
1 INTRODUCTION 

Multispectral laser scanning enables target identification and analysis by combining both spec-

tral and spatial features. Multi-wavelength airborne laser scanners are already on the market, 

such as the Optech Titan 3-channel airborne laser scanner, and an increasing number of applica-

tions are being published (e.g., Wichmann et al., 2015, Matikainen et al., 2017, Axelsson et al., 

2018). Conversely, multispectral terrestrial laser scanners (TLS) only exist as prototypes built 

by few individual research groups. This chapter summarizes the current status of multispectral 

TLS and discusses the challenges and future prospects of this emerging technology.  

Today, there are a few multispectral TLS and active imaging projects, ranging from two-

dimensional (2D) active spectral imaging, sometimes with a separate range measurement (Wei 

et al., 2012, Manninen et al., 2014), to instruments producing full-scale three-dimensional (3D) 

point cloud data (Douglas et al., 2012, Powers and Davis, 2012, Hakala et al., 2012, Danson et 

al., 2014). There are also pointwise systems, where only the intensity is measured for spectral 

analysis, and waveform lidars for vertical profiling (Rall and Knox, 2004, Du et al., 2016). Al-

ternatively, a point cloud is constructed by combining data from separate monochromatic laser 

scanners (Gong et al., 2015, Hartzell et al., 2016, Elsherif et al., 2018). While all these provide 
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important input for analyzing the multispectral laser returns, the main focus of this chapter is in 

the simultaneous capture of spectra and target 3D geometry. 

The most obvious advantage of multispectral lidar has already been shown in the pioneering 

studies (cf. Wichmann et al., 2015): no time gaps or registration errors exist between different 

colors (or spectral channels) or between geometric (topography) and spectral features, which 

improves the results compared to the traditional approach of combining point clouds with hy-

perspectral imagery (e.g., Guo et al., 2011). Also, the target identification capability of active 

hyperspectral imaging enables a wide variety of applications. But the prospect of mapping spec-

tral properties in 3D over the target and in the same spatial resolution as conventional lidars 

have not yet been fully utilized or even understood. Many of the studies on multispectral laser 

scanning have so far focused on spectral performance without including the spatial interpreta-

tion of the point clouds. For example, Du et al. (2016) present leaf nitrogen retrieval with a 32 

channel lidar, but the topographic aspect is not considered. A similar approach was presented in 

Li et al., (2014), who also focused on leaf spectral indices rather than point clouds. However 

one-shot acquisition of point cloud and spectral data will crucially increase the level of detail 

and information content available from the measurements. There is also the prospect of getting 

non-destructive and large scale data on the properties that have so far been measurable with de-

structive means only (Hakala et al., 2015), but this idea still needs comprehensive studies with 

improved instruments, as well as systematic laboratory reference to be established as a method. 

Radiometric calibration of lidar intensity has been studied for more than a decade by now. A 

comprehensive review on radiometric calibration methods, along with the basic physical con-

cepts is provided in Kashani et al. (2015). They classify the levels of intensity processing ac-

cording to the accuracy and information quality of the calibrated laser returns, starting from the 

digital numbers (raw intensity) available directly from the detector (level 0). Level 1 comprises 

the range or incidence angle correction, while in level 2, scaling or normalization, such as histo-

gram correction, is carried out. Full radiometric calibration (level 3) results in values compara-

ble to target reflectance, and requires the use of reference targets with known reflectance. The 

level 3 process is also termed as absolute radiometric calibration (Briese et al., 2012).   

Kashani et al. (2015) also identified some important knowledge gaps, such as difficulty in com-

parison with intensities obtained with different lidar instruments or variation between different 

wavelengths. That, plus the fact that lidar intensity is still somewhat underutilized, especially for 

TLS (Li et al., 2016, Schofield et al., 2016) has been one of the drivers for the development of 

multiple wavelength laser scanners. Radiometric calibration has sometimes been seen as a pre-

liminary step towards multispectral lidar (Matikainen et al., 2017). Using multiple channels also 



enables the use of spectral ratios, which may in some cases help overcome the problem that the 

laser backscatter intensity does not directly represent the hemispherical reflectance and hence 

the target physical properties. Simultaneous data acquisition at different wavelengths enables 

the comparison of spectral differences or trends, which can sometimes be done without absolute 

radiometric calibration using only the range-corrected or normalized return intensity (Kashani et 

al., 2015, Li et al., 2016). This kind of approach usually works when changes in target proper-

ties are observed within the same experiment or with the same instrument.  However, even the 

relative measurements are prone to errors caused by inaccuracy in sampling or calibration of the 

laser beam at different wavelengths. It has also turned out that the radiometric calibration is in-

strument specific (Calders et al., 2017). In any case, rigorous radiometric calibration is neces-

sary to be able to interpret physically the reflectance measurements available from multispectral 

TLS. It is also critical for combining and comparing results from different experiments. 

