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Abstract 16 

The risk of wildfire has been increased in Australian forests due to climate change, poor 17 

quality of foliage and low rates of herbivory. In response, prescribed burning (PB) is 18 

applied, under specified conditions, for reducing the risk of wildfire and protecting the 19 

built-up areas by reducing the accumulated forest fuels. The application of PB, however, 20 

has shown to affect carbon (C) and nitrogen (N) dynamics in the burned forest 21 

ecosystems. For example, concentrations of labile C and N increase after PB due to the 22 

improved C and N mineralisation and incorporation of ashes in soils. Repeated burning, 23 

however, results in the reduced soil C and N concentrations over the time after PB. 24 

Volatilization of C and N from the soil during burning is an important factor decreasing 25 

the soil C and N levels in the affected forests. The variations in soil C and N pools 26 

influence the plant ecophysiological status, litterfall mass production (LM) and litterfall 27 

quality. Although there are studies investigating the effects of PB on soil C and N 28 

dynamics in forest ecosystems, the information is still limited about the short- to long-29 

term effects of PB on soil C and N cycling in subtropical urban forests. Hence, a 23-30 

month study was conducted to understand the variations in C and N pools after PB in 31 

Toohey Suburban Forest, South-East Queensland, subtropical Australia. Since the 32 

measurements of C and N concentrations in soil and plant samples using mass 33 

spectroscopy are expensive and time-consuming, the possibility of using hyperspectral 34 

image analysis, as a cost-effective and rapid technology, for predicting C and N 35 

concentrations in soil and litterfall samples was also investigated.  36 

The objectives of this study, addressed in each chapter, were (1) understanding the short- 37 

(within the first 12 months) to medium-term (up to 23 months) variations in soil C and N 38 

pools after PB using frequent (monthly to every three months) sampling (Chapter 3); (2) 39 

investigating the short- to medium-term effects of PB as well as climatic factors on 40 



II 

 

litterfall quantity and quality in the forest ecosystem (Chapter 3); (3) elucidating the 41 

mechanisms involved in the short- to medium-term changes in C and N cycling in the 42 

forest ecosystem subjected to PB (Chapter 3); and (4) investigating the possibility of using 43 

hyperspectral image analysis to predict TC, TN, δ13C and δ15N of the litterfall (Chapters 44 

4) and soil (Chapter 5) as well as C functional group distributions in decomposing 45 

litterfall samples (Chapter 6). 46 

In Chapter 3, the dynamics of labile C and N pools under the influence of PB in Toohey 47 

Forest were investigated. Soil and litterfall samples were collected from two study sites 48 

(B0 and B1). The soil and litterfall samplings were commenced at the site B0 from month 49 

1 to month 12 after PB and at the site B1 from month 5 to month 23 after PB. The soil 50 

and litterfall samples were collected monthly from month 1 to 6 and then every three 51 

months from month 6 to 12 after PB at the site B0. The samples were collected every 52 

three months at the site B1 (month 5 to 23 after PB). Soil labile C and N pools, soil C and 53 

N isotopic compositions (δ13C and δ15N), litterfall LM, TC, TN, δ13C and δ15N and tree 54 

leaf photosynthesis in dry and wet seasons in Eucalyptus Baileyana and Eucalyptus 55 

Planchoniana were determined. The gas-exchange measurements were conducted in dry 56 

(July 2015) and wet (February 2016) seasons at the site B0. 57 

The results indicated that soil labile C and N pools fluctuated within the first 12 months 58 

after PB which might be attributed to the incorporation of ashes in the soil and the re-59 

establishment of soil microbial abundance and activity after PB. The highest values of 60 

soil δ13C were observed immediately after PB followed by a gradual decrease until end 61 

of the experiment. This high δ13C after PB might be due to the addition of ashes with high 62 

values of δ13C to the soil. The litterfall δ13C variations were mainly driven by 63 

photosynthetic capacity influenced by soil labile N variation after PB and climatic factors 64 

(temperature). There were seasonal and interspecies variations in photosynthesis (A1,400) 65 



III 

 

and stomatal conductance (gs) with their higher values observed in the dry season, which 66 

might be attributed to the more favourable temperature in the dry season. The LM was 67 

also driven by climatic factors (rainfall) and N availability after PB. Overall, soil N 68 

availability and climatic factors (rainfall and temperature) were the main driving factors 69 

of C and N cycling in the studied forest after PB. 70 

In Chapter 4, a visible to near-infrared (400–1700 nm) hyperspectral imaging system was 71 

employed to capture the hyperspectral images from the 462 litterfall samples. The spectra 72 

extracted from the images were correlated with their corresponding values of litterfall 73 

TC, TN, δ13C and δ15N using partial least-square regression (PLSR) models. The 74 

wavelengths with higher β coefficient were selected as the most important wavelengths 75 

and were used to develop the final models. The final models were, then, tested using an 76 

external validation set (90 samples). The results showed that the data of litterfall TC and 77 

δ13C could not be fitted to the PLSR model, possibly due to small variations observed in 78 

the litterfall TC and δ13C data and low resolution of the cameras (~10 nm). The models, 79 

however, were successfully developed to predict litterfall TN (R2
 = 0.76; RMSE = 0.50 80 

%) and δ15N (R
2

 = 0.72; RMSE = 0.98 %). The external validation R2
t of the prediction 81 

was 0.64 and 0.67, and the RMSEt was 0.53 % and 1.19 ‰, for litterfall TN and δ15N 82 

respectively. The ratio of performance to deviation (RPD) of the predictions was 1.48 and 83 

1.53, respectively for litterfall TN and δ15N. The obtained RPDs show that the models 84 

were reliable for the prediction of TN and δ15N in the new forest leaf litterfall samples.  85 

In Chapters 5 and 6, a hyperspectral camera with higher resolution (~ 1.3 nm) was used 86 

in the spectral region of 400–1000 nm to capture hyperspectral images from 120 soil 87 

samples and 118 decomposing litterfall samples. In Chapter 5, PLSR models were used 88 

to correlate the spectra extracted from the images with their corresponding values of TC, 89 

TN, δ13C and δ15N in the soil samples. The wavelengths with higher β coefficient were 90 
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selected as the informative wavelengths and were used to develop the final models. The 91 

developed models provided acceptable predictions with high R2 and low RMSE for soil 92 

TC (R2
 = 0.82; RMSE = 1.08 %), TN (R2

 = 0.87; RMSE = 0.02 %), δ13C (R2
 = 0.82; 93 

RMSE = 0.27 ‰) and δ15N (R2
 = 0.90; RMSE = 0.29 ‰). The prediction abilities of the 94 

final models were then evaluated using the spectra of the external test set (24 samples). 95 

The models provided acceptable predictions with high R2
t and RPD of test set for soil TC 96 

(R2
t = 0.76; RPD = 2.02), TN (R2

t = 0.86; RPD = 2.08), δ13C (R2
t = 0.80; RPD = 2.00) 97 

and δ15N (R2
t = 0.81; RPD = 1.94). The results indicated that the laboratory-based 98 

hyperspectral image analysis has the potential to estimate and predict soil TC, TN, δ13C 99 

and δ15N.  100 

In Chapter 6, the potential of hyperspectral image analysis for predicting C functional 101 

group distributions in decomposing litterfall samples was investigated. Particle swarm 102 

optimisation (PSO) technique was used to select the most important wavelengths before 103 

developing the models. Then PLSR and artificial neural network (ANN) models were 104 

used to correlate the most important wavelengths with their corresponding values of C 105 

functional group distributions, determined using 13C-NMR spectroscopy, in the 106 

calibration data sets (86 samples). The developed models were then validated using the 107 

external test sets (21 samples). The results showed high accuracies of prediction of alkyl-108 

C (R2
t = 0.72; RPD = 1.86), O,N-alkyl-C (R2

t = 0.73; RPD = 1.82), di-O-alkyl-C1 (R
2
t = 109 

0.71; RPD = 1.78), di-O-alkyl-C2 (R
2
t = 0.74; RPD = 1.71), aryl-C1 (R

2
t = 0.76; RPD = 110 

1.90), aryl-C2 (R
2
t = 0.75; RPD = 1.76) and carboxyl derivatives (R2

t = 0.63; RPD = 1.43) 111 

in the external test sets using PLSR models. The ANN models also successfully predicted 112 

O,N-alkyl-C (R2
t = 0.62; RPD = 1.54), di-O-alkyl-C1 (R

2
t = 0.68; RPD = 1.76), di-O-alkyl-113 

C2 (R
2

t = 0.69; RPD = 1.52), aryl-C1 (R
2
t = 0.82; RPD = 2.10) and aryl-C2 (R

2
t = 0.67; 114 

RPD = 1.72) in the external test sets. With the exception of aryl-C1, the results indicated 115 
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more reliable predictions of the C functional group distributions using the PLSR model 116 

compared to those of ANN models given the limited amount of training data. Neither the 117 

PLSR nor the ANN model was successful in the prediction of the carbohydrate-C and O-118 

aryl-C. Overall, the soil labile C and N and δ13C, were influenced by the incorporation of 119 

ashes in the soil after PB. The litterfall quality was mainly influenced by N availability 120 

and climatic (seasonal) factors. The hyperspectral image analysis in combination with the 121 

PLSR modelling could successfully predict litterfall TN and δ15N, soil TC, TN, δ13C and 122 

δ15N and C functional group distributions in the decomposing litterfall samples in Toohey 123 

Forest ecosystem under PB.  124 
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CHAPTER 1: GENERAL INTRODUCTION  465 

1.1 History and importance of prescribed burning 466 

Climate change, poor quality of foliage and low rates of herbivory cause rapid 467 

accumulation of fuel load which has increased the risk of wildfire in many Australian 468 

forests (Orians and Milewski, 2007; Pausas, 2004; Pellegrini et al., 2017; Solomon, 469 

2007). Prescribed burning (PB) is a management tool applied, under specified conditions, 470 

for reducing forest fuels, and hence the risk of wildfire (Penman et al., 2011). PB is also 471 

applied for maintaining plant diversity and controlling pests and diseases (DiTomaso et 472 

al., 2006; DiTomaso et al., 1999; Meentemeyer et al., 2008; Valkó et al., 2016). 473 

Historically, PB has been used by indigenous cultures of Australia, for up to 50000 years, 474 

to improve hunting, promote food resources, enhance their access through lands and 475 

control wildfires (Bowman, 1998; Jones, 1969; Penman et al., 2011; Turner et al., 2000). 476 

The recent increase in the risk of wildfire, due to the changes in climate and land use 477 

(Pellegrini et al., 2017; Westerling et al., 2006), and recent extensive urbanisation in 478 

Australia, however, have led the land managers to more frequent use of PB, primarily for 479 

broad-scale wildfire management and human asset protection (Aponte et al., 2014; 480 

Muqaddas et al., 2016; Muqaddas et al., 2015; Penman et al., 2011). The application of 481 

PB, has shown to affect carbon (C) and nitrogen (N) dynamics but the findings are not 482 

consistent (Abdullah, 2016; Mohamed et al., 2007; Muqaddas et al., 2016; Toberman et 483 

al., 2014) and studies undertaken in Australian urban forests are limited. Hence, it is 484 

important to study the dynamics of C and N pools in the urban forest ecosystems subjected 485 

to PB.    486 
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1.2 Effects of prescribed burning on soil carbon and nitrogen 487 

Various mechanisms, such as losses of C and N through volatilization and releasing 488 

inorganic C and N into soil through ashes, may influence the dynamics of C and N pools 489 

in the ecosystems after PB (Caon et al., 2014; González-Pérez et al., 2004; Karhu et al., 490 

2015; Prieto-Fernández et al., 2004). For example, it has been reported that concentrations 491 

of total C (TC) and total N (TN) increases in soil immediately after PB, which in some 492 

cases the increased values can be observed up to one year post PB (Alcañiz et al., 2016; 493 

Jones et al., 2015; Úbeda et al., 2005). The increased concentrations of TC and TN after 494 

PB were attributed to enhanced mineralisation of C and N and ash incorporation in soil 495 

(Alcañiz et al., 2016; Jones et al., 2015; Úbeda et al., 2005). The concentrations of soil 496 

NH4
+ also has been shown to increase after PB, which is also associated with the improved 497 

mineralization of organic N (Johnson et al., 2011; Jones et al., 2015; Knoepp and Swank, 498 

1993; Neary et al., 1999), reduction in understory uptake and decrease in microbial 499 

activity which can reduce the rate of nitrification (Hart et al., 2005; Johnson et al., 2007; 500 

Knoepp and Swank, 1993; Wang et al., 2014). The elevated concentration of NH4
+ 501 

declines to the initial level after one year, while NO3
− concentration reaches its maximum 502 

(Wan et al., 2001). The re-establishment of nitrifying bacteria during the first year post 503 

PB and therefore transformation of NH4
+ to NO3

− might be the possible mechanism of 504 

gradually increasing NO3
− after PB and reducing NH4

+ (Certini, 2005; Johnson et al., 2007; 505 

Korb et al., 2004; Miller et al., 2006). Although there is information on the changes in 506 

soil C and N pools immediately after PB and their annual variations, limited information 507 

is available on the dynamics of soil C and N pools within the first 12 months after PB in 508 

urban forests. Therefore, studying the variations in soil C and N pools using frequent 509 

sampling (monthly to seasonally) within the first year after PB would provide insight into 510 

the short-time dynamics of C and N pools after PB and the involved mechanisms. 511 
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However, in some cases, such as high frequent burnings, soil total N concentration 512 

decreases over the time (Durán et al., 2009; Reverchon et al., 2012). The sudden increase 513 

in soil mineral N after the first burning stimulates plant, especially understory, growth 514 

and subsequently N uptake (Certini, 2005; Johnson et al., 2011; Monaco et al., 2003). 515 

