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Abstract

:

Global warming is posing a threat to the health and condition of forests as the amount and length of biotic and abiotic disturbances increase. Most methods for detecting disturbances and measuring forest health are based on multi- and hyperspectral imaging. We conducted a test with spruce and pine trees using a hyperspectral Lidar instrument in a laboratory to determine the capability of combined range and reflectance measurements to investigate forest health. A simple drought treatment was conducted by leaving the harvested trees outdoors without a water supply for 12 days. The results showed statistically significant variation in reflectance after the drought treatment for both species. However, the changes differed between the species, indicating that drought-induced alterations in spectral characteristics may be species-dependent. Based on our results, hyperspectral Lidar has the potential to detect drought in spruce and pine trees.
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1. Introduction


The Earth’s warming climate is posing a threat to the health and condition of forests, particularly boreal forests, which are one of the Earth’s ecosystems predicted to be most affected by climate change [1,2]. The rising temperature increases the amount and length of drought periods, which, along with other climate-induced and biotic disturbances (e.g., pest insects and wind damage), result in increased forest damage and decreased biomass accumulation [3,4,5,6,7,8]. However, the lack of adequate data on forest health status hinders the understanding of climate change risks for forests; thus, more accurate forest health data are needed in climate change modeling [3]. Declined trees are more susceptible to damage—caused by, for example, drought and pest insects—than healthy, vigorous trees; thus, early detection is vital in reducing the spread of infections [9,10,11]. In preemptive attempts to avoid tree die-off during disturbance periods, novel methods are required to accurately monitor declined trees.



Spectral absorbance can be measured using active or passive multi- or hyperspectral remote sensing. Passive hyperspectral sensors measure light energy that originates from the sun and is then reflected from targets on the ground to the sensor. Passive hyperspectral sensors are able to distinguish reflected energy on several tens or hundreds of bands, locating usually between 400 nm and 2500 nm wavelengths. However, passive sensors are highly influenced by illumination, atmospheric absorbance, viewing geometry, canopy structure and understory vegetation reflection, which makes processing of the data complicated [12,13,14]. Active multi- and hyperspectral remote sensing methods are based on detecting energy that is emitted from the sensor and reflected back from a target object. Thus, they are not affected by prevailing illumination conditions simplifying processing of the data.



Lidar (light detection and ranging) is an efficient active remote sensing technique to measure vegetation structure and biomass [15]. Lidar pulses are able to penetrate through the vegetation canopy, enabling simultaneous point cloud collection from multiple vegetation layers as well as ground level. Therefore, airborne, terrestrial and spaceborne scanning Lidar are widely used to collect forest structural parameters [16,17,18,19,20]. However, most of the current Lidar sensors provide only a 3D point cloud collected using a single wavelength and with an uncalibrated intensity information. The restricted information on the spectral characteristics of target objects limits the efficient classification or estimation of vegetation biochemical parameters [21,22].



Spectral characteristics of vegetation could be mapped with Lidar by using multiple wavelengths simultaneously. The concept of a multispectral full waveform canopy Lidar has been tested by simulating return waveforms using models of tree structure and leaf optical properties. Simulated multispectral Lidar was able to separate canopy and understory signals [23]. Respectively, Suomalainen et al. [24] has demonstrated the use of a simulated hyperspectral Lidar in classification of needles and branches [24]. Terrestrial dual-wavelength Lidar systems, operating at 1064 nm and 1540 nm wavelengths, have been developed and tested in laboratory conditions [25,26]. The first prototype of a full waveform hyperspectral Lidar instrument utilizing a supercontinuum laser source has been developed and constructed at the Finnish Geospatial Research Institute [27]. The hyperspectral Lidar sensor emits broadband light energy (laser pulses), and backscattered energy is reflected from the target object to the sensor, enabling simultaneous distance and reflectance measurements [27]. The instrument can produce 3-D point clouds with backscattered reflectance information on eight spectral channels between 554.8 nm and 1000.4 nm [27]. As an active remote-sensing method, spectra acquired with a multi- or hyperspectral Lidar are not affected by illumination conditions or shadows, which is an advantage over passive sensors.



The mapping of declined trees with remote sensing requires a detectable indicator of health condition. Weakened water balance can be an indicator of a declined tree, as drought results in changes in leaf biochemical properties that affect leaves’ spectral absorbance properties [28,29]. The strongest changes in spectral absorbance can be detected at water absorption bands located at 970 nm, 1200 nm, 1440 nm and 1950 nm [30,31]. Generally, the near- and shortwave infrared wavelength regions are considered to be most subject to variation due to alterations in leaf water content.