This chapter aims to provide a comprehensive overview on the status of multispectral TLS so 

far. It also discusses some important challenges related to multispectral laser scanning in partic-

ular, although many of these problems are familiar to monochromatic TLS as well. Even though 

the number of currently existing multispectral TLS instruments is sparse, those few available al-

ready indicate the vast potential of this new technology. The chapter is organized as follows: 

Section 2 reviews the state-of-the-art in multispectral TLS and identifies some difficulties com-

monly met in instrument development and data analysis. Applications are summarized in Sec-

tion 3, while Section 4 highlights some future aspects related to the technology. 

2 MULTISPECTRAL TERRESTRIAL LIDAR: STATE-OF-THE-ART AND CHALLENGES 

Even though the idea of active hyperspectral sensing has been available for almost two decades 

(Johnson et al., 1999), the first multi-wavelength terrestrial laser scanner instruments were pre-

sented by Douglas et al. (2012), Powers and Davis, 2012, Hakala et al., (2012), and Gaulton et 

al., (2013). Research efforts for multispectral TLS technologies are slowly increasing. Some ap-

plications have been previously summarized by Eitel et al., (2016) and Hancock et al., (2017). 

Much of the research has focused on vegetation (Wichmann et al., 2015). 

2.1 State-of-the-art 

Dual- or multi-wavelength 3D TLS point clouds have been published so far by four projects: the 

Dual-Wavelength Echidna Lidar (DWEL) (Douglas et al., 2012) and the Salford Advanced La-

ser Canopy Analyser (SALCA) (Danson et al., 2014) are dual wavelength instruments. The 



Finnish Geospatial Research Institute Hyperspectral Lidar (FGI HSL) (Hakala et al., 2012), and 

the spectral LADAR by Powers and Davis (2012) have multiple channels. All these are full 

waveform digitizing scanning lidars. In addition to these four, there are multispectral lidar stud-

ies that have mainly focused on spectral or waveform analysis of the laser return. Table 1 lists 

all these research efforts, followed by a more detailed description on each project in this section.  

Table. 1: Summary of multispectral lidar projects. The top four provide one-shot multispectral point 

clouds, whereas the others focus on spectral analysis of pointwise or two-dimensional depth images. 

Project  Laser Source Channels (nm) Detector/Sampling Application 

DWEL (Douglas et 

al., 2012) 

Two coaxial lasers, 

5.1 ns, 20 kHz 

1064, 1548 InGaAs photodiodes, 

2 GHz digitizer 

Separating 

leaves vs. bark 

SALCA (Danson et al., 

2014) 

Two asynchronous 

lasers, 1-3 ns, 5 kHz 

1063, 1545 Single digitizer 1GHz VI’s related to 

moisture 

FGI HSL (Hakala et 

al., 2012) 

Supercontinuum, 1 

ns, 5 kHz 

8 channels: 

450-1050 

Spectrograph, APD 

array, 1 GHz digitizer 

Target identifi-

cation, VI’s 

Spectral LADAR (Po-

wers & Davis, 2012) 

Supercontinuum, 

1.8-4.0 ns, 25 kHz 

25 channels: 

1080–1620 

Spectrograph, InGaAs 

APD, 5 GHz digitizer 

Material type 

classification 

MSCL (Woodhouse 

et al., 2011) 

Tunable Nd:YAG, 

4.75ns, 20Hz 

531, 550, 690, 

780 

Silicon photodiode + 

oscilloscope, 5 GHz 

VI’s such as PRI, 

NDVI 

GECO (Eitel et al., 

2014a) 

Two laser diodes, 1 

kHz 

532, 658 Red/green filters, 

two photodiodes 

Chlorophyll ob-

servation 

HSL Beijing (Li et al. 