However, the following burnings may exacerbate the loss of the N accumulated in 516 

understory plants through volatilization of biomass N (Jones et al., 2015). A further 517 

decline in soil N may happen via volatilization of N from the soil, during burning, due to 518 

increased soil temperature (Dodds et al., 1996; Fynn et al., 2003). Unless the N lost is 519 

replaced by other sources such as atmospheric N deposition, fertilization or biological N-520 

fixation, this can result in long-term decline in soil mineral and total N over time 521 

(Hosseini Bai et al., 2013; Jones et al., 2015; Neary et al., 1999; Raison et al., 1985). The 522 

information on the long-term dynamic of C and N pools after PB in suburban forests is 523 

limited. Hence, studying the long-term variations in C and N pools would provide us with 524 

more insight in this field. Although I was unable to conduct a long-term study due to the 525 

time limitation of this doctoral project, I conducted a 23-month study which will be part 526 

of longer projects and will be continued by other researchers.  527 

1.3 Effects of prescribed burning on plant ecophysiological status, C and N 528 

isotopic compositions and litterfall mass production 529 

The fluctuations in soil N pools, under the influence of PB, might also result in alterations 530 

in plant photosynthetic capacity, which is mainly attributed to the N role in the key 531 

enzyme, Rubisco, involved in photosynthesis (Bloomfield et al., 2014; Evans, 1989; 532 

Waring and Running, 2010). Photosynthesis is the process within cells containing 533 

chloroplast whereby plants convert atmospheric CO2 to organic C (Pessarakli, 2016; 534 

Waring and Running, 2010). The chloroplast contains different pigments including 535 
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chlorophyll which absorbs sunlight energy (LE) exciting electrons and splitting H2O 536 

molecules into hydrogen (H) and oxygen (O). The produced H reduces CO2 to produce 537 

simple three- or four-carbon products (Eq. 1-1) which are used as the sources of energy 538 

for plants (Waring and Running, 2010). 539 

𝐶𝑂2 + 2𝐻2𝑂 + 𝐿𝐸 𝐶𝑂2 + 4𝐻+ + 𝑂2 𝐶𝐻2𝑂 + 𝐻2𝑂 + 𝑂2 Eq. 1-1 

There are three influential regulating components that are involved in photosynthesis 540 

including light reactions, CO2 pressure and dark reactions (Fig. 1-1). Light reactions (Fig. 541 

1-1-a) use radiant energy to generate high-energy compounds such as nicotinamide 542 

adenine dinucleotide phosphate (NADPH) and adenosine triphosphate (ATP) (Hall et al., 543 

1999; Waring and Running, 2010). Stomata control the CO2 pressure (Fig. 1-1-b) needed 544 

for dark reactions (Fig. 1-1-c) to be reduced to hydrocarbon products using the produced 545 

high-energy compounds (Pessarakli, 2016; Waring and Running, 2010).  546 
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 547 

Fig. 1-1. Production of hydrocarbons during photosynthesis in chloroplast. a: the light 548 

reaction in which high energy compounds are produced using light energy. b: regulation 549 

of CO2 pressure in stomata. c: dark reactions by which sugar is produced using CO2 and 550 

high energy compounds. Atm CO2: atmospheric CO2. 551 

Light reactions, CO2 pressure and subsequently dark reactions are limited by nutrient 552 

availability (N in particular) as well as climatic factors such as air temperature and rainfall 553 

(water availability) (Hall et al., 1999; Pessarakli, 2016; Waring and Running, 2010). For 554 

example, decreased soil water availability or unfavourable air temperature may result in 555 

stomatal closure to reduced water vapour. As stomata control the diffusion of CO2 into 556 

leaf, the stomatal closure leads to a decreased photosynthetic assimilation of C 557 

(photosynthetic capacity) when water and N are limited (Chaves et al., 2003; Tezara et 558 

al., 2002). Therefore, the climatic factors and N variations after PB in the forest ecosystem 559 

are the limiting factors of plant photosynthesis. 560 
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The changes in photosynthetic capacity and stomatal regulations, resulted by climatic 561 

factors and N variations, influence different factors, such as the production of 562 

hydrocarbons that are ultimately consumed in metabolic processes or incorporated into 563 

plant biomass (Hall et al., 1999; Pessarakli, 2016; Waring and Running, 2010). The 564 

relationship between litterfall mass production and N concentrations have been 565 

previously shown in other studies (Abdullah, 2016; Pavón et al., 2005). The changes in 566 

photosynthetic capacity and stomatal regulations also influence plant C isotopic 567 

composition, δ13C (Cernusak et al., 2013; Farquhar and Sharkey, 1982; Hosseini Bai et 568 

al., 2014; Hosseini Bai et al., 2017; Pessarakli, 2016). This is due to the fact that 569 

increasing the photosynthetic capacity would increase the demand for C which results in 570 

less discrimination against 13C (Bloomfield et al., 2014; Cernusak et al., 2013; Zhao et 571 

al., 2005). The discrimination against 13C also decreases with reduction in the stomatal 572 

conductance, which results in higher δ13C values in plant tissues (Farquhar et al., 1982; 573 

Hosseini Bai et al., 2014). Hence, investigating the variations in tree photosynthesis as 574 

well as leaf/litterfall δ13C, as affected by soil N variations after PB and climatic factors, 575 

would provide insight into the mechanisms of changes in C and N cycling in the PB 576 

affected forest.  577 

The N isotopic composition (δ15N) in a soil-plant system is also affected by variations in 578 

soil N concentration and N fractionations after PB (Högberg, 1997; Raison, 1979; 579 

Stephan et al., 2015). Losing the light 14N from ecosystems through different mechanisms 580 

such as ammonia volatilization and nitrate leaching leads to soil and plants being enriched 581 

with heavier 15N (Högberg, 1997; Houlton and Bai, 2009; Mayor et al., 2014). The plants 582 

taking up from soil may reflect the N conditions of soil in tree foliage (Hosseini Bai et 583 

al., 2012; Ibell et al., 2014), which can also be monitored from litterfall (Abdullah, 2016; 584 

Fang et al., 2011). Although, δ15N has been used in various systems to study N cycling 585 
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and fractionations (Fujiyoshi et al., 2017; Hou et al., 2015; Ibell et al., 2013; Wang et al., 586 

2015), limited information is available on using δ15N to understand the effects of PB on 587 

N pools and cycling in urban forests ecosystem. Studying δ15N in soil, foliage and litterfall 588 

samples would, therefore, enhance the understanding of N cycling under the influence of 589 

PB in the affected urban forest.  590 

1.4 Hyperspectral image analysis for studying carbon and nitrogen cycles  591 

The importance of studying C and N cycling for decision-making purposes and 592 

management practices in the forest ecosystems has raised a demand for rapid and 593 

inexpensive assessment of these processes in soil and plant samples. Hyperspectral image 594 

analysis is considered as a low-cost, rapid, and non-destructive technology which can be 595 

an alternative to common chemical methods (Manley, 2014).  Hyperspectral imaging 596 

systems use a wide range of electromagnetic spectra to acquire valuable information not 597 

only about composition and constituent materials but also about their spatial distribution 598 

(Elmasry et al., 2012; Koehler et al., 2002; Manley, 2014). A hyperspectral image (also 599 

called chemical map) is presented by a three-dimensional cube, X × Y × Z in which X 600 

and Y describe horizontal and vertical spatial dimensions and Z represents the spectral 601 

dimension or wavelengths (Fig. 1-2). There is an image per each wavelength interval in 602 

Z dimension (Koehler et al., 2002). The name “hyperspectral” is used in remote sensing 603 

when the number of wavelengths bands (Z dimension) used for imaging is more than 100 604 

and each pixel presents a spectrum (Goetz and Curtiss, 1996; Grahn and Geladi, 2007).   605 
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 606 

Fig. 1-2. A typical image cube created by a hyperspectral image. X and Y represent the 607 

horizontal and vertical spatial dimensions and Z represents spectral dimension 608 

(wavelengths).  Adopted from Borengasser et al. (2010). 609 

The hyperspectral reflectance data are extracted from the hyperspectral images using 610 

hyperspectral software packages (Manley, 2014).  Linear and non-linear regression 611 

models are then used to correlate the hyperspectral reflectance data with reference values 612 

(Kamruzzaman et al., 2015; Manley, 2014; Tahmasbian et al., 2017). Prior to developing 613 

the regression models, however, dimensionality reduction and data transformation 614 

techniques are usually applied to reduce the huge dimension of the data produced by 615 

hyperspectral images and to reduce the undesired effects of artefacts such as light 616 

scattering (Cen et al., 2016; Fenzández et al., 2016; Naganathan et al., 2016; Qi et al., 617 

2017; Wei et al., 2017).  618 

Nowadays, hyperspectral imaging technology has been widely used for different aims 619 

such as medical and pharmaceutical purposes, and food and agricultural products 620 

(Kamruzzaman et al., 2016; Lin et al., 2015; Song et al., 2012; Sytar et al., 2017). To the 621 
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best of our knowledge, however, there is limited research using laboratory-based 622 

hyperspectral images to study soil and litterfall C, N, δ13C and δ15N as well as the changes 623 

in litterfall C functional group distributions during the litterfall decomposition. The C 624 

functional group distributions vary during the decomposition processes and their 625 

quantification provides us with valuable information on the litterfall decomposition status 626 

(Lorenz et al., 2000; Nordén and Berg, 1990), which is important for understanding the 627 

nutrients, especially C and N, cycling in forest ecosystems (Waring and Running, 2007). 628 

This study, therefore, aimed to investigate the possibility and accuracy of hyperspectral 629 

image analysis to evaluate total C, total N, δ13C and δ15N in soil and litterfall samples as 630 

well as C functional group distributions in decomposing litterfall samples.  631 

1.5 Study site 632 

Toohey Suburban Forest, located in south-east Queensland, subtropical Australia (27° 32ʹ 633 

S; 153° 03ʹ E), was selected for this project because of its well-known history of 634 

prescribed burning. Toohey Forest covers an area of approximately 640 ha dominated by 635 

different eucalypt species. The forest has been subjected to PB over the last 20 years for 636 

protecting the surrounding built-up areas by reducing the risk of wildfires (Abdullah, 637 

2016). From 1993, low intensity prescribed burning has been applied in the forest with 638 

the interval between 4–5 years and 8–10 years (Catterall and Wallace, 1987; Catterall et 639 

al., 2001). Studying the C and N pools in Toohey Forest would provide us with 640 

information about the effect of PB on C and N cycling in a suburban forest in subtropical 641 

regions. The obtained results would be valuable because the information is limited on the 642 

short- to medium-term dynamics of C and N in subtropical urban forests subjected to PB.  643 
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1.6 Research aims and hypotheses 644 

The main aims of this thesis included  645 

1- Understanding the variations in soil C and N pools in the short- (within the first 646 

12 months) to medium-time (up to 23 months) after PB using frequent (monthly 647 

to every three months) sampling (Chapter 3). 648 

2- Investigating the short- to medium-term effects of PB as well as climatic factors 649 

on litterfall quantity and quality in the forest ecosystem (Chapter 3). 650 

3- Elucidating the mechanisms involved in the short- to medium-term changes in C 651 

and N cycling in the forest ecosystem subjected to PB (Chapter 3). 652 

4- Investigating the possibility of using hyperspectral image analysis to predict TC, 653 

TN, δ13C and δ15N the litterfall (Chapters 4) and soil (Chapter 5) as well as C 654 

functional group distributions in decomposing litterfall (Chapter 6). 655 

The following hypotheses were tested in various chapters. The overview of the current 656 

study is illustrated in Fig. 1.3. 657 

(1) The soil labile C and N would increase after PB due to the addition of inorganic 658 

C and N through ashes to the soil (Chapter 3).  659 

(2) The addition of the ashes, enriched with 13C and 15N, to soil would increase the 660 

values of soil δ13C and δ15N  after PB 661 

(3) The litterfall δ13C and litterfall mass production (LM) would be influenced by 662 

both soil N variation after PB and climatic factors due to the effects of N 663 

availability and climatic factors on photosynthetic capacity (Chapter 3). 664 

(4) The variations in soil and litterfall TC, TN, δ13C and δ15N after PB can be 665 

predicted using hyperspectral image analysis technology (Chapter 4 and 5). 666 

(5) Carbon functional group distributions in decomposing litterfall samples can be 667 
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predicted using hyperspectral image analysis technology (Chapter 6). 668 
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 669 

Fig. 1-3. Overview of the study and the relationships among chapters  670 
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CHAPTER 2: GENERAL METHODS AND MATERIALS 671 

2.1 Carbon and nitrogen cycling in Toohey forest after prescribed burning 672 

(Chapter 3) 673 

2.1.1 Site description and experimental design  674 

The two experimental sites (B0 and B1) are located at Toohey Forest (27° 32ʹ S; 153° 03ʹ 675 

E), southern Brisbane, south-east Queensland, Australia (Fig. 2-1). Toohey Forest with 676 

640 ha area of native vegetation has been completely surrounded by suburban sprawl. 677 

The dominant overstorey is rough-barked eucalypts and the understorey consists of 678 

grasses shrubs with usually less than 2 m tall (Hosseini Bai et al., 2012b). The elevation 679 

of Toohey Forest ranges between 35 and 195 m with a network of dry gullies and drain 680 

lines (Catterall and Wallace, 1987; Catterall et al., 2001). 681 

 682 

Fig. 2-1. Toohey Forest satellite view. The labelled zones show the sites studied in the 683 

current project. The numbers following B indicate time (year) of sampling 684 

commencement since the last burning  685 

The climate of the region is subtropical with dry and cool winters and hot and wet 686 

summers, and about 1000 mm annual rainfall. Mean annual temperature ranges from 10-687 
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15 °C in winter to 30-35 °C in summer (Catterall et al., 2001).  688 

