gjermåa), with a typical depth of 1-1,5 m. As it is 
usually shallow rivers and streams that characterize the ravine landscape of Romerike, 
the results give indications that the use of ALB in the area will be able to provide added 
value for e.g., mapping of erosion in areas with marine clay. 

For Glomma, we generally got data down to around 3 m depth. The studied stretch in 
Glomma is deep, with depths down to 25 m. Secchi depth for Glomma is in this area 
around 2 m, so we also see here that the ALB systems provide data to around (or better 
than) 1xSecchi depth. For such deep rivers with limited water visibility, ALB data must 
be complemented by using MBES to ensure complete data sets. 

5.4 Future procurement and public availability of 
ALB data 

We recommend that future procurement of ALB is done through Geovekst. This will 
ensure streamlined acquisition with the use of common standards well known to both 
providers and clients. Furthermore, a joint financing programme will give optimal cost 
benefit to all parties. Geovekst is a Norwegian cooperative effort for the joint financing, 
establishment and maintenance of basic geospatial information. All project partners 
are members of this cooperation. Geovekst is coordinated by the Norwegian Mapping 
Authority. The parties are the joint owners of the data established through the 
cooperation. For more information, see: 
http://www.kartverket.no/geodataarbeid/Geovekst/  

To provide efficient and flexible data acquisition we recommend procurement of 
several areas, well distributed over different terrain types, in the same project. As 
pointed out in this project there are several external causes that may influence on the 
possibility for optimal data acquisition. With this approach the data supplier increases 
the chance of getting good results in the given areas with minimum downtime on the 
aircraft. For the same reason, a liberal schedule for data collection will increase the 
chance of finding the perfect time for acquisition. It’s advisable with a close 

http://www.kartverket.no/geodataarbeid/Geovekst/
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collaboration between client representatives and supplier during the period of 
acquisition.  

Mapping according to utility and need is an incorporated principle in Geovekst. The 
same will apply for future procurement of ALB. There will only be need for bathymetric 
point clouds for selected rivers and lakes, not every single one. For some areas there 
will be need for frequent re-scans to provide change detection. 

We recommend a minimum of annual activity to maintain focus and build competence. 
This will also be crucial for establishing and maintaining a well-functional marked for 
ALB in Norway.  
All ALB and MBES collected over government funded programs must be stored and 
distributed over the høydedata.no platform. This will ensure that all parties can easily 
access the datasets, as well as the building of a seamless topobathy national grid model.  
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6 Concluding remarks 
This pilot project seeks to answer three main project objectives. In the following we 
summarize key points with reference to the project objectives.  

Objective 1: Evaluation of accuracy and robustness of ALB technology on selected 
Norwegian rivers and lakes: 

1. Deviations in estimated riverbed elevation/water depth across methods were 
generally low and can be expected to be less than 10 cm across rivers and 
sensors, indicating high accuracy and robustness of ALB as a sensor 
technology. 

2. Tested predictors generally had limited predictive power (up to about 40 %), 
but alternative analyses/models gave consistent results with respect to 
indicating important predictors of deviation. 

3. Deviations between remote sensing ALB and in situ transect point 
measurement were perhaps to a small degree positively associated with water 
depth, resulting in slightly more deviation with increasing depth, but not 
consistent. Deviations were weakly positively associated with substrate size, 
resulting in slightly more deviation with increasing substrate size. Deviations 
were more strongly associated with Sensor and River, likely caused by sensor 
calibration issues and unbalanced study design (for logistic reasons not all 
sensors were tested in all rivers). 

4. Deviations between ALB and in situ multibeam data in pools, were weakly 
associated with water Depth and riverbed Slope. This may be explained by 
increasing ‘noise’ in multibeam data with increasing beam angle (shallow and 
steep areas). The stronger association with Sensor and River, may again be 
explained by sensor calibration issues and unbalanced study design (above). 