2014) 

Supercontinuum, 1-

2 ns, 20-40 kHz 

4-32 channels: 

409-914 

APD arrays, 5 GHz 

digitizer 

Leaf biochemi-

cal contents 

TCSPC Lidar (Wallace 

et al., 2014) 

Supercontinuum, < 

50 ps, 2 MHz 

531, 570, 670, 

780 

4 single photon APDs 

+ TCSCP modules 

Conifer needle 

NDVI 

MSL Wuhan (Gong et 

al., 2015) 

4 synchronous di-

ode lasers, 800 Hz 

556, 670, 700, 

780 

4 PMT’s, oscillo-

scope, range finder 

Object classifi-

cation 

HL System (Du et al. 

2016) 

Supercontinuum, 

1–2-ns, 20–40 k Hz 

32 channels: 

538 - 910 

Grating spectrome-

ter, APD array 

Rice leaf nitro-

gen from SVM  

Note: VI = Vegetation Index APD = Avalanche Photodiode, PRI = photochemical reflectance index, NDVI = normalized difference 

vegetation index, TCSPC = Time-Correlated Single-Photon Counting, PMT = Photo Multiplier Tube, SVM = support vector machine. 



2.1.1 Multispectral TLS providing 3D topography and reflectance information 

Dual-Wavelength Echidna Lidar (DWEL) is a portable two channel scanning lidar developed at 

the Boston University (Douglas et al., 2012, Howe et al., 2015). Two coaxial near-infrared 

(NIR, 1064 nm) and shortwave infrared (SWIR, 1548 nm) lasers (with beam diameter of 7 mm), 

which are ideal for leaf separation, and are synchronized with an external trigger (Douglas et al., 

2015). An additional green laser is applied to be able to see the scan path. The returning pulses 

are collected with a telescope. Full waveforms are captured with two indium gallium arsenide 

(InGaAs) photodiode detectors, for which the beams are separated with a beam splitter. The 

measurement range is about 70 meters. A radiometric calibration scheme, based on reference 

panels, has recently been outlined to relate the measured reflectance to target radiative and 

structural properties (Li et al., 2016). In addition to improving the quantitative results on vegeta-

tion structure from spectral responses, the calibration scheme also enables the comparison and 

collaborative use of different instruments. 

Salford Advanced Laser Canopy Analyser (SALCA) (Gaulton et al., 2013, Danson et al., 2014) 

uses two sequentially emitting lasers. Full waveforms at NIR (1063 nm) and SWIR wavelengths 

(1545 nm) are detected and digitized with a single detector. These wavelengths have proven 

ideal in, e.g., leaf-bark separation. Because of the asynchronous pulses there is a small (1%) off-

set in the footprints. Calibration is done by means of reference panels. The maximum range is 

105 m, and the footprint sizes are 8.0 mm (1063 nm) and 9.2 mm (1545 nm) at 10 m. The capa-

bility of the SALCA lidar in leaf water content retrieval has been demonstrated with normalized 

difference (vegetation) indices observed for three different species (Gaulton et al., 2013). Re-

cently, a radiometric calibration scheme based on neural networks was presented for SALCA 

(Schofield et al., 2016). As the radiometric response to range, reflectance, and laser temperature 

was found to be complex, a neural network solution proved a robust tool for reflectance calibra-

tion. An effect of internal temperature on intensity was detected, and since it was more pro-

nounced in SWIR, this might pose another challenge to multispectral lidar measurement and 

analysis in general. 

The FGI Hyperspectral lidar (HSL) (Hakala et al., 2012) is a multi-wavelength full waveform 

laser scanner, with a supercontinuum laser light source producing 1 ns pulses at 420–2400 nm 

(the spot size being 5mm at 4 m for 543 nm). The optical system consists of a parabolic mirror, 

which collects the returned pulse energy into an optical fiber connected to a spectrograph. The 

spectral dispersion is detected with an avalanche photodiode (APD) array (with 450-1050 nm 

response range). Currently, 8 of 16 available APD spectral channels can be digitized, but the 

APD array can be moved with respect to the spectrograph to adjust the wavelengths to be de-



tected. In the 2012 breadboard prototype, the digitizer operated on 1 GHz sampling rate, but in-

creasing the digitization rate is investigated as a part of an ongoing development work towards 

an operational field instrument and improved target characterization (Kaasalainen et al., 2018b). 

The ongoing development and intensity calibration efforts also aim at increasing the detector 

sensitivity and extending the measurement range from currently achieved 5-50 meters. Here too, 

external reference panels are used in the calibration. 