For example, vegetation indices (VI) calculated as ratios of reflectance between spectral bands can be used in the monitoring of changes in the spectral absorbance properties of plants as well. When VIs are calculated, one band is located in a wavelength area affected by the variable of interest and the other band is used as a reference band. Several vegetation indices have been developed and used to assess plant water status with hyperspectral measurements, such as the water band index (WBI), which is based on the assumption that reflectance decreases in 950–970 nm region as drought increases [32]. Gao [33] has developed a normalized difference water index for remote sensing of vegetation liquid water from space that uses 860 nm and 1240 nm bands [33]. It should be pointed out that canopy structure and species can affect the choice of optimal wavelength regions for water-status monitoring [31,34].



The detection of vegetation drought has been studied widely with passive multispectral remote-sensing data at scales varying from a single leaf to even a global scale. Large-scale detection and mapping of the temporal and spatial characteristics of drought have been investigated using the Advanced Very High Resolution Radiometer (AVHRR)-based vegetation and temperature indices with low resolution (14 km), resulting in high potential of the indices [35,36,37,38]. Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) data with medium resolution (30 m) have been used to calculate the normalized difference water index, revealing dying forest areas with an overall accuracy of 76% [39]. Satellite-based remote sensing is suitable for large-scale drought monitoring at national and regional levels in countries where extensive forest management is applied. For example, drought maps can be used as input data for modeling (e.g., forest fires, insects and disease risk) at a resolution of more than 30 m.



Higher spatial resolution remote-sensing data are required for detecting subtle changes in canopy biochemistry and structure [13]. Detailed mapping of declined trees or small groups of trees suffering from drought is needed for preemptive risk and damage management in countries where intensive small-scale forest management is applied. Small groups of trees susceptible to pest colonization need to be identified to avoid widespread damage. Detailed forest health maps can assist in allocating operational forest management activities in high-risk areas and can be used as training data for low-resolution satellite sensors to improve the accuracy of large-area forest health monitoring. Studies using spatially higher resolution data have been conducted using airborne and terrestrial remote sensing [40,41]. An unmanned aerial vehicle (UAV) platform with a micro-hyperspectral imager and a thermal camera with high resolution (40 cm) has been used to detect water stress in a citrus orchard, resulting in temperature indices and a photochemical reflectance index (PRI) yielding the best results [42]. Lidar and hyperspectral data fusion have been shown to be able to provide information on canopy stress [43]. The potential for using dual-wavelength Lidar in the detection of vegetation water content has been shown by Gaulton et al. [44]. Hyperspectral Lidar has been used previously to estimate leaf levels of chlorophyll, also an indicator of tree health, with high accuracy in Scots pine shoots (R2 = 0.88) [45].



The aim of the study was to investigate the capability of active hyperspectral Lidar measurements in tree-drought detection at the canopy scale. Here, nine Norway spruces and nine Scots pines were measured horizontally in a laboratory, simulating an airborne data acquisition with hyperspectral Lidar, 1–2 days after harvesting and again after 12 days of drought without a water supply. The hyperspectral Lidar used in the study had eight spectral channels from 554.8 nm to 1000.4 nm; thus, measurements were limited to visible and near-infrared regions. Changes in reflectance of different return types for each of the eight channels were examined, and a normalized difference vegetation index (NDVI) and a modified water index (WI) were calculated for each return to examine their capability of detecting the declined trees. Our hypothesis was that drought-induced changes in spectral reflectance could be detected with hyperspectral Lidar measurements. However, this study should be treated as a preliminary test because the lack of biophysical measurements and the size of the sample hindered our ability to make further conclusions; therefore, this paper is an introduction to further studies in developing methods for detecting declined trees using multispectral Lidar measurements. Similar tests need to be conducted with a larger dataset, both in laboratory and field conditions, including reference measurements of plant water content.




2. Material and Methods


2.1. Hyperspectral Lidar Measurements


Full waveform hyperspectral Lidar is an instrument for measuring geometry and backscattered reflectance at several wavelengths simultaneously. The instrument uses a supercontinuum laser source, which sends nanosecond pulses of broadband white light. The echo waveform can be measured for each pulse with multiple wavelength channels. The design of the instrument has been described in detail by Hakala et al. [27].