The soil types at Toohey Forest are lithosols with both loam to silty-loam and stony 689 

components, which may be enriched with humus, red yellow podzolic, which mainly has 690 

less than 60 cm depth and nutrient poor, red earth, and alluvial (Abdullah, 2016; Catterall 691 

and Wallace, 1987; Catterall et al., 2001; Stock et al., 1987). 692 

The history of burning in Toohey Forest before the 1950s is not available. Between the 693 

1950s and early 1970s, however, a large proportion of the area might have been burned 694 

by individual fires. From the 1970s to the 1980s the fire regime was limited to more 695 

localized areas and was spatially heterogeneous. From 1993, prescribed burning (PB) has 696 

been applied in Toohey Forest with the interval between 4–5 years and 8–10 years 697 

(Catterall and Wallace, 1987; Catterall et al., 2001). 698 

Site-B0: 699 

The site B0 (27° 32' 45.33" S, 153° 03' 14.72" E) is located in the Block 25 of Toohey 700 

Forest (Fig. 2-1) last burned in 2015. The site had also been previously burnt in 1996 701 

(Table 2-1). 702 

Table 2-1. The history of burning and sampling at the study sites 

Sites PhD 

project 

labels 

Sites reference 

number 

First 

burning 

Latest 

burning 

Sampling 

commencement 

date 

Lag time 

between 

burning and 

sampling 

B0 XUTFEXP005 1996 18/4/2015 2015 0 

B1 XUTFEXP004 1999 27/5/2014 2014 5 months 

 703 

The site B0 is located on Neranleigh-Fernvale beds, Woogaroo Subgroup and Tingalpa 704 

Formation and the soil type is a combination of Lithosols, Podzolic and Alluvial (Catterall 705 

and Wallace, 1987).   706 
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Site-B1: 707 

The study site B1 (27° 32' 39.42" S, 153° 03' 6.81" E) is located in the Block 22 of Toohey 708 

Forest (Fig. 2-1) last burned in 2014. The site had also been previously burnt in 1999 709 

(Table 2-1). The B1 site is located on Neranleigh-Fernvale beds, Woogaroo Subgroup 710 

and Tingalpa Formation and the soil type is a combination of Lithosols, Podzolic and 711 

Alluvial (Catterall and Wallace, 1987).   712 

Experimental design 713 

The experiment is a randomised complete block with four plots. The four circular plots 714 

(radius of 12.62 m, area of 500 m2) were randomly established in May 2015 and 715 

September 2014, at B0 and B1 Respectively.  Four sampling areas of 1 m2 were 716 

established in each plot for collecting soil and litterfall samples (Fig. 2-2). 717 

 718 

Fig. 2-2. Soil and litterfall sampling area 719 

2.1.2 Soil sample collection 720 

Soil samples were collected from 0-5 cm and 5-10 cm depths in a radius of 1 m from 721 
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edges of sampling areas (Fig 2-2), with an attempt to collect the samples from new 722 

locations at each sampling time. Soil samples were collected monthly from the site B0 in 723 

the first six months after PB and then every three months, within a 12-month period 724 

between June 2015 and May 2016. Form the site B1, the soil samples were collected 725 

seasonally (every three months), within a 19-month period, from month 5 to month 23 726 

after PB, between November 2014 and May 2016. The soil samples collected from each 727 

sampling area were put in ziplock plastic bags, transferred to Soil Laboratory of Griffith 728 

University, air-dried, passed through a 2-mm sieve, and bulked so that each plot had one 729 

sample in each depth at a sampling time. A sub-sample of each plot was ground into a 730 

fine powder and stored in sterile polyethylene vial tubes at room temperature for further 731 

analyses. 732 

2.1.3 Litterfall sample collection 733 

Litterfall sample collections were conducted at the same time with soil sampling from the 734 

marked litterfall sampling areas. Litter traps were not used in this study since they would 735 

attract pedestrian attention resulting in an unwanted disturbance. Instead, each litterfall 736 

sampling area was defined by four steel pegs (Fig. 2-2) (Abdullah, 2016). The collected 737 

litterfall samples were transferred to the laboratory in separate paper bags and were oven-738 

dried at 60 °C to a constant weight (Tutua et al., 2014). The leaf litters were weighed to 739 

measure foliar litterfall mass production and then ground into fine powder and stored in 740 

sterile polyethylene vial tubes at room temperature for further chemical analyses. 741 

2.1.4 Soil and litterfall analyses 742 

Approximately 30 mg of the ground soils and 4 mg of the ground litterfall samples were 743 

transferred into tin capsules for analyses of soil and litterfall TC, TN, δ13C and δ15N using 744 

an isotope ratio mass spectrometer (Hosseini Bai et al., 2017; Tahmasbian et al., 2017). 745 



17 

 

The δ13C and δ15N are defined in Eq. 2-1: 746 

δ (‰) = (
𝑅𝑠𝑎𝑚𝑝𝑙𝑒

𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
− 1) × 1000 Eq. 2-1 

Where δ is the isotopic composition, Rsample is the 13C/12C ratio in a sample for δ13C and 747 

15N/14N for δ15N and Rstandard is the 13C/12C ratio of the international PeeDee Belemnite 748 

standard for δ13C and the atmospheric N2 for δ15N (Shearer and Kohl, 1986; Tahmasbian 749 

et al., 2017). 750 

Soil labile C and N fractions were measured using hot-water-extractable organic C and 751 

total N (HWOC and HWTN) and water-extractable organic C and total N (WOC and 752 

WTN). For measuring HWOC and HWTN, 7 g of soils were added to 35 ml of deionised 753 

water. The suspensions were incubated in capped test-tubes at 70 °C for 18 h, shaken for 754 

5 min using an end-over-end shaker followed by centrifuging for 10 min at 10,000 rpm. 755 

The suspensions were then filtered through a Whatman 42 filter paper followed by 756 

filtering through a 33 mm Millex syringe-driven 0.45 μm filter (Fig. 2-3) (Hosseini Bai 757 

et al., 2012a). For measuring WOC and WTN, however, the suspensions were not heated 758 

and were shaken at room temperature (Hosseini Bai et al., 2012a). The concentration of 759 

HWOC, HWTN, WOC and WTN were measured using a Shimadzu TOC-VCSH/CSN 760 

TOC/N analyser. 761 
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 762 

Fig. 2-3. Soil hot-water- and water extractable organic carbon and total nitrogen. 763 

2.1.5 Gas exchange measurements and foliage sampling 764 

Gas exchange measurements and foliage sampling were conducted only at the site B0 in 765 

a dry and a wet season (July 2015 and February 2016). The gas exchange measurement 766 

was conducted between 09:00 am and 12:00 pm on sunny days (Farquhar and Richards, 767 

1984; Hosseini Bai et al., 2014a). Two branches were selected from the north-facing 768 

sides, in the middle of the canopy, from 16 selected trees including two randomly selected 769 

trees of two dominant species of eucalypt, Eucalyptus Baileyana and Eucalyptus 770 

Planchoniana in each plot (totally 4 plots). Three fully expanded leaves at each selected 771 

branch were used for the gas exchange measurements, with an attempt to measure leaves 772 

of similar age. Photosynthesis was determined using a portable photosynthesis system 773 

(Li-Cor, Model LI-6400).  774 

The data were collected with three replicates per tree at a constant CO2 concentration of 775 

380 μmol mol−1 and blue-red light-emitting diodes (model 6400-02B) adjusted at 776 

photosynthetically active radiation (PAR) of 1,400 μmol s−1. The flow rate was adjusted 777 
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at 500 μmol s−1, and chamber humidity was kept around 60 % (Hosseini Bai et al., 2014a; 778 

Hosseini Bai et al., 2014b). Parameters derived from the survey data were instantaneous 779 

photosynthesis (A1,400), intercellular CO2 concentration (Ci), stomatal conductance (gs) 780 

and transpiration (E). Instantaneous water-use efficiency (iWUE) at leaf level was 781 

determined as A1,400/E.  782 

The same leaf samples were then transferred to laboratory and oven-dried at 60 °C to a 783 

constant weight. The dried leaves were pooled, ground and stored in sterile polyethylene 784 

vial tubes at room temperature for analysis of foliar TC, TN, δ13C and δ15N using an 785 

isotope ratio mass spectrometer (Hosseini Bai et al., 2014a; Hosseini Bai et al., 2013). 786 

2.1.6 Statistical analyses 787 

The normality of the data was tested using Kolmogorov–Smirnov test. An appropriate 788 

transformation technique was applied when needed. Since the sites B0 and B1 were 789 

different in characteristics, statistical analysis was conducted for each site separately 790 

(Abdullah, 2016). Complete randomised block ANOVA analysis was used to detect the 791 

variations in soil HWOC, HWTN, WOC, WTN, δ13C and δ15N and litterfall LM, TC, TN, 792 

δ13C and δ15N, when the time was assumed as the main factor. The variations in foliage 793 

TC, TN, δ13C, δ15N, A1,400, Ci, gs, E and iWUE between sampling seasons and species, as 794 

the main factors, were also analysed using the complete randomised block ANOVA 795 

followed by Fisher's LSD multiple comparison tests. The ANOVA analyses were 796 

conducted using Statistics software package (Version 8). 797 

Linear and nonlinear regressions were developed among soil and litterfall properties and 798 

time after PB to gain further insight into the dynamics of the targeted variables during the 799 

time after PB. In addition, stepwise multiple linear and nonlinear regression models were 800 

developed separately among the analysed soil, litterfall and foliage properties and 801 
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climatic factors, including temperature and rainfall to identify the most limiting factors 802 

for the analysed properties (Hou et al., 2015). The stepwise regression models were 803 

developed using SPSS software package (Version 22). 804 

2.2 Using hyperspectral image analysis for studying C and N cycling in 805 

Toohey Forest (Chapters 4, 5 and 6) 806 

2.2.1 Hyperspectral Imaging system and image acquisition process 807 

For Chapter 4, a hyperspectral imaging system in the visible (VIS) to the shortwave 808 

infrared (IR) range (400–1700 nm) was used to acquire images of the litterfall samples 809 

(462 samples) in the reflectance mode (Table 2-2).  810 

Table 2-2. Characteristics of hyperspectral imaging systems used for the analysis of 

litterfall and soil TC, TN, δ13C and δ15N, and C functional group distributions in 

decomposing litterfall samples 

 Sample 

types 

Analysed 

variables  

Number 

of 

cameras 

Spectral 

range 

Resolution  Produced 

bands No. 

Chapter 4 Litterfall TC, TN, δ13C 

and δ15N 

2 400–1000 

900–1700 

~ 10 nm 131 

Chapter 5 Soil TC, TN, δ13C 

and δ15N 

1 400–1000 ~ 1.3 nm 462 

Chapter 6 Decomposing 

litterfall 

C functional 

group 

distributions 

1 400–1000 ~ 1.3 nm 462 

 811 

The system was comprised of two cameras, VNIR and IR, capturing the images from 400 812 

nm to1000 nm and from 900 nm to1700 nm, respectively. The VNIR system consisted of 813 

a hyperspectral filter (VA210-.40-1.0-L AOTF hyperspectral video adapter and VFI-814 

142.5-155-SPF-B2-C2/ext-X-Y-Z 2-Channel SPF AO Controller Unit from Brimrose 815 

Corporation), and a BM-141GE camera from JAI. The IR system consisted of a 816 

hyperspectral filter (VA210-.90-1.7-L AOTF hyperspectral video adapter and VFI-90-817 

60-SPF-B2-C2-X-Y-Z SPF AO Controller Unit from Brimrose), and a GoldEye P-032 818 
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camera from Allied Vision Technologies GmbH. In order to illuminate the litterfall 819 

samples and the field of view of the cameras, four 650-W Halogen lights were mounted 820 

at the angle of 45° to reduce the shadowing effects. The litterfall images were captured in 821 

the Griffith University Spectral Imaging Laboratory in 2015 (Fig. 2-4a).  822 

Approximately 5 g of the ground litterfall samples were put in separate plastic weight-823 

trays and place under the cameras. The images were captured at the same time by both 824 

the VNIR and IR cameras in 10 nm intervals (~ 10 m resolution) and the exposure time 825 

of 300 ms. The samples were shaken after capturing each image and another image was 826 

captured until the spectral signature of two consecutive images were similar to ensure the 827 

homogeneity of the litterfall samples. The image acquisition process was controlled by 828 

the data collection software developed using Microsoft Visual Studio Professional 2012 829 

(Version 4.6.01055). 830 

  

Fig. 2-4. Hyperspectral imaging system used for litterfall samples (a) and for soil and 

decomposing litterfall samples (b). 