The spectral Laser Detection And Ranging (LADAR) laboratory demonstrator prototype devel-

oped in Maryland by Powers and Davis (2012) is also based on supercontinuum technology. In 

addition to the supercontinuum source, the system comprises transmitter and receiver mirrors 

and optics, a mechanically tuned spectrometer, APD array driving a transimpedance amplifier 

(TIA), and a 5 GSa/s digitizer. Similarly to the FGI HSL, the time-of-flight measurement is 

triggered by picking up a fraction of the outgoing beam with a beam splitter. The measured 

range has been tested up to 40 m. The instrument was designed with military imaging applica-

tions in mind, and therefore its capability of detecting obscured objects from behind a camou-

flage was demonstrated. The near-infrared wavelengths of operation also ensure eye safety. 

2.1.2 Lidar projects focusing on spectral analysis 

There are also lidar studies, where mainly the intensity or the spectrum of the returning laser 

pulse is analyzed from a fixed point on the target surface. An instrument closest to a one-shot 

multi-wavelength lidar was introduced by Gong et al., (2015). Their approach was based on 

Wei et al., (2012), where a four-wavelength synthesized beam was produced with four semi-

conductor laser diodes (555, 670, 700, and 780 nm). Spatial data were obtained using a simulta-

neous laser range finder for distance measurement, which means that the spectral and spatial in-

formation would not come from the same source. The technical solution was described to be 

equivalent to four monochromatic lidars, but the combination of a single-wavelength point 

cloud and a multispectral image could be used for classification similarly to multispectral TLS. 

The study focused on classification algorithms for target identification, e.g., separating green 

and dry leaves and inorganic materials. 

The Edinburgh University Multispectral Canopy Lidar (MSCL) is based on tuneable laser oper-

ation in four wavelengths: 531, 550, 690, and 780 nm (Woodhouse et al., 2011). No point 

clouds were presented, but tree vertical structure was analysed from digitized waveforms, to-

gether with intensity information for analysing bark, twigs, and leaves. The full waveform con-

figuration allowed the acquisition of canopy profile and NDVI with respect to tree height. The 

NDVI profiles could be related to chlorophyll concentration (Morsdorf et al., 2009). Four wave-



lengths were also recorded with a time-correlated single-photon counting (TCSPC) technique by 

Wallace et al. (2014), which would also allow the collection of 3D depth image data. Supercon-

tinuum laser was used as a source, but the output was filtered. The single photon counting ap-

proach was based on an earlier design by Buller et al. (2005). The TCSPC lidar was also used to 

produce underwater 3D depth images at a single wavelength (Maccarone et al., 2015). 

Crop foliar nitrogen retrieval was carried out with the Green Economic Chlorophyll Observation 

(GECO) sensor consisting of two laser diodes (532 and 658 nm) (Eitel et al., 2014a). Only the 

returning laser intensity was analyzed, and range data were not utilized. A horizontal path lidar 

for chlorophyll estimation in two wavelengths were also presented by Rall and Knox, (2004). 

Supercontinuum laser has been tested for target spectral analysis by Du et al. (2016) and Sun et 

al. (2017), who measured rice leaf nitrogen at 32 channels ranging from 538 to 910 nm. In this 

experiment, the laser was pointed to the target at a fixed incidence angle. A grating spectrometer 

was used for creating the dispersion of the returned supercontinuum laser pulse. Nitrogen con-

tent was retrieved and classified using the spectral data only. A similar approach with full wave-

form digitizing capacity was developed by Li et al. (2014) for measuring leaf biochemical con-

tents, e.g., nitrogen. Point clouds were not presented either, but range measurement was tested 

in a later study (Niu et al., 2015). They also investigated the ranging accuracy, but presented no 

3D point clouds either. 

2.2 Challenges 

As multispectral TLS instruments are not available commercially, and because of the novelty of 

the technologies, there are many challenges related to hardware design, e.g., beam alignment in 

multi-laser systems, range accuracy, detector sensitivity (especially signal to noise), etc. (cf. 

Danson et al., 2014, Howe et al., 2014). Many of these are related to the fact that the laser pow-

er is dispersed into multiple channels. Also, much of the analysis is based on comparison of in-

tensity values or trends, which emphasizes the need for consistent spectral performance to be 

able to separate reliably the hits from different targets. This causes extra work with data pre-

processing, calibration, and information extraction (cf. Danson et al., 2018).  