The trees were measured in a laboratory under environmentally stable conditions with eight spectral channels (554.8, 623.5, 691.1, 725.5, 760.3, 795.0, 899.0 and 1000.4 nm, and full width at half maximum of 17–19 nm) from a 3-meter distance from the top of the tree (Figure 1). The diameter of the laser beam was about 4 mm at target, and divergence was 0.02°. The trees were positioned horizontally with the base of the tree on a concrete block and a plastic pole supporting the tree trunk so that the top of the canopy was pointing toward the scanner, simulating an airborne data acquisition, and each tree was measured separately (Figure 2). About 100,000 returns were recorded for each tree, depending on the tree size, with a maximum of two returns recorded for each pulse. The 3-D point clouds represent the whole trees, i.e., no effort was made to classify the data into branches and needles.
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Figure 1. The spectral channels of the hyperspectral Lidar on electromagnetic spectrum. 
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Figure 2. A schematic figure describing the experiment setting. The figure is not to scale. 
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The trees, which were 3–3.5 meters in height and 5–6 cm in diameter at breast height, were cut and harvested 1–2 days before the measurements. The set of nine pine and nine spruce trees was first measured on 16 May 2012, and then again on 29 May 2012. As net photosynthesis and stomatal conductance is generally reduced after 2–3 days of drought [46], a drought treatment was conducted by leaving the harvested trees outdoors to lean against a wall in an upright position for 12 days with their bases lying on grass surface. The trees are referred to as “fresh trees” before the drought treatment and as “dry trees” after the treatment in the following text. Mean temperature during the treatment was 14 °C, and mean relative humidity was 59% (Figure 3). No measurements of leaf water content or water potential were conducted. The data were processed with Gaussian pulse fitting and calibrated to the backscattered reflectance factor using a reference target [27].
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Figure 3. Relative humidity and temperature near the study site during the drought treatment. 
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2.2. Analysis of Spectral Characteristics


Statistics were calculated from the reflectance value distributions for each tree in return type categories to describe and compare the distribution of the reflectance values in each sample (Table 1). These features were the mean, standard deviation, and quantiles 0 (minimum), 25, 50 (median), 75 and 100 (maximum) of the reflectance value distributions. The quantiles were calculated as cumulative probabilities from the reflectance value distributions, i.e., which value cuts off the first, e.g., 25%, of the data when it is sorted in ascending order.
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Table 1. The return type categories and their descriptions.







Table 1. The return type categories and their descriptions.







	
Return Type

	
Description






	
Single

	
Laser pulses that generate only one return from the target.




	
First

	
The first return from a pulse generating more than a single return.




	
Second

	
The second return from a pulse generating more than a single return.




	
All-first

	
Single and first returns combined as defined above.









In addition to these features, vegetation indices used previously in drought-detection studies were calculated for each return from their reflectance data. The indices were a normalized difference vegetation index (1) and a modified water index (2) [32,47]. The NDVI is a commonly used multispectral vegetation index based on the difference in canopy reflectance at visible light (400–700 nm) and near-infrared (700–1100 nm) wavelength regions. The NDVI has a greater value for healthy vigorous canopies and a lower value for stressed canopies. We used red at 691.1 nm and near-infrared at 795.0 nm, which have been employed in similar studies before [48,49]. The WI, which utilizes a weak water absorption band at 970 nm and a reference band at 900 nm [50], was developed for estimation of plant water content and water stress at ground level [32]. The index was modified and a water absorption band at 1000.4 nm was used instead of 970 nm, which was not available. The same statistical features were calculated for NDVI and WI as for the reflectance value distributions.



Paired-sample and one-tailed t-tests were then used to test whether there were statistically significant differences in the reflectance values between the scans at tree level and to determine the direction of change in the reflectance values after the drought treatment. As the sample size was small and groups of nine samples were compared, the statistical results were validated with a non-parametric Wilcoxon signed-rank test for the group differences.


NDVI = (R795.0 − R691.1)/( R795.0 + R691.1)



(1)






WI = R1000.4/(R899)



(2)









3. Results


The return-type distributions were statistically different (p < 0.05) after the treatment of both species. The percentage of single returns increased in the pines as opposed to a decrease in first returns and a slight decrease in second returns (Table 2). The effect of the treatment on return-type distribution was different for the spruces, as the percentage of single returns decreased after the treatment but the share of first returns increased significantly.
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Table 2. The percentage of each return type in the point clouds for each species before and after the drought treatment calculated from all measurements (n = 36).
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Measurement/Return type

	
Single (%)

	
All-First (%)

	
First (%)

	
Second (%)






	
Pine fresh

	
69.0

	
91.0

	
21.9

	
9.0




	
Pine dry

	
72.5

	
91.5

	
19.0

	
8.5




	
Spruce fresh

	
71.6

	
91.0

	
19.4

	
9.0




	
Spruce dry

	
67.2

	
91.2

	
24.0

	
8.8








Note: All-first returns include both single and first returns.