 Due to the low resolution (~ 10 nm) of the cameras described above, another 831 

hyperspectral imaging system with higher resolution (~ 3 nm) was used in the Chapters 832 

5 and 6 for predicting soil C and N pools and C functional group distribution in 833 

decomposing litterfall (Table 2-2). In brief, a visible-near infrared (VNIR) hyperspectral 834 

imaging system, located in Ecology Laboratory, University of the Sunshine Coast, was 835 

a b 
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used in this experiment to capture images from 120 soil samples and 118 decomposing 836 

litterfall samples.  The employed system consisted of a 12-bit line scanner camera (Pika 837 

XC2, USA), operated in the spectral range of 400 nm to 1000 nm, with a spectral 838 

resolution of ~ 1.3 nm producing a total 462 spectral band; a lens with 23 mm of focal 839 

length; four current-controlled wide spectrum quartz halogen lights; a linear moving stage 840 

operated by a stepper motor; and data acquisition software (SpectrononPro 2.94, 841 

Resonon, USA). The system is illustrated in Fig. 2-4b.  842 

Approximately 10 g of the ground soil/decomposing litterfall samples were placed in 843 

plastic weigh-trays (2 cm × 2 cm) and positioned on the moving stage and moved into the 844 

camera’s field of view. Samples were shaken after capturing each image for 845 

homogenisation and imaging was repeated until reproducible spectral signatures were 846 

obtained for consecutive images (Tahmasbian et al., 2017).   847 

2.2.2 Spectral profile extraction and data calibration   848 

The uncorrected average reflectance (R0) of the litterfall images (Chapter 4), captured 849 

using lower resolution cameras, were extracted using a MATLAB (Version R2014a, The 850 

Mathworks Inc., USA) program and those of soil and decomposing litterfall samples 851 

(Chapters 5 and 6), captured using the higher resolution camera, were extracted using the 852 

SpectrononPro software package (version 2.94, Resonon, USA). The R0 was the average 853 

of all the pixels of the each sample images. Image correction was conducted by dark and 854 

white calibration using the same MATLAB program and the SpectrononPro software. 855 

Dark calibration was applied by capturing an image in a dark room with the lens cap on, 856 

prior to capturing the images from samples. White calibration was applied by capturing 857 

the reflectance of a white sheet with the reflectance of approximately 99%. The corrected 858 
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average reflectance was then calculated from R0 using Eq. 2-2 (Ariana et al., 2006; 859 

Tahmasbian et al., 2017): 860 

R = (R0 − D)/(W − D) Eq. 2-2 

where D is dark current and W is the reflectance of the white sheet. Fig. 2-5 illustrates 861 

the general procedure of hyperspectral image analysis.  862 

 863 

Fig. 2-5. The general procedure of hyperspectral image analysis.  864 

2.2.3 Outlier detection and data transformation  865 

Principal-component-analysis (PCA) was performed to identify the outliers using a 866 

Hotelling’s T2 test within 99 % of confidence level in the current studies (Jiang et al., 867 

2016; Li and Qu, 2016; Morellos et al., 2016; Tahmasbian et al., 2017).  868 
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In order to have an independent dataset to test the precision of final models, the full 869 

dataset was then randomly divided into calibration sets (80 % of the data) and test sets 870 

(20 % of the data) for each target variable (Kohavi, 1995; Tahmasbian et al., 2017). The 871 

test dataset was kept separately to examine the accuracy of models developed using 872 

calibration dataset.  873 

A number of transformation techniques were performed on the spectra obtained from 874 

calibration samples, to remove the influence of undesired effects and improve the signal 875 

to noise ratio (Rinnan et al., 2009; Tahmasbian et al., 2017). The applied transformation 876 

techniques included first derivative, second derivative, orthogonal signal correction 877 

(OSC), multiplicative scatter correction (MSC), reciprocal logarithm (RL) and standard 878 

normal variate (SNV) (Fearn, 2000; Gao et al., 2014; Lin et al., 2016; Rinnan et al., 2009; 879 

Tahmasbian et al., 2017; Wei et al., 2017).  The outlier detection and data transformation 880 

processes were performed using the Unscrambler® X software package (version10.4, 881 

CAMO Software Inc., Trondheim, Norway). 882 

2.2.4 Model development 883 

Partial least square regression (PLSR) models were used to correlate the obtained spectra 884 

and their corresponding reference values of soil and litterfall TC, TN, δ13C, δ15N 885 

(Chapters 4 and 5) and C functional groups including Alkyl-C, O,N-alkyl-C, 886 

Carbohydrate-C, di-O-alkyl-C1, di-O-alkyl-C2, Aryl-C1, Aryl-C2, O-aryl-C and Carboxyl 887 

derivatives (Chapter 6). The artificial neural network models (ANN) were also developed 888 

to be compared with the PLSR models developed for predicting C functional group 889 

distributions in Chapter 6.  890 

In Chapters 4, 5 and 6, the optimal number of LVs, for the PLSR models, were selected 891 

at the minimum predicted residual error sum of squares (PRESS) obtained from the cross-892 
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validation sets (Abdi, 2010; Kamruzzaman et al., 2016). PRESS was calculated as shown 893 

in Eq. 2-3 (Abdi, 2010; Li et al., 2002). In Chapter 6, the number of neurons in the hidden 894 

layer of ANN were selected by trial and error for each C functional group to achieve the 895 

highest accuracy and lowest error in the cross-validation sets (Afandi et al., 2016; Dou et 896 

al., 2005; Kuang et al., 2015; Maftoonazad et al., 2011). A full cross-validation (leave 897 

one out) was used for the prediction of litterfall TC, TN, δ13C and δ15N in Chapter 4. Due 898 

to the limited number of samples for the prediction of TC, TN, δ13C and δ15N in the soil 899 

(n = 120) and C functional group distributions in decomposing litterfall (n = 118), the 10-900 

fold cross-validations were used for Chapters 5 and 6, which performed better for limited 901 

datasets (Kohavi, 1995).  902 

𝑃𝑅𝐸𝑆𝑆 = ∑(Y𝑖 – Ŷ𝑖)
2

𝑛

𝑖=1

 Eq.  2-3 

where Yi and Ŷi are the reference and predicted values of each target variable in the i th 903 

sample, respectively.  904 

The best-fitted models were selected by choosing the models with the highest coefficient 905 

of determination in the calibration sets (R2
c) and cross-validation sets (R2

cv) and the 906 

lowest root mean square error in the calibration sets (RMSEc) and cross-validation sets 907 

(RMSEcv). R
2 and RMSE are defined in Eq. 2-4 and 2-5, respectively (Barrett, 1974; 908 

Kamruzzaman et al., 2016). 909 

𝑅2 = 1 −
∑ (Y𝑖 − Ŷ𝑖)

2n
𝑖=1

∑ (Y𝑖 − Ȳ)2n
𝑖=1

 Eq. 2-4 

𝑅𝑀𝑆𝐸 = √∑ (Y𝑖 − Ŷ𝑖)
2𝑛

𝑖=1

N
 

Eq. 2-5 
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where Yi and Ŷi are the reference and predicted values of target variables in the i th sample, 910 

respectively. The Ȳi is the mean of reference values, while N is the number of samples.  911 

2.2.5 Important wavelength selection and final model development 912 

In Chapters 4 and 5, the wavelengths having low β coefficient (unimportant wavelengths) 913 

were removed from the initial models and the final PLSR models were redeveloped using 914 

the remaining (important) wavelengths for predicting TC, TN, δ13C and δ15N in soil and 915 

litterfall samples (Chong and Jun, 2005; Tahmasbian et al., 2017). The 916 

removed/neglected wavelengths were returned to the model in the case where R2
cv of the 917 

final model was less than the R2
cv of the initial model (Tahmasbian et al., 2017). The 918 

process was repeated until the highest R2
cv was achieved.  919 

Since running the ANN, for predicting C functional groups distributions is time-920 

consuming, we were unable to use the above mention method to select the most important 921 

wavelengths in Chapter 6. Hence, for Chapter 6, particle swarm optimisation (PSO) 922 

technique was used for selecting the most important wavelengths before developing 923 

models (Kennedy and Eberhart, 1995a; Kennedy and Eberhart, 1995b). The same bands 924 

were used for the PLSR model for a fair comparison to be made between the models in 925 

this experiment. The PSO wavelength selection was conducted using the Weka software 926 

package (version 3.8.0, Hamilton, New Zealand).  927 

2.2.6 Evaluating the performance of models using external test sets 928 

The developed models were then tested using the external test set. The accuracies of the 929 

models were evaluated by the R2
t and RMSEt of the test set. The ratio of performance to 930 

deviation (RPD) was also employed to assess the reliability of the developed models for 931 

predicting the target variables in the external test sets. The RPD is defined in Eq. 2-6 932 
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(Morellos et al., 2016; Tahmasbian et al., 2017). 933 

RPD = SDt/ RMSEt Eq. 2-6 

where SDt is the standard deviation of the predicted values in the test set. 934 

The models with acceptable R2 of the test sets and RPD of larger than 1.4 were considered 935 

as reliable while those with RPD of larger than 2 were considered highly reliable 936 

(Morellos et al., 2016).  937 
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Abstract 960 

Climate change and global warming have increased the occurrence of wildfires in forests. 961 

Prescribed burning (PB) is applied to decrease the risk of wildfires in the fire-prone 962 

forests. The PB influences carbon (C) and nitrogen (N) cycling in the forest ecosystems 963 

which may result in C and N depleted soils. In this study, the dynamics of labile C and N 964 

pools were investigated in a native forest subjected to PB, aiming to understand the 965 

mechanisms of the variations in C and N pools after PB. Soil and litterfall samples were 966 

collected from two study sites from 1 to 23 months after PB. Soil labile C and N pools, 967 

soil C and N isotopic compositions (δ13C and δ15N) as well as the litterfall mass 968 

production (LM), litterfall TC, TN, δ13C and δ15N were analysed. In-situ gas exchange 969 

measurements were also conducted during dry and wet seasons for Eucalyptus Baileyana 970 

and Eucalyptus Planchoniana. The results indicated that labile C and N pools fluctuated 971 

within the first 12 month after PB which might be attributed to the incorporation of ashes 972 

to the soil. The highest values of soil δ13C were observed immediately after PB which 973 

might be due to the addition of ashes with high δ13C values. The litterfall δ13C was mainly 974 

driven by photosynthetic capacity influenced by soil labile N variation after PB and 975 

climatic (seasonal) factors. There were seasonal and interspecies variations in 976 

photosynthesis (A1,400) and stomatal conductance (gs) with their higher values observed 977 

during the dry season mainly due to the more favourable temperature. The LM was also 978 

limited by climatic factors (rainfall) as well as N availability in the forest after PB. 979 

Collectively, soil N availability influenced by PB and climatic factors, such as rainfall 980 

and temperature, were the main driving factors of C and N cycling in the forest after PB.  981 

Keywords: Controlled fire, Ecophysiology, Forest management, Fuel reduction, Isotopic 982 

composition, Photosynthesis 983 
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3.1 Introduction  984 

Climate change, poor quality of foliage and low rate of herbivory have increased the risk 985 

of extreme fires, particularly in fire-prone ecosystems, through increasing the temperature 986 

and accumulation of fuel (Orians and Milewski, 2007; Pausas, 2004; Solomon, 2007). 987 

Prescribed burning (PB), which refers to the deliberate fires applied to forest fuels under 988 

specified conditions, is a management tool used for reducing the wildfire hazard in forest 989 

ecosystems (Cowell and Cheney, 2017; Fernandes and Botelho, 2003). Although PB is 990 

considered to be advantageous for forest ecosystems to promote vegetation and control 991 

pests (Alexander et al., 2017; Biswell and Agee, 1999), it may alter the temporal 992 

dynamics of carbon (C) and nitrogen (N) pools in the forest ecosystems (Caon et al., 2014; 993 

González-Pérez et al., 2004; Hosseini Bai et al., 2015; Karhu et al., 2015; Muqaddas et 994 

al., 2016).  995 

The dynamics of C and N pools in forests after PB may be altered via various mechanisms 996 

such as losses of C and N through volatilization (Caon et al., 2014; González-Pérez et al., 997 

2004; Karhu et al., 2015) and releasing inorganic C and N into soil through improved 998 

mineralisation (Prieto-Fernández et al., 2004). Releasing the inorganic C and N increases 999 

their concentrations in soil immediately after PB (Prieto-Fernández et al., 2004). 1000 

However, such increases do not last long due to the loss of C and N through leaching, 1001 

plant uptakes and immobilisation enhanced by re-established microorganisms (Monleon 1002 

et al., 1997; Wan et al., 2001).  1003 

The fluctuations in soil N pools after PB might result in alteration in litterfall mass 1004 

production (LM) through influencing the key enzyme of the Calvin cycle, Rubisco, and 1005 

hence influencing plant photosynthesis (Bloomfield et al., 2014; Cruz et al., 2003; Evans, 1006 

1989; Waring and Running, 2010). The photosynthesis, as the ultimate source of biomass 1007 



31 

 

production, has been proved to influence LM in different forests with different soil N 1008 

levels (Beadle and Long, 1985; Harrington et al., 2001; Walker et al., 2010; Zhao et al., 1009 

2005). The importance of LM is associated with its role in the replenishment of soil C 1010 

and N pools and closing the C and N cycles in forests. Although there are studies 1011 

monitoring the variations of LM after wildfire or PB (Maggs, 1985; Nardoto et al., 2006; 1012 

Odiwe and Muoghalu, 2003; Uhl and Jordan, 1984; Williams and Wardle, 2007), limited 1013 

information is available on the mechanisms whereby PB influences LM in a native forest.   1014 

Litterfall δ13C is considered as an index of long-term plant water-use efficiency (WUE), 1015 

which also reflects the variations in photosynthetic capacity (Farquhar et al., 1989; 1016 

Farquhar and Sharkey, 1982; Hosseini Bai et al., 2014b; Hosseini Bai et al., 2017a; 1017 

Pessarakli, 2016). Photosynthetic capacity of plants increases by increasing soil available 1018 

N, which enhances the demand for C and reduces the discriminations against 13C at the 1019 

carboxylation sites (Cruz et al., 2003; Evans, 1989; Farquhar et al., 1982; Waring and 1020 

Running, 2010). The reduced discrimination in the carboxylation sites results in more 13C 1021 

assimilation (Farquhar et al., 1982). Climatic factors, such as air temperature and rainfall 1022 