Laser stability is vital for spectral performance. Temperature was found to affect the intensity of 

SALCA returns (Danson et al., 2018). For DWEL, the drifts in laser power are monitored with a 

reference panel sampling the outgoing pulses during each mirror rotation (Li et al., 2016). In the 

case of supercontinuum laser used in the FGI HSL, fluctuations in laser stability are normalized 

by dividing each pulse with the trigger pulse, which is separated from each transmitted pulse 

with a beam sampler. Initial tests have indicated a reasonable spectral stability, but the stability 



is being further assessed in the ongoing calibration study (Kaasalainen et al. 2018b). Powers and 

Davis (2012) also use the transmitted pulse to normalize the backscattered signal. 

Another important issue is the considerable data volume, especially when the number of chan-

nels and scanning resolution are increased. This introduces more demands for data processing, 

storage, and transfer, especially if on-site pre-processing is needed for real-time operation. 

Therefore, even if the addition of channels would be technically straightforward, for example by 

just adding another digitizer component, dealing with the increased data volume would require 

considerable changes in the processing and calibration procedures. Optimizing the processing 

steps is one of the future aims and the solutions are likely to be application specific. The chal-

lenges of processing, storing, and analyzing vast amounts of data produced by full waveform li-

dar in general have been addressed in many studies (e.g., Pfeifer et al., 2014). 

It is already known from single wavelength TLS that full waveform echo digitizing will im-

prove not only the range, but also target detection capacity (Ullrich and Pfennigbauer, 2011). A 

lot of effort has been put into sampling the laser waveforms. As a pre-processing step, sampling 

is usually implemented by the manufacturer in commercial scanners (cf. Calders et al. (2017) 

who discuss the pulse sampling for RIEGL VZ-400 terrestrial lidar), but as multispectral lidars 

are research instruments, the sampling has to be individually solved in each case. Narrow width 

pulses can be expected from low signal returns (Danson et al., 2018). This may not cause a ma-

jor problem in, e.g., vegetation mapping, where strong differences between NIR and visible are 

easily observed. But for targets, for which the spectral differences are small (or multiple hits 

must be detected), or those with great variation in intensity, the inaccuracy of weak signals may 

be an issue, especially when the digitizing rate is the same order as the pulse width (e.g., sam-

pling 1 ns pulses at 1 GHz) (Kaasalainen et al., 2018b). Pulse width is also crucial for range 

resolution, which can also be improved in the full waveform case with signal processing ap-

proaches (Powers and Davis, 2012). 

There are other effects, such as ringing artifacts (Hakala et al. 2012, Li et al., 2016, Danson et 

al. 2018), and telescopic and saturation, which occur especially when scanning from near to far 

ranges (Li et al, 2016). There is another calibration challenge coming from far range measure-

ments, where the signal to noise ratio falls and hence decreases the accuracy. Specifications, 

such as scanning resolution vs. beam divergence also need to be optimized (Li et al., 2018). Niu 

et al. (2015) discovered a synchronization inaccuracy between wavelengths for a supercontinu-

um laser, which may affect the range accuracy. While solutions can be found for all these prob-

lems, there is still a great need for comprehensive data collection to be able to utilize better the 

combined spectral and point cloud information accurately and robustly. This is particularly true 



because so few multispectral TLS instruments are available, and most applications are still to be 

developed. New applications are likely to call for further hardware and software development. 

3 APPLICATIONS 

3.1 Vegetation 

While the potential of TLS in measuring vegetation structure can be utilized with monochro-

matic scanners, the added value from simultaneous spectral data is considerable. Woodhouse et 

al. (2011) identified some potential vegetation applications for multispectral lidar, such as map-

ping species composition, identifying healthy versus stressed canopies, monitoring the plant 

photosynthetic capabilities, or diagnostic monitoring via pigment concentrations. Many of these 

have since been tested with newly developed instruments. Vegetation targets are usually chal-

lenging, since they represent complex, multi-target situations, where each laser pulse is likely to 

hit more than one surface. 

3.1.1 Monitoring the photosynthetic activity and health 

Vegetation photosynthetic capacity is an important research topic because it is directly related to 

the role of forests as carbon sinks, which is important in understanding the dynamics of climate 

change and the global carbon cycle (Gaulton et al., 2013, Wallace et al., 2014). Vegetation 

health, productivity and stress level are related to the leaf biophysical parameters, such as, the 

amount of chlorophyll in plants. Chlorophyll can be monitored by measuring the changes in the 

so-called vegetation spectral red-edge and estimating the chlorophyll levels with various vegeta-

tion indices using values near the red-edge domain (Rall and Knox, 2004). Therefore, there is a 

strong research interest towards retrieving vegetation spectral indices with multispectral TLS. 