5. ALB data loss was strongly associated with Depth, River and Sensor, especially 
Depth and River had high predictive power (up to 93 %). 

6. ALB data loss was generally small in shallower areas. However, data loss 
increased abruptly at a critical and river-specific water depth. This critical 
depth for data loss correlated with the river-specific water clarity, as expressed 
by Secchi depth. 

7. Sensors with stronger signals (at the cost of lower point density) penetrated 
deeper (up to 1 m across tested sensors). 

8. ALB data loss increased with increasing amount of ‘white water’, i.e., surface 
turbulence. However, the loss of data in turbulent areas was reduced at higher 
point densities. There was also data loss associated with dark, vegetated river 
bottom. 

ALB coverage was generally high, but also depended on a balance between pulse 
power (depth penetration) and pulse density (white water penetration) relative to 
river depth/water clarity and amount of white water. 
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Objective 2: Demonstration of selected application areas with respect to future river 
management across sectors 

1. ALB can be a radical (important) change in data acquisition and basis for 
future river management and public cost-benefit decisions. 

2. ALB as basis for [hydrodynamic modelling] analysis considering flood risk and 
mitigation, erosion risk and sediment transport, river restoration, and 
environmental flow consideration in hydropower regulated rivers, can be a key 
technology in future. Results from this study imply that future acquisition on 
river bathymetry regarding flood risk analysis require 1 point/m2 as basis for 
modelling purposes, whereas environmental flow should acquire 4 points/m2. 

3. ALB technology will be an important support for strategic adaptive 
management of freshwater resources in future.  

4. ALB facilitates and improves learning and collaboration across disciplines and 
management authorities.  
 

Objective 3: Future procurement and public availability of ALB data 

1. ALB is well suited as a standard product in the national geo-infrastructure, in 
the same way as traditional topographic lidar and aerial photography.  

2. National specifications and guidelines are adjusted to cover acquisition of ALB  
3. www.Hoydedata.no is adjusted to provide easy access to ALB data for public 

and private users. 
4. Future procurement of ALB is recommended to be collaborated with Geovekst 

as a professional forum. 
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7 Future aspects and 
recommendations 

Based on the analysis and conclusions from this study, ALB is a proven technology with 
high accuracy and robustness applicable within a range of sector interests considering 
future freshwater management. Compared with traditional survey methods, mapping 
with ALB is time-efficient and reduces HSE risks. However, findings on river systems 
indicate limitations with respect to water visibility within one Secchi depth. Thus, water 
visibility is a key planning factor for future ALB data mapping.  

Based on our findings and conclusions, we recommend future research and 
development to focus on these areas:  

• Water penetrating capability and loss of data – we need to know more about 
where we can and cannot expect data. 

o There is a tradeoff between signal strength and ALB data point density. 
This needs to be studied more in relation to water penetrating 
capability from suspended particles and the light absorption from 
turbulent water. 

o There is an opportunity to gain further insight on the effect of water 
visibility. This could be done by extending the river data with similar 
data that exists for shallow parts of lakes, and thereby increase the 
number of study objects. This will allow water visibility and water 
quality measurements to be included in regression models, thereby 
developing a relationship between water visibility and the probability 
of receiving ALB data. 

• The potential ability of high ALB point density to resolve substrate particle 
sizes/roughness should be explored more. 

Regarding the applicability of ALB on lake systems, a continuation of this project is 
currently in development. Results, conclusions, and recommendations are still to be 
seen. 
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9 Appendixes 
 

APPENDIX A: Sampling date and water flows 
 
Table 13: Sampling date and water flow (in parenthesis; m3/s; https://sildre.nve.no/)) for data collection in 2021, 
by river and sensor. 