Statistically significant differences were detected in reflectance after the treatment (Figure 4). The greatest changes in spectral reflectance were detected in the near-infrared region (NIR) bands from 725.5 nm to 1000.4 nm for both species. The reflectance of these bands varied more than bands in the visible light spectrum. A statistically significant increase in reflectance throughout the spectrum was detected in the pines using single and all-first returns while first and second returns measured a statistically significant increase in reflectance in the visible light and NIR regions from 554.8 nm to 725.5 nm. In the spruces, a significant decrease in reflectance in the NIR region from 725.5 nm to 795 nm was detected using all return types, while significant changes were detected in reflectance in the visible light region from 623.5 nm to 691.1 nm using only second returns.
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Figure 4. Means of reflectance for the return types and their standard deviations (vertical bars) for each spectral channel. Black lines represent fresh trees, and red lines represent dry trees (drought induced trees). 
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Statistically significant decreases (p < 0.05) were detected in NDVI mean for all return types after the drought treatment, except second returns for both species (Figure 5). First returns showed the strongest difference in NDVI values between the fresh and dry trees following the treatment.



The WI mean showed a statistically significant decrease (p < 0.05) for pines, following the drought treatment, for all-first returns (Figure 6). For pine, quantile 25 of the WI showed a statistically significant decrease for first and second returns, quantile 50 for all return types, quantile 75 for single and all-first returns, and quantile 100 for second returns, respectively. This indicates that the distribution of WI values was altered after the drought treatment, especially between quantiles 25 and 75 of the data, although mean differences were detected only with all-first returns. Spruces did not show the same variation in WI, and no statistically significant changes were detected following the drought treatment.
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Figure 5. The normalized difference vegetation index (NDVI) mean calculated from the point clouds for all return types of fresh and dry trees (drought-induced trees). Each box consists of nine values. The black line represents the median of these values. 
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Figure 6. The water index (WI) statistics calculated from the point clouds with the most significant difference after the treatment for all return types of fresh and dry trees (drought-induced trees). Each box consists of nine values. The black line represents the median of these values. 
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4. Discussion


Statistically significant changes were detected in spectral reflectance of hyperspectral Lidar pulses after the treatment. However, the changes were opposite for the two species. The reflectance decreased significantly in the NIR bands in the spruces. A similar decrease in reflectance has been associated with forest decline [51]. The effect of the treatment was opposite for the pines, whose reflectance increased across all eight bands. Dried pine needles have been shown to have higher reflectance than fresh needles [28]. Similar results have been shown for several other species [52,53]. Increased reflectance in the pines could partially derive from physical effects such as the stature of needles being different after the treatment. Drought results in a decrease in xylem pressure, which can induce conduit wall collapse in the needles and loss of rigidity [11,54]. The needles were closer to each other, allowing more needles to fall under the laser beam, increasing reflectance and probability of a single return compared to the first measurement. The small size of the laser beam at target enables the beam to be entirely obstructed by canopy vegetation, resulting in a single return [55]. This phenomenon was also observed in return-type distributions, as the proportion of single returns increased and the proportion of first and second returns decreased after the treatment.



The pulse types produced different reflectance values in the measurements, and not all were equal in discriminating changes in reflectance after the treatment. For the spruces, all return types measured a statistically significant decrease in NIR reflectance between 725.5 nm and 795 nm, while only second returns were able to detect statistically significant alterations in visible light spectrum from 623.5 nm to 691.1 nm. As spruce needles are small, the laser hits from the needles probably created multiple echoes, explaining the greater change in reflectance of first and second returns [55]. For the pines, all-first returns and single returns had significantly higher reflectance after the treatment across all eight wavelength bands, while first and second returns were not altered in a statistically significant manner. This likely was partially due to an increase in the proportion of single returns after the treatment and variation in the stature of the needles, as was discussed before. A similar increase in reflectance along the spectrum has been shown previously due to decreased leaf water content [56].



The NDVI was significantly lower after the drought treatment for both species in all return types except second returns. The NDVI was able to discriminate the dry spruces with all-first, first and single returns, although the reflectance of NIR bands was not significantly altered after the treatment in all-first and single returns. Although the direction of change in reflectance was opposite for the two species, the NDVI performed consistently and seems to not be sensitive to the direction of change in reflectance. The NDVI from multispectral Lidar has shown its potential before by explaining 82% of the variation in foliage nitrogen uptake with seven vegetation species [57]. However, it is unclear how much returns from woody material with varying NDVI values influenced the results. Generally, bark has low NDVI value, but it can be quite variable due to the presence of lichen and moss [44]. Separating returns between leaves and woody material may be possible if the difference in NDVI is clearly distinguishable [26].