These indices were previously studied by means of passive remote sensing (e.g., Kalacska et al., 

2015, Jay et al., 2017). Nevalainen et al., (2014) provide a summary of 27 published vegetation 

indices and tested them for pine chlorophyll retrieval with the FGI HSL. The modified simple 

ratio (MSR) and the modified chlorophyll absorption ratio index (MCARI), where reflectance 

values at 705 and 750 nm (i.e., those near the spectral red edge) were utilized, were found to be 

most sensitive for chlorophyll estimation. Similar indices were later monitored throughout the 

growing season with the FGI HSL to demonstrate a non-destructive time series of pine chloro-

phyll content, validated with laboratory analysis (Hakala et al., 2015).  



In addition to forests, crop monitoring has also been explored. Nitrogen concentration in oat 

samples were derived from the FGI HSL data by means of the chlorophyll absorption ratio in-

dex (CARI), for which laser returns at reflectance 700 nm, 670 nm, and 550 nm were selected 

(Nevalainen et al., 2013). Support vector machine regression was tested for nitrogen concentra-

tion in rice crops by Du et al. (2016). Here the number of wavelengths played a crucial role. 

Vegetation moisture content is an important indicator of tree health, drought stress, and fire risk. 

Moisture content has been mapped from SALCA point clouds using SALCA normalized ratio 

index (SNRI) and other indices, where laser return intensities at 1064 nm and 1545 nm were 

compared (Gaulton et al., 2013, Hancock et al., 2017). A relationship was found between 

equivalent water thickness (EWT) and SALCA reflectance at both channels, but the relationship 

was strongest with EWT and spectral indices. The suitability of SALCA wavelengths for leaf 

moisture estimation was also demonstrated with a leaf reflectance model. 

3.1.2 Identifying tree parts or tree species 

DWEL and SALCA have also been applied in the separation of leaf (foliage) and woody mate-

rial (such as bark) to be able to study forest structure and function (Douglas et al., 2015, Danson 

et al., 2018). The recognition is based on the stronger leaf absorption at 1548 nm compared to 

stems, resulting in a difference between the intensities from two NIR channels, which can then 

be observed for each point. This improves substantially the separation capability, since for 

monochromatic laser scanners, even the waveform is not enough to separate hits from leaves 

with partial hits from edges of trunks or branches (Douglas et al., 2015). Leaves can also be 

separated by point cloud classification using vegetation indices such as NDVI for each point 

(Woodhouse et al., 2011, Nevalainen et al., 2014).  

Tree species classification has been demonstrated for spruce and pine with the FGI HSL 

(Vauhkonen et al., 2013) based on classification features that combined range and reflectance 

properties. The returns from inside the foliage turned out to be essential with respect to the clas-

sification accuracy. The results are somewhat similar to those obtained with a multispectral air-

borne laser scanning at three wavelengths with Optech Titan X (Axelsson et al., 2018), where 

combined spectral and range information proved most efficient in classification. 



3.2 Object classification 

3.2.1 Separating different materials 

Multispectral TLS has also been used to separate inorganic materials from organic ones or each 

other (see Figure 1 for an example). Initial tests of the FGI HSL have been carried out to ex-

plore its potential for other applications than vegetation. Monitoring target moisture has been 

tested for cardboard and wooden objects in indoor conditions with spectral indices related to 

water absorption band at 970 nm (Kaasalainen et al., 2017). Moisture in targets can be detected 

from these indices, while it can be automatically localized from point cloud information. Pre-

liminary results for snow surfaces have also been obtained, mainly to explore the capability of 

the HSL to distinguish pollution or to investigate the possible wavelength effects on the inci-

dence angle on snow (Anttila et al., 2016). The incidence angle behavior was found to be simi-

lar for all HSL wavelengths (540-1000 nm) for a sample of melting (wet) snow. An ongoing re-

search effort focuses on mineral identification in mines, where ores are distinguished from their 

spectral properties and mapped from 3D point clouds of mine tunnels. In comparison with 

strong signatures in the vegetation red edge domain, mineral detection has proven somewhat 

more challenging, as the differences in intensity are more subtle and hence pose more challeng-

es to the accuracy of the radiometric calibration (Kaasalainen et al., 2018b). 