(RF) also influence litterfall δ13C (Hosseini Bai et al., 2014b; Ma et al., 2015). Water 1023 

limitation and unfavourable air temperature cause stomatal closure leading to decreased 1024 

discrimination against 13C at the carboxylation site and therefore increase the values of 1025 

litterfall δ13C (Farquhar et al., 1982; Hosseini Bai et al., 2014b). Hence, studying the 1026 

variations of litterfall δ13C and photosynthesis provide insight into the effects of PB and 1027 

climatic factors on plant physiological status after PB.  1028 

The PB can also influence soil and plant δ15N, most likely through the N fractionations 1029 

occurring during the burning (Högberg, 1997; Raison, 1979; Stephan et al., 2015). 1030 

Different mechanisms such as N volatilization during PB and leaching of the mineralised 1031 

N preferentially lose the lighter 14N from the soil (Högberg, 1997; Houlton and Bai, 2009; 1032 
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Mayor et al., 2014). Losing the 14N leads to soil and therefore plants being enriched with 1033 

heavy 15N (Högberg, 1997; Houlton and Bai, 2009; Mayor et al., 2014). The plants taking 1034 

up from the soil may reflect the N conditions of the soil in their foliage (Hosseini Bai et 1035 

al., 2017a; Hosseini Bai et al., 2012b; Hosseini Bai et al., 2017b; Ibell et al., 2014; Nguyen 1036 

et al., 2017) which can also be reflected in litterfall 15N signals (Fang et al., 2011; Tutua 1037 

et al., 2014). Although, a few studies have investigated the influence of PB on δ15N in 1038 

soil-plant systems (Close et al., 2011; Ma et al., 2015; Stephan et al., 2015), the effects of 1039 

PB on the dynamics of δ15N in soil, foliage and litterfall and the mechanisms involved 1040 

have been poorly understood.  1041 

The current study aimed to investigate the C and N cycling and their underlying 1042 

mechanisms in a native forest ecosystem up to two years after PB. We hypothesised that 1043 

soil labile C and N pools would increase after PB due to the enhanced mineralisation of 1044 

C and N and incorporation of ashes in the soil. It was also hypothesised that PB would 1045 

result in ashes enriched in δ13C and δ15N. The addition of the ashes to soil would increase 1046 

the values of soil δ13C and δ15N immediately after PB. We also hypothesised that the 1047 

litterfall δ13C and LM would be influenced by both soil N variation after PB and climatic 1048 

factors due to the effects of N availability and climatic factors on photosynthetic capacity. 1049 

3.2 Methods and materials 1050 

3.2.1 Study site description and experimental design  1051 

The two experimental sites were located at Toohey Forest (Fig. 3-1), a suburban forest 1052 

with approximately 680 ha of native vegetation, located in south-east Queensland, 1053 

Australia (Hosseini Bai et al., 2013; Tahmasbian et al., 2017).  1054 
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 1055 

Fig. 3-1. Toohey Forest study site. 1056 

The dominant overstorey of Toohey Forest are eucalypts and the understorey consists of 1057 

grasses and shrubs (Hosseini Bai et al., 2012b; Tahmasbian et al., 2017). The climate of 1058 

the region is subtropical, with average minimum and maximum temperature of 14.4 °C 1059 

and 26.3 °C, respectively. The mean annual precipitation is 1160 mm (Fig. 3-2).  1060 

 1061 

Fig. 3-2. Rainfall and air temperature during the period of study. 1062 

Prescribed burning (PB) has been applied in Toohey Forest since 1993 with different 1063 
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intervals for different sites (Butler et al., 2016; Catterall et al., 2001; Tahmasbian et al., 1064 

2017). Two experimental sites were B0 (27° 32' 45.33" S, 153° 03' 14.72" E), last burned 1065 

in April-May 2015, and B1 (27° 32' 39.42" S, 153° 03' 6.81" E), last burned in May-June 1066 

2014. The sites B0 and B1 had been also previously burned in July 1996 and June 1999, 1067 

respectively. The sites B0 and B1 had the average total C of 7.87 % and 6.78 % and 1068 

average total N of 0.25 % and 0.21 % in depth 0-5 cm, respectively. The values were 1069 

significantly less in the depth of 5-10 cm with the average total C of 5 % and 4.08 % and 1070 

average total N of 0.16 % and 0.12 % at site B0 and B1 respectively. These two sites were 1071 

approximately 550 m apart. Four circular plots (radius of 12.62 m, area of 500 m2) were 1072 

randomly established in May 2015 and September 2014, at B0 and B1 Respectively. Four 1073 

sub-plots of 1 m2 were established in each plot for collecting litterfall samples (Fig. 3-3).  1074 

 1075 

Fig. 3-3. Soil/litterfall sampling area. 1076 
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3.2.2 Soil sample collection 1077 

Soil samples were collected in a radius of 1 m from edges of litterfall sub-plots at depths 1078 

of 0-5 cm (depth-1) and 5-10 cm (depth-2). Soil samples were collected monthly, from 1079 

the site B0, in the first six months after PB and then every three months, within a 12-1080 

month period between June 2015 and May 2016. The soil samples were collected 1081 

seasonally (every three months) from the site B1, within a 19-month period, from month 1082 

5 to month 23 after PB, between November 2014 and May 2016. The soil samples 1083 

collected from each sampling area were put in ziplock plastic bags, transferred to Soil 1084 

Laboratory of Griffith University, air-dried, passed through a 2-mm sieve, and bulked so 1085 

that each plot had one sample in each depth at a sampling time. A sub-sample of each plot 1086 

was ground into a fine powder and stored in sterile polyethylene vial tubes at room 1087 

temperature for further analyses. 1088 

3.2.3 Litterfall sample collection 1089 

Litterfall samples were collected at the same time with soil sampling from the marked 1090 

litterfall sampling areas (Abdullah, 2016). Litter traps were not used in this study since 1091 

they would attract pedestrian attention resulting in an unwanted disturbance. Instead, each 1092 

litterfall sampling area was defined by four steel pegs (Fig. 3-3). The litterfall sampling 1093 

areas had been swept clear in the first month after PB (MSB-1) to ensure that the collected 1094 

litterfall would belong to the right period of time. Therefore, the litterfall sample 1095 

collection was started from month 2 after PB (MSB-2) at the site B0. The collected 1096 

litterfall samples were transferred to the laboratory in separate paper bags and were oven-1097 

dried at 60 °C to a constant weight (Tutua et al., 2014). The leaves were weighed to 1098 

measure foliar litterfall mass production (LM) and then ground into fine powder and 1099 

stored in sterile polyethylene vial tubes at room temperature for further chemical analyses. 1100 
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3.2.4 Soil and litterfall analyses 1101 

Approximately 30 mg of the ground soils were transferred into tin capsules for the 1102 

analyses of soil TC, TN, δ13C and δ15N using an isotope ratio mass spectrometer. The 1103 

δ13C and δ15N are defined in Eq. 3-1: 1104 

δ (‰) = (
𝑅𝑠𝑎𝑚𝑝𝑙𝑒

𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
− 1) × 1000 Eq. 3-1  

Where δ is the isotopic composition, Rsample is the 13C/12C ratio in a sample for soil δ13C 1105 

and 15N/14N for δ15N and Rstandard is the 13C/12C ratio of the international PeeDee 1106 

Belemnite standard for δ13C and the atmospheric N2 for δ15N (Shearer and Kohl, 1986; 1107 

Tahmasbian et al., 2017). 1108 

Soil labile C and N fractions were measured using hot-water-extractable organic C and 1109 

total N (HWOC and HWTN) and water-extractable organic C and total N (WOC and 1110 

WTN). For measuring HWOC and HWTN, 7 g of soils were added to 35 ml deionised 1111 

water. The suspensions were incubated in capped test-tubes at 70 °C for 18 h, shaken for 1112 

5 min using an end-over-end shaker followed by centrifuging for 10 min at 10,000 rpm. 1113 

The suspensions were then filtered through a Whatman 42 filter paper followed by 1114 

filtering through a 33 mm Millex syringe-driven 0.45 μm filter (Hosseini Bai et al., 1115 

2012a). For measuring WOC and WTN, however, the suspensions were not heated 1116 

(Hosseini Bai et al., 2012a). The concentration of HWOC, HWTN, WOC and WTN were 1117 

measured using a Shimadzu TOC-VCSH/CSN TOC/N analyser. 1118 

Approximately 4 mg of ground litterfall samples were transferred into tin capsules to 1119 

analyse litterfall TC, TN, δ13C and δ15N using an isotope ratio mass spectrometer 1120 

(Hosseini Bai et al., 2017a; Tahmasbian et al., 2017).  1121 
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3.2.5 Gas exchange measurements and foliage sampling 1122 

Gas exchange measurements and foliage sampling were conducted only at the site B0 in 1123 

July 2015 (dry season) and February 2016 (wet season). The gas exchange measurement 1124 

was conducted at 09:00 am to 12:00 pm on sunny days (Farquhar and Richards, 1984; 1125 

Hosseini Bai et al., 2014a). Two branches were selected from the north-facing sides, in 1126 

the middle of the canopy, from two randomly selected trees of two dominant species of 1127 

eucalypt, Eucalyptus Baileyana and Eucalyptus Planchoniana in each plot (totally 16 1128 

trees). Three fully expanded leaves at each branch were used for the measurements, with 1129 

an attempt to measure leaves of similar age. Photosynthesis was determined using a 1130 

portable photosynthesis system (Li-Cor, Model LI-6400). The data were collected with 1131 

three replicates per plant at a constant CO2 concentration of 380 μmol mol−1 and blue-red 1132 

light-emitting diodes (model 6400-02B) adjusted at photosynthetically active radiation 1133 

(PAR) of 1,400 μmol s−1. The flow rate was adjusted at 500 μmol s−1, and chamber 1134 

humidity was kept around 60 % (Hosseini Bai et al., 2014a; Hosseini Bai et al., 2014b). 1135 

Parameters derived from the survey data were instantaneous photosynthesis (A1,400), 1136 

intercellular CO2 concentration (Ci), stomatal conductance (gs) and transpiration (E). 1137 

Instantaneous water-use efficiency (iWUE) at leaf level was determined as A1,400/E.  1138 

Then, the same leaf samples were transferred to laboratory and oven-dried at 60 °C to a 1139 

constant weight. The leaves were pooled, ground and stored in sterile polyethylene vial 1140 

tubes at room temperature for analysis of foliar TC, TN, δ13C and δ15N using an isotope 1141 

ratio mass spectrometer (Hosseini Bai et al., 2014a; Hosseini Bai et al., 2013). 1142 

3.2.6 Statistical analyses 1143 

The normality of the data was tested using Kolmogorov–Smirnov test. An appropriate 1144 

transformation technique was applied when needed. Since the sites B0 and B1 were 1145 
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different in characteristics, statistical analysis was conducted for each site separately 1146 

(Abdullah, 2016). Complete randomised block ANOVA analysis was used to detect the 1147 

variations in soil HWOC, HWTN, WOC, WTN, δ13C and δ15N and litterfall LM, TC, TN, 1148 

δ13C and δ15N, when the time was assumed as the main factor. The variations in foliage 1149 

TC, TN, δ13C, δ15N, A1,400, Ci, gs, E and iWUE between sampling seasons and species, as 1150 

the main factors, were also analysed using the complete randomised block ANOVA 1151 

followed by Fisher's LSD multiple comparison tests. The ANOVA analyses were 1152 

conducted using Statistics software package (Version 8). 1153 

Linear and nonlinear regressions were developed among soil and litterfall properties and 1154 

time after PB to gain further insight into the dynamics of the targeted variables during the 1155 

time after PB. In addition, stepwise multiple linear and nonlinear regression models were 1156 

developed separately among the analysed soil, litterfall and foliage properties and 1157 

climatic factors, including temperature and rainfall to identify the most limiting factors 1158 

for the analysed properties (Hou et al., 2015). The stepwise regression models were 1159 

developed using SPSS software package (Version 22). 1160 

3.3 Results 1161 

3.3.1 Soil labile C and N 1162 

The variations in soil labile C and N concentrations were significant over the time after 1163 

PB at the site B0 in the depths 1 and 2 (Table 3-1). The 25 % and 60 % of the variations 1164 

in HWOC could be explained nonlinearly by time in the depth-1 and depth-2, respectively 1165 

(Fig. 3-4 a, b). Stepwise regression also indicated that 27 % and 13 % of the variations in 1166 

HWOC in the depth-1 at B0 were explained by litterfall δ13C and litterfall TC, 1167 

respectively (Table 3-2). 1168 
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The 23 % and 32 % of the variations in soil HWTN at B0 could be explained nonlinearly 1169 

by time in the depth-1 and depth-2, respectively (Fig. 3-4 c, d). The main driving factor 1170 

of HWTN at B0 was litterfall δ13C explaining 31 % of HWTN variations in the depth-1 1171 

(Table 3-2). 1172 

Time after burning nonlinearly explained 62 % and 52 % of the variations in soil WOC 1173 

at B0 in the depth-1 and 2, respectively (Fig. 3-4 e, f). The correlations between WOC 1174 

and soil properties indicated that 27 % and 20% of the variations of WOC in the depth-1 1175 

at B0 were explained linearly by litterfall TC and δ13C, respectively (Table 3-2).  1176 

Table 3-1. Effects of time after PB on soil and litterfall properties 

  Soil (0-5 cm)  Soil (5-10 cm)   Litterfall 

  F value P value  F value P value   F value P value 

S
it

e 
B

0
 

HWOC 25.22 <0.01  16.15 <0.01  LM 8.75 <0.01 

HWTN 10.68 <0.01  18.59 <0.01  TC 2.20 0.09 

WOC 25.93 <0.01  10.25 <0.01  TN 24.77 <0.01 

WTN 18.53 <0.01  5.19 <0.01  CN 22.66 <0.01 

δ13C 7.89 <0.01  7.95 <0.01  δ13C 1.94 0.12 

δ15N 3.10 0.02  1.19 0.34 ns  δ15N 7.51 <0.01 

  F value P value  F value P value   F value P value 

S
it

e 
B

1
 

HWOC 5.51 <0.01  11.53 <0.01  LM 9.68 <0.01 

HWTN 3.57 <0.05  2.96 0.03  TC 1.71    0.17 

WOC 2.00 0.11  11.16 <0.01  TN 25.82 <0.01 

WTN 1.56 0.21  2.07 0.10  CN 20.24 <0.01 

δ13C 3.11 0.02  8.90 <0.01  δ13C 8.27 <0.01 

δ15N 6.27 <0.01  3.32 0.02  δ15N 4.03 <0.01 

Hot-water-extractable organic carbon (HWOC) and total nitrogen (HWTN), water-

extractable organic carbon (WOC) and total nitrogen (WTN), carbon isotopic 

composition in soil (δ13C), nitrogen isotopic composition (δ15N), total carbon (TC), total 

nitrogen (TN), C:N ratio (CN). 