 Sensor 

Bøelva 

(Hagadrag) 

Hallingdalselve 

(Bergheim) 

Lærdalselvi 

(Stuvane) 

Riegl 880 3. Sep. (21) 3. sep. (73) 26. sep. (15) 

Chiroptera 27. Aug. (15) 
  

Optech            - fixed wing   16. jul. (76) 21. jul. (20) 

Riegl 840         - helicopter 25. Sep. (12.5). 24. aug. (52) 25. sep. (15) 

Multibeam 

(pools only)  26. Oct. (12) 10. nov. (95) 16. nov. (21) 

Wading transects/ points 22. Nov. (19) 3.nov (174) 16. nov. (21) 

 

  

https://sildre.nve.no/


 

 110 

APPENDIX B: Procurement of ALB – Technical 
Specification 

ALB and ALS are closely related sensor systems and when procuring ALB we reuse 
parts of the acquisition procedures for ALS available in the NMA procedure 
“Produksjon av Basis Geodata 2.0”.  

 

Minimum ALB acquisition Technical Specifications 

The ALB deliverable must meet the general requirements for ALB point clouds as 
stated in Produktspesifikasjon Punktsky and the point cloud must meet the accuracy 
requirements and point density requirement for a category Psky_1_ALB_B. 

The acquisition, processing and reporting must be carried out according to the general 
requirements given in “Produksjon av Basis Geodata 2.0 / Kap7”. Please refer to the 
PaGBv2 for the complete description of each requirement given in the table below.  

Ref. PaBG 2.0 Requirement Description 

K28 Sensor Calibration Document sensor calibration (ALB)  

K29 System Calibration Document sensor system calibration (ALB+INS)  

K30 System Verification Document sensor system integrity check prior to 
commencing project.  

Alternatively show how sensor system integrity is monitored 
during processing.  

K31 Flight Plan Document the planned survey acquisition pattern  

K32 Sensor Parameters Document the sensor and platform parameters to be used 
during the planned acquisition  

K33 Crosslines For classical ‘lawnmower’ surveys crosslines are required to 
strengthen the strip adjustment. 

For ‘corridor surveys’, following a valley bottom or a river, 
the contractor must describe how they will ensure a rigid and 
accurate point cloud without the use of crosslines.   

K34-35-36 GCP – Vertical  In order to remove a potential vertical datum shift the 
contractor must test the pointcloud using GCPs. 

For surveys utilizing alternative processing approaches, the 
contractor must describe how they will use the GCPs in 
processing in order to ensure a rigid and accurate 
pointcloud. 

K37-38-39 GCP – Horizontal In order to identify a potential horizontal datum shift the 
contractor must test the pointcloud using GCPs.  

K41-42 Point Cloud Processing Document the approach to strip adjustment ensuring point 
cloud rigidity and accuracy.  

https://sosi.geonorge.no/Standarder/Produksjon_av_Basis_geodata/2.0/
https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/#trueluftb%C3%A5ren-batymetrisk-lidar
https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/#trueluftb%C3%A5ren-batymetrisk-lidar
https://sosi.geonorge.no/Standarder/Produksjon_av_Basis_geodata/2.0/#_kartlegging_med_flyb%C3%A5ren_laserskanning
https://sosi.geonorge.no/Standarder/Produksjon_av_Basis_geodata/2.0/
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K43-44 Point Cloud Datum Shift Document the approach to mitigate datum shift in both 
horizontal and vertical domain if the datum shift has not 
already been removed during processing.   

K45 Point Cloud Verification  In order to identify poor strip adjustment a dH plot 
(homogeneity plot) must be produced showing the strip-to-
strip difference in height.  

Document the agreement between the point cloud and the 
existing terrain in the national elevation database (NDH).  

K46 Classification Describe how the classification will be done and identify 
possible challenges for a given survey area.  

K47 Report Survey report. 