Gong et al., (2015) used both spectral and spatial information to classify and distinguish differ-

ent objects with the Wuhan MSL: white wall, ceramic pots, Cactaceae, carton, plastic foam 

block, and healthy and dead leaves, with a support vector machine (SVM) supervised classifica-

tion method. The point clouds were obtained by combining a multispectral image captured with 

four lasers, and range information from a traditional lidar. Comparison of results to those from 

single wavelength lidar or traditional passive remote-sensing only indicated that a higher classi-

fication was achieved with simultaneous multispectral and spatial data. 

3.2.2 Defense and security applications 

There has been a long interest in active spectral imaging for military applications. Besides target 

classification, detection of concealed targets, e.g., those behind a camouflage nets have been an 

object of interest (Johnson et al., 1999, Nischan et al., 2003, Powers and Davis, 2012). Other 

important features in defense and security related imaging are the eye safety and the capability 

of long range measurement, even up to 1 km (Manninen et al., 2014). 3D spectral point clouds 

have been utilized by Powers and Davis (2012), who demonstrated the advantages over passive 

spectral sensing in the detection of featureless, flat surfaces and objects obscured by camouflage 



netting with a spectral LADAR operating in NIR. The separation was based on the range differ-

ence and spectral features, using a K-means algorithm for classifying spectral vectors. 

Puttonen et al. (2015) applied the FGI HSL for identifying artificial targets (camouflage net, 

LECA brick, plastic chair) and separating them from vegetation. It was found that while the dif-

ferences in spectral responses were significant and allowed classification, spatial aggregation of 

individually classified points increased the classification accuracy. This would mean that point 

cloud segmentation is necessary for a robust solution. It was also shown that spectral data en-

hance the detection of hidden targets (those masked with camouflage nets) using a combination 

of spectral indices (cf. Johnson et al., (1999), who introduced this idea along with the concept of 

active hyperspectral imaging). 

 

Figure 1:  Example of target identification from a multispectral point cloud: camouflage and artificial 

targets can be separated from vegetation based on both spectral and shape recognition. 

The same applies for tree trunks and leaves. Point cloud obtained with the FGI HSL (Hakala 

et al, 2012, Nevalainen et al., 2014, Puttonen et al., 2015). Image by Olli Nevalainen, FGI. 



4 FUTURE ASPECTS 

Many of the results presented in this chapter are preliminary and first of their kind, and call for 

extensive future research, both to establish the method and to show its full value in different sci-

entific and commercial applications. However, they all point out the potential in robust and au-

tomatic target identification and monitoring. Considering the robotics and automation mega-

trends related to, e.g., intelligent transport, smart agriculture, or the internet of things (IoT), all 

these developments call for robust sensor-based environment perception. 

There is an ongoing trend in TLS towards portability, rapid data capture, and also cost efficien-

cy. While the data quality may not be as high as with a high-performance lidar, the practicality 

of cost-effective, lightweight TLS instruments is likely to increase their usage and thus allow 

larger areas to be investigated in the first place (Paynter et al., 2016 and references therein). 

These devices have the potential to complement and extend the spatial range of observations ac-

quired with high performance ones. There will be a pressure for lower cost in the multispectral 

TLS applications as well, but the technology should first be well established, and currently this 

is only possible with high performance research instruments. 

Further research is still needed for full spatial interpretation of multi/hyperspectral TLS data, 

especially to establish a non-destructive means for, e.g., mapping vegetation pigment concentra-

tions in 3D for diagnostics (Eitel et al., 2014b, Hakala et al., 2015, Sun et al., 2017) or automat-

ic localization of moisture in built environment (Kaasalainen et al., 2017). In addition to the 

technical issues described above, a few significant future aspects are discussed in more detail. 

4.1 Data analysis methods 

Producing and analyzing multi-channel point clouds is a demanding task: not only the instru-

mentation is challenging, but software needs to be capable of handling vast amounts information 

produced by different types of digitization equipment. This information has to be processed and 

calibrated with methods customized for each instrument, and finally converted into a form read-

able for data analysis software (which will also have to be custom made as standard software for 

multispectral lidar are nonexistent), and formats suitable for other users. The LASer (LAS) for-

mat already allows the addition of extra attributes to each point in a point cloud (e.g., RIEGL, 

2012). Because of vast information content, automatizing these processes still requires a major 

effort and optimization, especially if real-time mapping is aimed at (such as that in simultaneous 

localization and mapping (SLAM)). All the recent studies call for more work on the data analy-

sis front (Douglas et al., 2015, Danson et al., 2018, Kaasalainen et al., 2018b). 