The 65 % and 29 % of the variations in WTN in the depths 1 and 2 at B0 were explained 1177 

by the time after PB, respectively (Fig. 3-4 g, h). Stepwise regression also indicated that 1178 

36 % and 25 % of the variations in WTN were explained by minimum air temperature 1179 
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and litterfall TN, respectively (Table 3-2). 1180 

At the site B1, only the variations of HWOC, HWTN were significant over the time after 1181 

PB in the depth-1, while in the depth-2, the variations of WOC was also significant (Table 1182 

3-1). The 17 % and 26 % of the variations HWOC were explained by time after PB in the 1183 

depth-1 and 2, respectively (Fig. 3-4 m, n). The 20 % and 19 % of the variations of HWOC 1184 

in the depth-1 were also explained by litterfall δ13C and rainfall, respectively (Table 3-2). 1185 

Table 3-2. Relationships among soil properties (0-5 cm) as dependent variables and 

litterfall and climatic factors as independent variables 

Sites Dependent Independents Adj R2 P 

value 

B0 HWOC 21160.4 + 503.1 (Lδ13C) – 104.1 (LTC) Lδ13C =0.27 

LTC=0.13 

<0.01 

HWTN 902.1 + 28 (Lδ13C) Lδ13C =0.31 <0.01 

WOC 6199.4- 38(LTC)+ 136.7 (Lδ13C) LTC=0.27 

Lδ13C=0.20 

<0.01 

WTN 43.6- 0.9(MinT)-15.6 (LTN) MinT=0.36 

LTN=0.25 

<0.01 

Sδ15N 1.4-0.1 (MaxT) MaxT =0.21 <0.01 

     

B1 HWOC 24481.9+800.8 (Lδ13C)-2.8 (Rain) Lδ13C =0.20 

Rain=0.19 

<0.01 

HWTN 1762.4+57.4 (Lδ13C)-0.2 (Rain) Lδ13C =0.20 

Rain=0.15 

 

WOC 2706.8 – 42.3 (LTC) – 14.6 (MaxT) LTC=0.07 

MaxT=0.12 

<0.05 

Sδ13C  -64.7 – 1.2 (Lδ13C) + 0.1 (Rain) Lδ13C =0.15 

Rain=0.15 

<0.01 

Sδ15N -3.1 + 3.2 (LTN) LTN =0.20 <0.01 

Soil hot-water-extractable organic carbon (HWOC) and total nitrogen (HWTN), soil 

water-extractable organic carbon (WOC) and total nitrogen (WTN), soil carbon 

isotopic composition (Sδ13C), soil nitrogen isotopic composition (Sδ15N), litterfall 

carbon isotopic composition (Lδ13C), litterfall total carbon (LTC), litterfall total 

nitrogen (LTN), minimum air temperature (MinT), maximum air temperature (MaxT) 

and average monthly rainfall (Rain). 

The 13 % of the variations in HWTN were explained linearly by time in the depth-1 at 1186 

B1 (Fig. 3-4 p), while the observed nonlinear relationship between HWTN and time after 1187 

PB was no significant (p<0.05) in the depth-2 (Fig. 3-4 q). Stepwise regression indicated 1188 

that 20 % and 15 % of the variations of HWTN in the depth-1 at B1 were explained by 1189 
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litterfall δ13C and rainfall, respectively (Table 3-2). 1190 

There was no significant relationship (p<0.05) between WOC and time after PB at the 1191 

depth-1 (Fig. 3-4 r), while 37 % of the variations of WOC in the depth-2 at B1were 1192 

explained nonlinearly by the time after PB (Fig. 3-4 s). Litterfall TC and maximum air 1193 

temperature were the main driving factors of WOC explaining 7 % and 12 % of the 1194 

variations in the depth-1 at B1 (Table 3-2). 1195 

The correlations between WTN and time after PB in the depths 1 and 2 were not 1196 

significant at the site B1 (Fig 3-4 t, u). 1197 
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Fig. 3-4. The variations in soil hot-water-extractable organic carbon (HWOC) and total nitrogen (HWTN), 

water-extractable organic carbon (WOC) and total nitrogen (WTN), soil carbon isotopic composition (δ13C) 

and soil nitrogen isotopic composition (δ15N) during the time after PB. 
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3.3.2 Soil δ13C and δ15N 1199 

The variations in soil δ13C were significant over the time after PB in the depths 1 and 2 1200 

at both B0 and B1 (Table 3-1). The 19 % of the variations in δ13C in the depth-1 at B0 1201 

were explained linearly by time after PB (Fig. 3-4 i), while there was no significant 1202 

correlation between δ13C and time in the depth-2 at the B0 (Fig. 3-4 j). The 25 % of the 1203 

variations in δ13C in the depth-1 at B1 was explained nonlinearly by time after burning 1204 

(Fig 3-4 v). The main driving factors of soil δ13C at B1 were litterfall δ13C and rainfall 1205 

explaining 30 % of the variations, while there was no significant regression between soil 1206 

δ13C and litterfall properties and climatic factors at B0 (Table 3-2). 1207 

The variations in δ15N were significant over the time after PB in the depth-1 at B0 and in 1208 

the depths 1 and 2 at B1 (Table 3-1). The 22 % of the variations in δ15N in the depth-1 at 1209 

B0 were explained linearly by time after PB (Fig. 3-4 k). The main driving factor of soil 1210 

δ15N was maximum temperature explaining 21 % of the variations (Table 3-2). The 17 % 1211 

and 19 % of the variations in δ15N at B1 were explained nonlinearly by time after PB in 1212 

the depths 1 and 2, respectively (Fig. 3-4 x, y). The main driving factor of soil δ15N at B1 1213 

was litterfall TN explaining 20 % of the variations in δ15N in the depth-1 (Table 3-2).  1214 

3.3.3 Litterfall mass production (LM) 1215 

Our results indicated significant variations in LM at both B0 and B1 over the time after 1216 

PB (Table 3-1).  In B0, the 25 % of the variation in LM were significant over the time 1217 

after PB (Fig. 3-5 a), while there was no significant relationship between LM and time 1218 

after PB at B1 (Fig. 3-5 b). Stepwise regression indicated that 6 %, 9 %, 30 % and 16 % 1219 

of the variations in LM at B0 were explained by rainfall, minimum temperature, 1220 

maximum temperature and soil HWTN in the depth-1 (Table 3-3). At B1, only rainfall 1221 

could explain 23 % of the variations in LM (Table 3-3). 1222 
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3.3.4 Litterfall TC, TN and C:N ratio 1223 

The variations in litterfall TC were not significant (p<0.05) at B0 and B1. Litterfall TN, 1224 

however, varied significantly over the time after PB (Table 3-1). The 27 % and 12 % of 1225 

variations in litterfall TC were explained by time after PB at B0 and B1, respectively (Fig. 1226 

3-5 c, d). The 16 % of the variations in litterfall TC at B0 were also explained by WTN 1227 

in the depth-1 (Table 3-3). The variations of litterfall TC, at B1, were also explained by 1228 

maximum temperature by 11 % and soil δ13C in the depth-1 by 14 % (Table 3-3). 1229 

Table 3-3. Relationships among litterfall properties as dependent variables and soil and 

climatic factors as independent variables 

 Dependent Independents Adj R2 P 

value 

B0 LM -552.9+4.7(Rain)-78.4(MinT)+75.6(MaxT)-4.5 

(HWTN5) 

Rain=0.06 

MinT=0.09 

MaxT=0.30 

HWTN5=0.16 

<0.01 

LTC 51.8-0.09 (WTN5) WTN5=0.16 <0.05 

LTN 2.38 – 0.04 (MaxT) – 0.02 (WTN5) MaxT=0.42 

WTN5=0.28 

<0.01 

Lδ13C -22.6 + 0.01 (HWTN5) + 0.3 (Sδ13C10) HWTN5=0.31 

Sδ13C10=0.28 

 

Lδ15N -2.3 – 0.1 (WTN5) – 0.02 (Rain) – 0.02 (HWTN5) WTN5=0.22 

Rain=0.24 

HWTN5=0.10 

 

B1 LM 107.6 + 0.6 (Rain) Rain =0.23 <0.01 

LTC 78.5 – 0.2 (MaxT) + 0.8 (Sδ13C5) MaxT=0.11 

Sδ13C5=0.14 

=0.01 

LTN 1 + 0.1 (Sδ15N10) – 0.02 (MinT) – 0.002 (HWTN5) Sδ15N10=0.31 

MinT=0.25 

HWTN5=0.10 

<0.01 

Lδ13C - 39.1 + 0.01 (HWTN5) + 0.002 (Rain) + 

0.02 (WTN10) 

HWTN5=0.19 

Rain=0.20 

WTN10=0.10 

<0.01 

Lδ15N -13.3 + 0.4 (Sδ15N5) – 0.02 (HWTN5) – 0.4 

(Sδ13C5) + 0.03 (WTN5) 

Sδ15N5=0.18 

HWTN5=0.11 

Sδ13C5=0.08 

WTN5=0.10 

<0.01 

Litterfall mass production (LM), average monthly rainfall (Rain), minimum air 

temperature (MinT), maximum air temperature (MaxT), hot-water-extractable total 

nitrogen (HWTN), water-extractable total nitrogen WTN, soil carbon isotopic 

composition (Sδ13C) and soil nitrogen isotopic composition (Sδ15N). The 5 and 10 

following the soil variables represent depth-1 (0-5 cm) and depth-2 (5-10 cm), 

respectively.  
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The 49 % and 39 % of the variations in litterfall TN were explained by time after PB at 1230 

B0 and B1, respectively (Fig. 3-5 e, f). Maximum temperature and WTN in the depth-1 1231 

were the main driving factors of litterfall TN explaining 42 % and 28 % of the variations 1232 

in litterfall TN at B0, respectively. At B1, 31 %, 25 % and 10 % of the variations in 1233 

litterfall TN could be explained by soil δ15N in depth-2, minimum temperature and 1234 

HWTN in depth-1 as the main driving factors, respectively (Table 3-3).  1235 

The variations in litterfall C:N ratio were significant over the time after PB (Table 3-1). 1236 

The litterfall C:N ratio was explained by time after PB by 44 % and 19 % at B0 and B1, 1237 

respectively (Fig. 3-5 g, h). 1238 

Site B0 Site B1 Site B0 Site B1 

    
    

    
    

    
    

Month since burning Month since burning 

Fig. 3-5. The variations in litterfall mass production (LM), total carbon (TC), total nitrogen (TN), C:N 

ratio (C:N), carbon isotopic composition (δ13C) and nitrogen isotopic composition (δ15N) over the time 

after PB. 
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3.3.5 Litterfall δ13C and δ15N 1239 

Litterfall δ13C did not change significantly over the time after PB at B0, while its 1240 

variations at B1 were statistically significant (Table 3-1). There was no significant 1241 

relationship between litterfall δ13C and time after PB at B0, while 32 % of the variations 1242 

in litterfall δ13C were significantly explained by time after PB at B1, respectively (Fig. 3-1243 

5 i, j). Stepwise regression indicated that 31 % and 28 % of the variations in litterfall δ13C 1244 

at B0 were explained by soil HWTN in depth-1 and δ13C in depth-2, respectively (Table 1245 

3-3). At B1, HWTN in depth-1, rainfall and WTN in depth-2 were the main driving 1246 

factors explaining 19 %, 20 % and 10 % of the variations of litterfall δ13C, respectively 1247 

(Table 3-3).  1248 

The variations in litterfall δ15N over the time were statistically significant (p<0.05) at both 1249 

B0 and B1 (Table 3-1). The 41 % and 19 % of the variations in δ15N were explained by 1250 

time after PB at B0 and B1, respectively (Fig. 3-5 k, l). The main driving factors of 1251 

litterfall δ15N at B0 were WTN and HWTN in depth-1 and rainfall explaining 22 %, 10 1252 

% and 24 %, respectively. At B1, soil δ15N, HWTN, δ13C and WTN in depth-1 could 1253 

explain the variations in litterfall δ15N by 18 %, 11 %, 8 % and 10 %, respectively (Table 1254 

3-3).  1255 

3.3.6 Foliar TC, TN, δ13C and δ15 1256 

The foliar TC did not differ significantly between sampling season and species, while the 1257 

interaction between season and species was significant (Tables 3-4 and 3-5). The highest 1258 

and lowest values of foliar TC were observed in E. Planchoniana at wet and dry seasons, 1259 

respectively (Table 3-5). The variations of foliar TN were only significant between 1260 

species (Tables 3-4 and 3-5). The concentrations of foliar TN were higher in E. Baileyana 1261 

compared to those in E. Planchoniana (Table 3-5).  1262 
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There was no significant difference in foliar δ13C between wet and dry seasons, while 1263 

foliar δ13C between the species differed significantly (Tables 3-4 and 3-5). The interaction 1264 

between sampling season and species were also significant (Table 3-4). The maximum 1265 

value of foliar δ13C was observed in E. Baileyana during the dry season; while seasonal 1266 

differences were not significant for E. Planchoniana (Table 3-5). Neither sampling 1267 

season nor tree species had significant effects on foliar δ15N (Tables 3-4 and 3-5). 1268 

Table 3-4. Effects of sampling time and species on tree canopy ecophysiological 

properties  

 Effects  P value  Effects  P value 

TC Sampling time 0.170 TN Sampling time 0.308 

 Species 0.561  Species 0.0001 
 Time×Species 0.05  Time×Species 0.745 

δ13C Sampling time 0.271 δ15N Sampling time 0.943 

 Species 0.018  Species 0.459 

 Time×Species 0.040  Time×Species 0.621 

A1,400 Sampling time 0.0001 Ci Sampling time 0.508 

 Species 0.464  Species 0.005 
 Time×Species 0.033  Time×Species 0.390 

gs Sampling time 0.0001 E Sampling time 0.0001 
 Species 0.178  Species 0.339 

 Time×Species 0.008  Time×Species 0.009 

iWUE Sampling time 0.003    

 Species 0.001    

 Time×Species 0.941    

Foliage total carbon (TC), total nitrogen (TN), carbon isotopic composition (δ13C), 

nitrogen isotopic composition (δ15N), photosynthesis (A1,400), intercellular CO2 

concentration (Ci), stomatal conductance (gs), transpiration (E), instantaneous water 

use efficiency (iWUE). 