K47 Data Delivery ASPRS LAS 

 in agreement with the requirements stated in 
Produktspesifikasjon Punktsky  

 

  

https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/#trueleveranse-punktsky
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APPENDIX C: Procurement of MBES – Technical 
Specification 

For waterbodies where ALB does not give complete coverage one can consider 
complementing the ALB with a Multibeam Echo Sounder (MBES) survey. To minimize 
time in field one should acquire MBES after actual coverage of the ALB survey has been 
delivered. Based on the Norwegian Hydrographic Service document - Teknisk 
kravspesifikasjon for sjømåling (Norwegian Only), a minimum specification for MBES 
acquisition are:  

Minimum MBES acquisition Technical Specifications 

The MBES deliverable must meet the general requirements for MBES point clouds as 
stated in Produktspesifikasjon Punktsky and the deliverable must meet the accuracy 
requirements and the point density for a category Psky_1_MBES_B survey.  

Table: Requirement for the acquisition, processing and reporting must be carried out to the following demands:   

Ref. 
NMA 
MBES 

Requirement Description 

K2.2 Positioning The positioning must be done using an INS system capable of 
meeting the accuracy requirements stated for 
Psky_1_MBES_A.   

K2.3 Echosounder The sonar must be capable of meeting the accuracy 
requirements stated for Psky_1_MBES_A.  
For survey in very shallow water a high beam angle is allowed. 

K2.4 Motion Sensor The vessel motion must be derived from an INS system capable 
of meeting the accuracy requirement stated for 
Psky_1_MBES_A.  
The system must resolve heading using a dual antenna setup.  

K2.6 Sound velocity profiles The survey must collect sound velocity profiles in waterbodies 
deeper than 10m. 

K2.7 Sound velocity at Sonar Head The survey system must include a SV sensor at the sonar head 
and the sound velocity must be interfaced to the sonar in real 
time. 

K3.1 CRS - Horizontal EUREF89 / UTM Local Sone (EPSG: 5972/5973/5975) 

K3.2 CRS – Vertical NN2000 geoid model (version used must be reported) 

K3.3 Time Reference  UTC  

K4.1 Horizontal positioning accuracy 
(absolute) 

0.50m + 0.016*depth 

K4.2 Vertical positioning accuracy 
(absolute) 

0.12m + 0.002*depth 

K4.3 Vertical positioning precision 0.08m + 0.002*depth 

K4.4 Accuracy Control The MBES accuracy to be proven using ALB dataset. The 
overlap between ALB and MBES must be large enough to 
ensure a statistically robust comparison.  

K4.8 Density The survey plan must ensure the attempt of 100% coverage of 
the seabed. The point density for bathymetric points must be 

https://www.kartverket.no/til-sjos/sjokart/standard-for-godkjenning-for-sjokartlegging
https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/
https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/#truemultistr%C3%A5le-ekkolodd
https://www.kartverket.no/til-sjos/sjokart/standard-for-godkjenning-for-sjokartlegging
https://www.kartverket.no/til-sjos/sjokart/standard-for-godkjenning-for-sjokartlegging
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fulfilled within 80% of all 2x2m cells within a 10x10m grid.  
Ref Produktspesifikasjon Punktsky category A.  

K5.1 Sensor and System Calibration Report must include documents showing valid sensor 
calibration certificates (SVP) and sensor installation 
calibration (offset surveys)   

K5.2 System Verification  Report must include document showing valid system 
verification (Patch Test) 

K8.1.d  Report The survey report must include:  
- Survey Name 
- Survey Company 
- Client 
- Survey description and plot of AOI 
- CRS (horizontal, vertical, time) 
- Total Area, survey dates 
- Survey Platform Description 
- Survey Sensor Description 
- Acquisition Report 
- Processing Report 
- Personnel (Surveyor, Processer, Overall Project 

Responsible Person) 
K8.2 Data Delivery ASPRS LAS in agreement with the requirements stated in 

Produktspesifikasjon Punktsky 

 

  

https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/#truekrav-til-punkttetthet
https://sosi.geonorge.no/produktspesifikasjoner/Punktsky/#trueleveranse-punktsky
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APPENDIX D: Sensor Parameters 
  