The WI mean showed a statistically significant decrease after the treatment for the pines using all-first returns, while first, single and second returns showed statistically significant differences only for quantiles 25, 50, 75 and 100 (second returns only). This indicates that most of the differences in the distribution of WI occurred between quantiles 25 and 75 of the data. This may be due to the heterogeneity of plant material or uneven reduction of moisture content in the canopy, as no effort was made to separate woody material and foliage. Laser returns from woody material have a lower WI because of lower moisture content, and trunk and branches tend to retain moisture for longer time periods than foliage because transpiration occurs through leaves. Therefore, no changes were detected with quantile 0. WI was not a strong classifier for the spruces, indicating that indices for detecting declined trees may be species dependent. Leaf structure (including thickness and internal leaf structure) may affect the variation of spectral reflectance and spectral indices due to decreased leaf water content (an influence that has been shown before [58,59]); thus, the main tree species should be studied for detecting drought-damaged and declined trees in forestry and urban planning. In Scandinavia, this is feasible, as only three tree species (Scots pine, Norway spruce and Silver birch) form the vast majority of forest and commercial timber.



Furthermore, a more detailed study on the effect of multiple scattering of the laser radiation within the canopy and the effect of laser spot size on the needle-level scattering should be carried out to study the effect of the changing canopy structure on the laser returns and the spectral ratios (cf. [60,61]). These effects may have affected the results, decreasing the observed change in spectral ratios due to drought. Previous studies have also indicated that leaf reflectance absorption properties affect the ability to account for leaf angle effects on laser readings [62]. It was shown that higher reflectance increased the ability to account for leaf angle effects, and a choice of wavelengths in the NIR region was discussed, as vegetation reflects NIR radiation efficiently [62]. The first results suggest that spectral indices from multispectral Lidar might be insensitive to range or the target-scattering cross section, but more experiments are needed to confirm this at the canopy scale [44]. The results of this study back up this theory vaguely as the NDVI performed consistently.



Multispectral and hyperspectral Lidar instruments are being developed further, and their use in operational forest and environment monitoring is increasing rapidly. However, the hyperspectral Lidar instrument used in this study is not yet safe for the eyes, limiting its operation outside of laboratories. A multispectral Lidar with three spectral channels by Optech Inc. is being used commercially already, and considering the development pace of Lidar technologies, new instruments will emerge in the markets in the coming years.



Preliminary tests with hyperspectral Lidar showed promising results, indicating that multispectral and hyperspectral Lidar have potential for forest health monitoring. Further studies are needed to investigate the use of spectral indices from multispectral or hyperspectral Lidar in forest health mapping. As was shown here, many uncertainties must be addressed before operational forest health mapping with multispectral Lidar is feasible. Subsequent studies are being planned to address some of these uncertainties.




5. Conclusions


The choice of optimal wavelengths for multispectral Lidar in forest health monitoring needs to be studied. Based on our results, the drought treatment affected spectral reflectance, but the direction of change was opposite for the two species. Reflectance increased significantly in the visible wavelengths for the pines, while the spruces showed less variation in this spectrum. However, the NDVI calculated from the point clouds showed a statistically significant decrease after the drought treatment for both species, indicating that the index is not sensitive to the direction of change in reflectance. This is a promising result as NDVI can be calculated using a dual-wavelength Lidar system, which are already commercially available. The wavelengths of the hyperspectral Lidar instrument were limited to 1000.4 nm; thus, the effect of drought at longer wavelengths in the NIR region will remain a future topic. The availability of wavelengths in commercial Lidar systems is limited, emphasizing the demand of such studies.



The drought treatment resulted in significant changes in reflectance of the trees, particularly in the NIR region. First and single returns detected greater difference in NDVI after the treatment than second returns, indicating that a sensor capable of detecting one return per pulse is sufficient for calculating NDVI. The WI showed statistically significant differences only for pine, and the differences were mainly found using the quantiles of the WI distribution indicating that NDVI performed better in detecting drought of the these two indices. Hyperspectral Lidar showed potential in drought detection of vegetation, but more detailed investigations are needed for quantifying the sensitivity of the instrument for the detection of drought at different scales from leaf to stand level.
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