3.3.7 A1,400, Ci, gs, E and iWUE 1269 

There was a seasonal difference in A1,400, while the variations between the species were 1270 

not significant. The interaction between sampling season and tree species was also 1271 

significant for A1,400, (Tables 3-4 and 3-5). The maximum values of A1,400 were observed 1272 

during the dry season with no significant difference between E. Baileyana and E. 1273 

Planchoniana (Table 3-5). The minimum A1,400 was observed in E. Baileyana in the wet 1274 

season (Table 3-5). Foliar Ci was significantly higher in E. Baileyana compared with that 1275 
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of E. Planchoniana, while seasonal variations and the interaction were not statistically 1276 

significant (Tables 3-4 and 3-5).  1277 

The interaction between sampling season and tree species was significant for gs so that 1278 

the values of gs during the dry season were higher in E. Baileyana than those of E. 1279 

Planchoniana (Tables 3-4 and 3-5). During the wet season, however, there was no 1280 

significant difference in gs between E. Baileyana and E. Planchoniana (Table 3-5).  1281 

Table 3-5. Foliage total carbon (TC) and nitrogen (TN), carbon isotopic composition 

(δ13C), nitrogen isotopic composition (δ15N), photosynthesis (A1,400), intercellular CO2 

concentration (Ci), stomatal conductance (gs), transpiration (E) and instantaneous 

water use efficiency (iWUE) measured in Eucalyptus Baileyana and Eucalyptus 

Planchoniana in July 2015 (dry season) and February 2016 (wet season) 

 Dry season Wet season 

  Baileyana Planchoniana Baileyana Planchoniana 

TC (%) 53.01 (0.14) ab 52.57 (0.27) b 52.81 (0.17) ab 53.61 (0.48) a 

TN (%) 1.11 (0.03) a 0.82 (0.06) b 1.05 (0.07) a 0.79 (0.05) b 

δ13C (‰) -27.52 (0.21) a -28.78 (0.20) b -28.40 (0.27) b -28.50 (0.36) b 

δ15N (‰) -4.44 (0.183) a -4.75 (0.281) a -4.58 (0.162) a -4.64 (0.322) a 

A1,400 (µmol m–2 s–1) 12.75 (0.82) a 11.73 (0.62) a 4.59 (0.66) c 6.65 (0.71) b 

Ci (μmol mol−1) 
234.37 (5.64) a 

211.61 (5.03) 

ab 
236.59 (15.35) a 194.52 (15.18) b 

gs (µmol m–2 s–1) 0.18 (0.01) a 0.13 (0.01) b 0.06 (0.01) c 0.08 (0.01) c 

E (mmol m–2 s–1) 2.34 (0.15) a 1.79 (0.12) b 1.11 (0.13) c 1.36 (0.19) c 

iWUE (μmol 

mmol−1) 
5.45 (0.07) b 6.70 (0.27) a 4.30 (0.51) c 5.59 (0.49) b 

Different lower case letters indicate significant differences among sampling seasons 

and plant species for that specific row at p<0.05. 

The seasonal variations of E and the interaction between sampling season and species 1282 

were statistically significant (Tables 3-4 and 3-5). The highest values of E were observed 1283 

in E. Baileyana during the dry season and the lowest values were observed during the wet 1284 

season with no significant differences between E. Baileyana and E. Planchoniana (Table 1285 

3-5). In general, iWUE varied significantly between seasons and between species, while 1286 

the interaction between sampling season and species was not significant (Tables 3-4 and 1287 
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3-5). The values of iWUE were significantly higher in E. Planchoniana compared to E. 1288 

Baileyana, and during dry season compared to the wet season (Table 3-5). 1289 

3.3.8 Relationships among physiological factors, climatic factors and soil properties  1290 

A significant negative correlation between A1,400 and the air temperature was observed in 1291 

both E. Baileyana and E. Planchoniana (Table 3-6).  1292 

Table 3-6. Relationships among  photosynthesis (A1,400), stomatal conductance (gs) and 

climatic factors including rainfall and air temperature  

 

Species  Equation P value 
Adjusted 

R2 

Variable 

contribution (%) 

E. Baileyana 
A1,400 25 – 0.75 (temperature) <0.0001 0.69 Temperature = 69 

gs 0.36 – 0.01 (temperature) <0.0001 0.66 Temperature = 66 

E. 
Planchoniana 

A1,400 36.83 – 0.46 (temperature) <0.0001 0.53 Temperature = 53 

gs 0.15 – (rainfall) <0.01 0.41 Rainfall = 41 

The gs was also negatively correlated with air temperature and rainfall in E. Baileyana 1293 

and E. Planchoniana, respectively (Table 3-6). There were no significant relationships 1294 

between the physiological factors and soil characteristics.  1295 

3.4 Discussion  1296 

3.4.1 Soil labile C and N  1297 

The soil labile C and N fluctuated over the time after PB. The gradual increase in the soil 1298 

labile C and N after PB might be attributed to the gradual incorporation of ashes in the 1299 

soil. Other studies also showed an increase in soil C and N pools after PB. For example, 1300 

an increase in soil mineral C and N pools have been observed shortly after PB, attributed 1301 

to the addition of ashes to soil, while the increase was not significant after one year post 1302 

PB (Alcañiz et al., 2016; Úbeda et al., 2005). In this study, significant relationships were 1303 

found between the soil labile C and N and litterfall C and N, indicating the role of litterfall 1304 

decomposition processes on soil properties (Tahmasbian et al. 2018; Wang et al., 2015).  1305 
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3.4.2 Isotopic compositions of C and N 1306 

The highest values of soil δ13C were observed immediately after PB with a significant 1307 

decrease over the time. This can be attributed to the addition of ashes which are enriched 1308 

in 13C, due to releasing of lighter 12C to atmosphere during PB. The following gradual 1309 

decrease in soil δ13C might be explained by the accumulation of organic matters with 1310 

lighter 12C, possibly through the addition of new litterfall with lower values of litterfall 1311 

δ13C and/or the leaching of 13C over the time after PB. Other studies have also reported 1312 

that the soil δ13C is controlled by mixing the new litterfall input, which are depleted in 1313 

δ13C, with the soil (Natelhoffer and Fry, 1988). 1314 

The litterfall 13C enrichment (higher δ13C) observed after PB might have been driven by 1315 

different factors including the N availability and climatic factors. The positive 1316 

relationship between litterfall δ13C and soil labile N may be attributed to the role of N in 1317 

photosynthetic capacity, associated with the enzyme of the Calvin cycle (Rubisco), and 1318 

therefore the demand for CO2 in carboxylation sites (Cernusak et al., 2013; Warren et al., 1319 

2001). The litterfall δ13C also showed an enrichment period in the dry season coinciding 1320 

with the increased values of photosynthesis (A1,400) in the same season. This can further 1321 

support our hypothesis that the variations in photosynthetic capacity were one of the main 1322 

driving factors of litterfall δ13C in the current study. The negative correlations between 1323 

A1,400 and air temperature in both seasons indicated that, in addition to N availability, the 1324 

photosynthetic capacity might have also been influenced by air temperature in the 1325 

ecosystem, which was consistent with the results of other studies (Hosseini Bai et al., 1326 

2014b; Prior et al., 1997). Hence, in this study, litterfall δ13C was driven by soil N 1327 

availability and climatic (seasonal) factors through their influence on tree photosynthetic 1328 

capacity.  1329 
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Soil δ15N decreased significantly over the time after PB at the sites B0 and B1. The 1330 

significant relationships observed among soil and litterfall δ15N, TN and N labile forms 1331 

indicated the limiting role of N in the studied ecosystem.  1332 

3.4.3 Litterfall mass production  1333 

The main mechanisms controlling the short-term variations in LM after PB in the current 1334 

study were climatic factors and N availability, which was consistent with the finding of 1335 

other studies (Carter and Darwin Foster, 2004; Pavón et al., 2005). The negative 1336 

correlation between LM and labile N, however, complicated the explanation of this 1337 

relationship. As labile N in this experiment was comprised of water-soluble and microbial 1338 

biomass N, the negative correlations observed between LM and soil labile N could be 1339 

explained by the enhanced mineralisation/immobilisation of N in the ecosystem after PB 1340 

as well as enhanced leaching. This means that increasing soil labile N, specifically 1341 

HWTN, might have enhanced the immobilised or leached N in the soil before being 1342 

assimilated by plants, and therefore less available N for the plants. In a longer time after 1343 

PB, however, the climatic (seasonal) factors i.e., rainfall was the main driving factor of 1344 

LM. The effects of rainfall on LM might be associated with the role of water availability 1345 

in tree growth and therefore production of litterfall. This relationship between LM and 1346 

rainfall was also consistent with the finding of other studies (Campanella and Bertiller, 1347 

2010; Pavón et al., 2005). For example, Campanella and Bertiller (2010), linked the 1348 

litterfall production to precipitation a few months before samplings, which was attributed 1349 

to an extended growth period in the wet season.  Pavón et al. (2005) also related the 1350 

observed pulses in litterfall production to rainfall and attributed it to the nutrient 1351 

availability affected by rainfall. Overall, the N and water availability were the main 1352 

limiting factors of LM after PB in the forest. 1353 
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3.5 Conclusions  1354 

The C and N dynamic and tree canopy ecophysiological status were evaluated in a native 1355 

forest ecosystem subjected to PB. Soil labile C and N pools were fluctuating within the 1356 

first 12 months after PB which might be attributed to the addition of mineralised C and N 1357 

through the ashes to soil and the effects of PB on soil microbial population and activity. 1358 

The addition of ashes to the soil increased the soil δ13C after PB possibly due to the high 1359 

values of δ13C in the ashes caused by releasing the lighter 12C during PB. The N 1360 

availability condition after PB as well as climatic factors, including air temperature and 1361 

rainfall (water availability) were the main driving factors of litterfall δ13C and LM. The 1362 

N availability and climatic factors influenced litterfall δ13C and LM mainly through their 1363 

effects on photosynthetic capacity. Collectively, N availability after PB and climatic 1364 

factors were the main driving limiting factors of the forest ecosystem.   1365 
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Abstract 1393 

Purpose The main objective of this study was to examine the potential of using 1394 

hyperspectral image analysis for prediction of total carbon (TC), total nitrogen (TN) and 1395 

their isotope composition (δ13C and δ15N) in forest leaf litterfall samples.  1396 

Materials and methods Hyperspectral images were captured from ground litterfall 1397 

samples of a natural forest in the spectral range of 400-1700 nm. A partial least-square 1398 

regression (PLSR) model was used to correlate the relative reflectance spectra with TC, 1399 

TN, δ13C and δ15N in the litterfall samples. The most important wavelengths were selected 1400 

using β coefficient and the final models were developed using the most important 1401 

wavelengths. The models were, then, tested using an external validation set. 1402 

Results and discussion The results showed that the data of TC and δ13C could not be fitted 1403 

to the PLSR model, possibly due to small variations observed in the TC and δ13C data. 1404 

The model, however, was fitted well to TN and δ15N. The cross-validation R2
cv of the 1405 

models for TN and δ15N were 0.74 and 0.67 with the RMSEcv of 0.53 % and 1.07 ‰, 1406 

respectively. The external validation R2
ex of the prediction was 0.64 and 0.67, and the 1407 

RMSEex was 0.53 % and 1.19 ‰, for TN and δ15N respectively. The ratio of performance 1408 

to deviation (RPD) of the predictions was 1.48 and 1.53, respectively for TN and δ15N, 1409 

showing that the models were reliable for the prediction of TN and δ15N in new forest 1410 

leaf litterfall samples. 1411 

Conclusions The PLSR model was not successful in predicting TC and δ13C in forest leaf 1412 

litterfall samples. The predictions of TN and δ15N values in the external litterfall samples 1413 

were reliable and PLSR can be used for future prediction.  1414 

Keywords: Chemometric, Hyperspectral image, Modelling, Multivariate analyses, 1415 

Spectral reflectance 1416 
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4.1 Introduction 1417 

Litterfall plays an important role in nutrient cycling, availability and soil organic matter 1418 

content in forest ecosystem through litterfall decomposition processes (Bansal et al., 1419 