Sensor full name Teledyne Optech 
CZMIL SuperNova 

Leica 
Chiroptera 4X 

Riegl VQ-
880-NG [7] 

Riegl VQ-
840-G [8] 

Sensor type Deep Bathy 

Topo - 
Shallow 

Bathy Topo-Bathy Topo-Bathy Topo-Bathy 

Weight kg 270 

160kg (total 
system) 

45kg (Sensor 
Head) 65 12 

Dimensions cm 

89 × 60 × 90 - sensor 
head 

59 x 56.5 x 106 – 
operation rack ~67 × 53 × 75 52 × 52 × 69 36 × 29 × 20 

Laser Channels nm 532/532/1064 515/1064 532 532 

Camera   Phase One iXM-RS150F 
Leica RCD 30 

80mp  
Hasselblad 

H/39 [4] RGB 

Measurement 
rate kHz 

20 (range 
from 10-

30) 

180 (range 
from 90-

270)[1] 140/500 
up to 550 

kHz 50–200 

Pulse Energy mJ 
2,49 (at 
10kHz) 

1,75 (at 
20kHz)  0,1 - - 

Pulse Duration ns 
1,87 (at 
10kHz) 

1,57 (at 
20kHz)  <2 1,5 1,5 

Field of view deg ±20 ±20 ±20 ±20 ±20 
Beam 
divergence mrad 5 1,9 ~4,5 (0,7 - )1,1 1 til 6 
Input optics 
diameter mm 200 200       
Nominal flying 
altitude m 400-600 (800) 400–600 500-600 [5] 50 til 150 

Laser footprint cm 208-312 [2]  75-112 [2]  120–180 
50 @ 

1,1mrad 5 til 90 
Scan pattern   circular elliptical circular elliptical 
Depth 
performance  
@ 15% Bottom 
Reflectance secci depth 

2,8 (2,8-
3,5) [3] 

2,0 (1,5-
2,2) [3]   1,5 2 

Depth 
performance  
@ 15% Bottom 
Reflectance 

diffuse 
attenuation 
coefficient     

Dmax=2.7/kd 
@15 % sea-bed 
reflectance [6]     

  
General Note:  Please note that a direct  parameter by parameter comparison does not relate to 

sensor performance. End result is a combination of hardware, software and knowledge 
of the two. Values are not necessarily representable for actual performance in the 
study 
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[1] The range is from 10-30kHz and there are 9 channels measuring in total (7 shallow, 1 
infrared, 1 deep), so measurement rate is from 90-270, or 70-210 if you only take the 
shallow channels into account. This survey was executed at 20kHz and all channels 
have been used, so the measurement rate was 180kHz in practice. 

[2] This is the footprint of the registered return value at 400m AGL, at the surface. For NVE 
the flights were generally flown at around 400m AGL.  

[3] The surveys were executed with 20kHz in Shallow Mode, this gives a Secchi depth of 2,8 
for the deep channel and 2,0 for the Shallow Channels (based on a 30cm white Secchi 
disk). However considering the different modes the range of Secchi depths for the deep 
Channel is 2,8-3,5 and for the Shallow Channels 1,5-2,2.  

[4] AHM uses a separate camera for NVE surveys 

[5] Altitude for NVE surveys are 400m 
[6] 1. We do not specify depth penetration as a function of secci depth, as the 

relation between secci depth and diffuse attenuation is very uncertain, 
and varies dramatically with different water types. 

2. Please note that the depth penetration values given for other sensors in 
Mandleburger table, are assuming significant higher sea-bed reflection. 
If for example 60% sea-bed reflectance would have been assumed, the 
received signal would be 4 times larger. 

[7] 
All AHM operations in Norway from 2016 to 2021 are carried out with this version of the 
VQ880 sensor.  

[8] 

The exact acquisition parameters used by the Riegl VQ-840-G are documented in the 
840_Settings sheet. The system was testet extensively and parameters have been 
changed between runlines in each area.  