Even though manual delineation of objects could be possible using the spectrum of even a sin-

gle point, combined use of both spatial and spectral information will be necessary for the solu-

tions to be automatic and robust (cf. Li et al., 2018). The need of information is application spe-

cific. Puttonen et al., (2015) also found that, because of the complexity of the targets such as 

trees, an individual laser return can have almost any intensity, and hence it is difficult to identify 

a source of a single return. It was also shown that more than one spectral index was needed to 

separate some camouflage objects from organic ones. Kaasalainen et al., (2018a) found that for 

vegetation, leaf angles affect the spectrum of some plants, and a physical correction of this inac-

curacy is not realistic. This may introduce uncertainty in the vegetation indices. 

While spectral (vegetation) indices have played a major role in multispectral lidar studies so far, 

other detection methods, such as spectral unmixing algorithms (Powers and Davis, 2012, Alt-

mann et al., 2015) can be applied. This calls for increasing the number of channels (from two or 

four), which is most practical by the use of supercontinuum lasers. Du et al. (2016) suggested 

that adding more channels improves the classification accuracy in the SVM regression. 

4.2 Measurement geometry 

Effects of measurement geometry, in this case, the incidence angle must be better understood. 

They have recently been shown to affect the spectral indices measured with laser scanners (Eitel 

et al., 2014a, Hancock et al., 2017). It is not possible to correct these for leaf canopies since the 

leaf incidence angle is mostly not known. Therefore, an empirical correction scheme may turn 

out the only alternative for vegetation (Kaasalainen et al., 2018a) but in any case, the variation 

in incidence angles is likely to limit the accuracy of leaf spectral data (Hancock et al., 2017). 

Further work is also needed to find out whether or not the incidence angle behavior would be 

different for relative (such as NDVI) or absolute vegetation indices (MCARI) (cf. Nevalainen et 

al., 2014). Gaulton et al. (2013) and Shi et al. (2015) did not observe the incidence angle effect, 

but discussed the use of relative indices to cancel out or reduce it. Some targets do not exhibit 

any difference between wavelengths, such as a sample of wet snow (Anttila et al. 2016). It is 

clear that more testing and further experiments are needed. 

4.3 Eye safety vs. number of channels 

Near-infrared lasers have provided useful in moisture estimation (Gaulton et al., 2013, Man-

ninen et al., 2014) and it is possible to build systems that meet the eye safety requirements. 

Overall, the eye safety problem is easier to tackle with instruments operating at discrete laser 

wavelengths, because they are easier to detect as all laser power is concentrated on narrow 



wavelength bands. The downside is the inaccuracy in the co-alignment of the laser beams (Li et 

al., 2018). Then again, supercontinuum lasers provide the only way to increase the number of 

channels or make a hyperspectral implementation. For visible wavelengths, filtering is one op-

tion, especially if the number of channels can be limited. For experiments carried out in labora-

tory or indoor environment (such as tunnels), this problem may be solved with traditional laser 

safety measures (limiting the access, safety goggles, etc.). Furthermore, the need for laser power 

in supercontinuum applications may decrease along with improving detectors as the technical 

readiness level increases from prototype level, or the power can be otherwise lowered in close 

range experiments. In any case, hyperspectral TLS utilizing supercontinuum lasers may never 

be a multi-purpose instrument, but should be tailored for the purpose to optimize the laser safety 

vs. wavelength range. Technical solutions enabling versatility will be crucial. 

5 SUMMARY 

Multispectral lidars represent the next generation of terrestrial laser scanning. This chapter has 

reviewed the current state-of-the art and discussed the prospects and challenges related to in-

strumentation, usage, and data interpretation from multispectral TLS. Once these challenges 

have been tackled, multispectral TLS will provide comprehensive environment perception and 

target identification in an entirely new level of robustness, detail, and accuracy. It has already 

been shown with the applications demonstrated so far that multispectral TLS has the potential of 

disrupting many fields of science and industry. As it seems that the technical implementation 

will strongly depend on the application, commercial availability may have to wait until the per-

formance of the technology has been better established. This is an object of active ongoing re-

search with more and more results coming up in the near future. 
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