Leica 
Chiroptera 
General 
Comment 1 

Chiroptera 4X utilized both online full waveform processing and full bathymetric 
waveform post processing in afterwards. Several advanced full waveform algorithms 
are integrated purpose as increase performance in shallow water, increase 
performance in turbid water, increase object detection capabilities, increase data 
accuracy and increase depth penetration in general.  

Leica 
Chiroptera 
General 
Comment 2 

It shall be noted that the relative high depth penetration on the small UAV based 
systems are primary caused by the lower flying altitude. Chiroptera would have about 
same depth penetration as a deep water system if flown on 100 meters. However lower 
flying altitude  would causing a large reduction in area coverage and thereby the 
efficiency of the survey. Hence the optimization is a trade-off between efficiency of the 
survey, depth penetration and data density.  
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APPENDIX E: ALB and multibeam survey itinerary 
*TerraTec is today Field Group.   

Name Year Contractor 

NVE Flaum Skjolden i Luster 2018 2018 TerraTec 

NVE Flåmselvi 2018 2018 TerraTec 

NVE Opo 2018 2018 TerraTec 

NVE Lærdal 2018 2018 AHM 

NVE Nidelva 2018 2017 TerraTec 

NVE Rauma 2018 2017 TerraTec 

NVE Vosso 5pkt 2018 2017 TerraTec 

NVE Figgjo 5pkt 2017 2017 TerraTec 

NVE Etneelva 5pkt 2017 2017 TerraTec 

NVE Nausta 5pkt 2017 2017 TerraTec 

NVE Eidselva 5pkt 2017 2017 TerraTec 

NVE Numedalslågen 2018 2017 TerraTec 

NVE Tovdalselva 2018 2017 TerraTec 

NVE Gaula 2016 2016 TerraTec 

NVE Storelva Randselva Begna 2016 2016 TerraTec 

NVE Skiens og Porsgrunnselva 2016 2016 TerraTec 

NVE Driva 2016 2016 TerraTec 

NVE Mandalselva 2016 2016 TerraTec 

NVE Gudbrandsdalslågen 2016 2016 TerraTec 

NVE dronetest Figgjo 2020 2020 Nordic Unmanned 

NVE Kvina og Litleåna 2017/2018/2019 TerraTec og AHM 

NVE Hååna 2017/2018/2019 TerraTec 

Hafslund Geilo 2017 2017 AHM 

Hafslund Gol 2017 2017 AHM 

Hafslund Hallingdal Ål 2018 2018 AHM 

Hafslund Hallingdal Holselva 2018 2018 AHM 

Hafslund Hallingdal Torpo 2018 2018 AHM 

Hafslund Hovet 2018 2018 AHM 

Hafslund Nes 2017 2017 AHM 

SVV RV7 Lindelien - Kittilsviki 2020 Nearshore Survey / Terratec 

NDH Lærdalselvi CZMIL 2021 2021 Terratec 

NDH Lærdalselvi Riegl 840 2021 2021 TerraTec 

NDH Lærdalselvi Riegl 880 2021 2021 AHM 

NDH Bøelva Riegl 840 2021 2021 Terratec 

NDH Bøelva Riegl 880 2021 2021 AHM 

NDH Bøelva Chiroptera 2021 2021 Hexagon 
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NDH Selbusjøen Chiroptera 2021 2021 Hexagon 

NDH Selbusjøen CZMIL 2021 2021 Terratec 

NDH Krøderen CZMIL 2021 2021 Terratec 

NDH Krøderen Riegl 840 2021 2021 Terratec 

NDH Krøderen Riegl 880 2021 2021 AHM 

NDH Glomma Chiroptera 2021 2021 Hexagon 

NDH Glomma CZMIL 2021 2021 Terratec 

NDH Tangeelva Chiroptera 2021 2021 Hexagon 

NDH Tangeelva Riegl 880 2021 2021 Terratec 

NDH Bøelva MBES 2021 2021 Styvehavn 

NDH Krøderen MBES 2021 2021 Styvehavn 

NDH Glomma MBES 2021 2021 Styvehavn 

NDH Selbusjøen MBES 2021 2021 Styvehavn 
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APPENDIX F: Overview of published activities 2021-
2022.  

Publication type Title Authors Year 

Master's thesis Comparing flood cost estimates 
with varying level of detail 

Hailemariam 2021 

Master's thesis Comparison Between Green and 
Red LiDAR Terrain Models in Flood 
Estimations 

Adawalla 2021 

Master's thesis Hydraulic modelling of flow 
ramping related to river 
morphology and river geometry 

Tekle 2021 

Master's thesis Machine Learning Methods for 
Bathymetry Generation in Rivers 

Ahmed 2022 

Project sub report Testing of the ALB technology for 
the classification of Norwegian river 
systems  

University of Natural 
Resources and Life 
Sciences, Vienna 
(BOKU)  

2022 

Project sub report Application of airborne LiDAR 
bathymetry in Norway  

NORCE 2022 

Project sub report Remote sensing green LIDAR 
efficiently provides accurate high-
resolution bathymetric maps, but is 
limited by water penetration  

USN 2022 

Scientic 
publication 

 Quantitative Evaluation of 
Bathymetric LiDAR Sensors and 
Acquisition Approaches in Lærdal 
River in Norway. Remote 
Sensing. volum 15 (1). 

Adawalla, Mahmoud 
Omer Mahmoud; 
Malmquist, Christian; 
Stickler, Morten; 
Alfredsen, Knut. 

2023 

Scientic 
publication 

Comparison between Topographic 
and Bathymetric LiDAR Terrain 
Models in Flood Inundation 
Estimations. Remote 
Sensing. volum 14 (1) 

Adawalla, Mahmoud 
Omer Mahmoud; Juarez 
Gomez, Ana; Alfredsen, 
Knut. 

2022 

Scientic 
publication. 

Erfaringar med bruk av batymetrisk 
LiDAR for modellering av vassdrag. 
Submitted VANN 

Knut Alfredsen, Morten 
Stickler, Ingrid Alne, 
Ingvild Brekke, Lars 
Skeie, Ana Adeva Bustos, 
Ana Juaréz Gomez, 
Håkon Sundt, Mahmoud 
Omer Mahmoud 
Adawalla og Bjørn Otto 
Dønnum 

2022 

Scientic 
publication 

A Conflict between Traditional 
Flood Measures and Maintaining 
River Ecosystems? A Case Study 
Based Upon the River Laerdal, 
Norway. Water 13(14):18.  

Juárez, A., Alfredsen, A., 
Stickler, M., Adeva-
Bustos, A., Suárez, R. 

2021 
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Scientic 
publication 

 Regionalized linear models for river 
depth retrieval using 3-band 
multispectral imagery and green 
lidar data. Remote Sensing. volum 
13 (19). 

Sundt, Håkon; Alfredsen, 
Knut; Harby, Atle. 

2021 

Scientic 
publication 

 Combining green LiDAR 
bathymetry, aerial images and 
telemetry data to derive mesoscale 
habitat characteristics for European 
grayling and brown trout in a 
Norwegian 
river. Hydrobiologia. volum 849. 

Sundt, Håkon; Alfredsen, 
Knut; Museth, Jon; 
Forseth, Torbjørn. 

2021 

Scientic 
publication 

Accuracy and robustness of 
Airborne LiDAR Bathymetry across 
Nordic riverine environments. 

In prep.  2023 

Scientific 
publication (short 
comm.) 

Analysis of microtopographical 
roughness and grain sizes based on 
Airborn Bathymetric LiDAR: Field 
validation based on selected 
Norwegian rivers. 

In prep. Schmalfuss, L., 
Mandlburger, G., Flödl, 
P., Stickler, M., Paster, M. 
& Hauer, C. 

2023 
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