2014; Guendehou et al., 2014; Schulze, 2000; Tutua et al., 2014). The litterfall 1420 

decomposition is a function of litterfall quality which is mostly determined by the values 1421 

of carbon (C), nitrogen (N) and C: N ratio in litterfall (Bragazza et al., 2012; Whittinghill 1422 

et al., 2012). Therefore, measuring total carbon (TC) and total nitrogen (TN) and their 1423 

isotope compositions (δ13C and δ15N) in litterfall samples is necessary to study the C and 1424 

N cycling in forest ecosystems (Hosseini Bai et al., 2015; Ibell et al., 2013a; Ibell et al., 1425 

2013b; Pellegrini et al., 2014; Tutua et al., 2014; Wang et al., 2015). The conventional 1426 

methods to analyse TC, TN, δ13C and δ15N, such as mass spectrometry (Hosseini Bai et 1427 

al., 2017; Ma et al., 2015; Mullaney et al., 2016; Mullaney et al., 2015; Wang et al., 2015; 1428 

Xu et al., 2000), are time consuming and expensive when applied to a large number of 1429 

samples. Therefore, it is important to apply accurate, rapid, non-expensive, and reliable 1430 

technologies to measure litterfall properties such as TC, TN, δ13C and δ15N contents. 1431 

Hyperspectral imaging system is a promising alternative technique which integrates the 1432 

advantages of digital imaging and conventional spectroscopy (He et al., 2013; Huang et 1433 

al., 2014). However, a massive data set are required to be generated from hyperspectral 1434 

images to develop predictive models (Elmasry et al., 2012; Koehler et al., 2002; Manley, 1435 

2014). Therefore, data pre-processing techniques, such as data transformation, are 1436 

important to extract information to establish a relationship between the qualitative 1437 

properties of the target samples and their spectral information (Kamruzzaman et al., 2015; 1438 

Manley, 2014). The data transformation techniques are commonly used to reduce the 1439 

undesirable effects of baseline shifts, light scattering effects and random noises prior to 1440 

multivariate regression analyses (Kamruzzaman et al., 2015; Manley, 2014). First and 1441 
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second derivatives, normalisation, multiplicative scatter correction (MSC) and 1442 

orthogonal signal correction (OSC) are the most commonly used data transformation 1443 

techniques in different studies (Fearn, 2000; Kamruzzaman et al., 2016b; Rinnan et al., 1444 

2009; Siripatrawan et al., 2011).  1445 

Either transformed or raw spectral data are then correlated to their reference values using 1446 

the multivariate regression models (Li and Qu, 2016; Manley, 2014; Morellos et al., 2016; 1447 

Sun et al., 2017). The selected model should be able to handle collinearity and noisiness 1448 

of multiple-X variables data (Manley, 2014). Among the regression models, partial least 1449 

square regression (PLSR) performs well with small, collinear and noisy data and 1450 

generates independent latents using cross-validation which chooses the response variable 1451 

from the strongest prediction (Höskuldsson, 1988; Wold et al., 1984; Wold et al., 2001).  1452 

Airborne hyperspectral imaging has been widely applied for different purposes such as 1453 

food and agricultural products as well as medical and pharmaceutical purposes (Ferrari et 1454 

al., 2012; Jamrógiewicz, 2012; Kamruzzaman et al., 2016a; Kamruzzaman et al., 2016b; 1455 

Qin et al., 2013). In environmental science, the airborne hyperspectral imaging as well as 1456 

visible to near infrared (VNIR) spectroscopy have been used successfully to estimate 1457 

plant nutrient concentrations including C and N (Gillon et al., 1999; Li et al., 2014; Starks 1458 

et al., 2016). For example, leaf N concentration has been estimated using the reflectance 1459 

in the 350 to 725 nm and 760 to 110 nm regions in wheat plant (Feng et al., 2008). In 1460 

general, a high correlation among the reflectance in 300 to 750 nm and N concentration 1461 

for various plant species have been reported in different studies (Ferwerda et al., 2005; 1462 

Xu et al., 2015). Due to the fact that techniques used in VNIR spectroscopy and airborne 1463 

hyperspectral cameras follow the same principles as those of proximate hyperspectral 1464 

imaging, it was hypothesised that the concentration of TC and TN in litterfall samples 1465 

could also be predicted by the spectra extracted from laboratory-based hyperspectral 1466 
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images. 1467 

To our best knowledge, no research has been conducted on using laboratory-based 1468 

hyperspectral imaging technique to predict TC, TN and specially δ13C and δ15N in forest 1469 

litterfall samples. Therefore, the main objective of the current study was to assess the 1470 

potential of using hyperspectral imaging in combination with PLSR model to analyse TC, 1471 

TN, δ13C and δ15N in forest leaf litterfall samples.  1472 

4.2 Methods and materials  1473 

4.2.1 Study site description  1474 

The litterfall samples were collected from Toohey urban Forest (27° 32ʹ S; 153° 03ʹ E), 1475 

southern Brisbane, Australia, with the subtropical weather, dry and cool winters and hot 1476 

and wet summers. Mean annual temperature ranges from 10-15 °C in winters to 30-35 °C 1477 

in summers and mean annual precipitation is 1000 mm (Catterall et al., 2001; Hosseini 1478 

Bai et al., 2013; Ma et al., 2015; Zhao et al., 2015). The dominant overstorey is rough-1479 

barked eucalypts and the understorey consists of grasses shrubs with usually less than 2 1480 

m tall (Hosseini Bai et al., 2012). Prescribed burning has been applied in Toohey Forest 1481 

since 1993 with the interval between 4–5 years and 8–10 years for different sites (Catterall 1482 

et al., 2001; Wallace and Catterall, 1987; Wang et al., 2014; Zhao et al., 2015). 1483 

4.2.2 Sample collection and analyses 1484 

The 462 litterfall samples used in this experiment were collected seasonally from 2011 to 1485 

2014. Three study sites were established randomly in different sectors of Toohey Forest, 1486 

each site with four randomly established circular plots (radius of 12.62 m, area of 500 1487 

m2). Each plot contained four sampling areas of 1 m2 for litterfall collection. The collected 1488 

litterfall samples were transferred to the laboratory in separate paper bags and were oven-1489 
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dried at 60° C to constant weight (Tutua et al., 2014). The leaf litterfall samples were then 1490 

separated from twigs. The leaves were ground into fine powder and stored in sterile 1491 

polyethylene vial tubes at room temperature for chemical and hyperspectral image 1492 

analysis. Approximately 5 mg of ground litterfall samples were transferred into tin 1493 

capsules for TC, TN, δ13C and δ15N analysis using an isotope ratio mass spectrometer 1494 

(Hosseini Bai et al., 2014). The values for δ13C and δ15N are defined in Eq. 4-1: 1495 

δ13C and δ15N (‰) =
𝑅𝑠𝑎𝑚𝑝𝑙𝑒 − 𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
× 1000 Eq. 4-1  

where Rsample is the 13C/12C ratio of a sample for δ13C and 15N/14N for δ15N and Rstandard is 1496 

the 13C/12C ratio of the international PeeDee Belemnite standard for δ13C and the 1497 

atmospheric N2 for δ15N (Prasolova et al., 2000; Shearer and Kohl, 1986). 1498 

4.2.3 Hyperspectral imaging system and image acquisition  1499 

A laboratory-based hyperspectral imaging system in the visible (VIS) to the shortwave 1500 

infrared (IR) range (400–1700 nm) was used to acquire images of the litterfall samples in 1501 

the reflectance mode. The system was comprised of two cameras, VNIR and IR, capturing 1502 

the images from 400 nm to 1000 nm and from 900 nm to1700 nm, respectively. The 1503 

VNIR system consisted of a hyperspectral filter (VA210-.40-1.0-L AOTF hyperspectral 1504 

video adapter and VFI-142.5-155-SPF-B2-C2/ext-X-Y-Z 2-Channel SPF AO Controller 1505 

Unit from Brimrose Corporation), and a BM-141GE camera from JAI. The IR system 1506 

consisted of a hyperspectral filter (VA210-.90-1.7-L AOTF hyperspectral video adapter 1507 

and VFI-90-60-SPF-B2-C2-X-Y-Z SPF AO Controller Unit from Brimrose), and a 1508 

GoldEye P-032 camera from Allied Vision Technologies GmbH. In order to illuminate 1509 

the litterfall samples and the field of view of the cameras, four 650-W Halogen lights 1510 

were mounted at the angle of 45° to reduce the shadowing effects (Fig. 4-1). 1511 
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 1512 

Fig. 4-1. The hyperspectral imaging system. 1513 

The litterfall images were captured in the Griffith University Spectral Imaging Laboratory 1514 

in 2015. The samples were prepared for image acquisition by putting approximately 5 g 1515 

of the ground litterfall samples in separate plastic weighing trays (2 × 2 cm) to be placed 1516 

under the cameras for capturing images. The images were captured at the same time by 1517 

both the VNIR and IR cameras at 10 nm intervals and the exposure time of 300 ms. To 1518 

ensure the homogeneity of the litterfall samples, the samples were shaken after capturing 1519 

each image and another image was captured until the spectral signature of two 1520 

consecutive images were similar. The image acquisition process was controlled by the 1521 

data collection software developed using Microsoft Visual Studio Professional 2012 1522 

(Version 4.6.01055).  1523 
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4.2.4 Spectral profile extraction and data calibration 1524 

An area of interest (AOI) was selected in each image covering entire sample image (ca. 1525 

600 × 600 pixels). The raw reflectance of the image (average of the selected pixels) in 1526 

AOI was extracted using a MATLAB (Version R2014a, The Mathworks Inc., USA) 1527 

program. An image (W) of white balance calibration reflectance target was captured to 1528 

calculate the relative reflectance (R) of the samples while the dark current of the cameras 1529 

was subtracted from the R using a dark (D) image. The white balance calibration 1530 

reflectance target reflects approximately 99 % of incident light. The dark image was 1531 

captured when the lights sources were switched off and the lenses were covered with their 1532 

caps. The R was then calculated from the raw spectral reflectance (I0) using the Eq. 4-2 1533 

(Ariana et al., 2006): 1534 

R = (I0 − D)/(W − D) 
 

Eq. 4-2  

The relative reflectance of all the hyperspectral images was calculated by repeating the 1535 

same procedure for all the images. In this step, the overlapped wavelengths (910-1000 1536 

nm), which were captured by both the VNIR and IR cameras, were selected from IR 1537 

camera as the images captured by IR camera were less noisy in the overlapped 1538 

wavelengths. The whole procedure of hyperspectral image analysis has been summarised 1539 

in Fig. 4-2 and explained in detail in the following sections.  1540 
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 1541 

Fig. 4-2. The procedure of hyperspectral image analyses. 1542 

4.2.5 Data pre-processing 1543 

4.2.5.1 Outlier detection and data division  1544 

The presence of a single outlier may reduce the robustness of the developed model and 1545 

the accuracy of prediction (Kamruzzaman et al., 2016a; Morellos et al., 2016; Shi et al., 1546 

2014). Thus, outliers were detected and removed (Kamruzzaman et al., 2016a; Morellos 1547 

et al., 2016; Shi et al., 2014).  The outliers in the data set may be caused by instrumental 1548 

errors, operational errors, environmental fluctuations and significant difference in the 1549 

sample matrix (Li and Qu, 2016; Liu et al., 2008). 1550 

In this study, first, the data points whose spectral reflectance did not change significantly 1551 

within a wide range of wavelengths (constant rows), were removed from the whole data 1552 

set as an instrumental error (camera error).  Principal component analysis (PCA) was then 1553 

performed to identify the outliers using a Hotelling’s T2 test within 99 % of confidence 1554 
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level (Jiang et al., 2016; Li and Qu, 2016; Morellos et al., 2016).  1555 

Afterwards, the remaining data were randomly divided into calibration and external 1556 

validation data sets with approximately 80% and 20% of the data, respectively. A t-test 1557 

was carried out to compare both the calibration set and the external validation sets to 1558 

confirm the appropriate and consistent coverage of the whole range of values for TC, TN, 1559 

δ13C and δ15N (Barbin et al., 2012). 1560 

4.2.5.2 Data transformation  1561 

The transformation techniques such as the first and second derivatives, standard normal 1562 

variate (SNV), multiplicative scatter correction (MSC), and orthogonal signal correction 1563 

(OSC) were performed on calibration data to remove the influence of undesired effects 1564 

(Fearn, 2000; Kamruzzaman et al., 2016b; Rinnan et al., 2009).  The computations of data 1565 

pre-processing (Outlier detection and data transformation) were performed with the 1566 

Unscrambler software (CAMO Software Inc., Trondheim, Norway). 1567 

4.2.6 Model development and evaluation 1568 

The PLSR models were developed to correlate the values of TC, TN, δ13C and δ15N in 1569 

litterfall samples to their relative reflectance in full spectral range of 400-1700 nm (Wold 1570 

et al., 2001).  A kernel algorithm was used for modelling the data with PLSR due to the 1571 

ability of kernel to handle the data when the number of observation considerably differs 1572 

from the number of independent (X) variables (Wold et al., 2001). The complete PLSR 1573 

solution is obtained by working on the matrix XT YYT X, which is a condensed kernel 1574 

matrix, and the matrices XT X and XT Y, which are the covariance matrices with a 1575 

significantly smaller size than those of the original X and Y matrices. The X is N × K and 1576 

Y is N × 1 matrices (Lindgren et al., 1993).  In summary, the PLSR model is developed 1577 

based on Eq. 4-3. 1578 
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Y = βX + F Eq. 4-3  

where β is a K × 1 matrix of regression coefficient and F is an N × 1 matrix of residuals. 1579 

The β coefficients are expressed as shown in Eq. 4-4. 1580 

β = W(PTW)-1 Eq. 4-4  

where W and P are the K × A matrices of PLS X-weights and PLS X-loadings, 1581 

respectively, and A is the number of PLS latent variables (LV). The β coefficient only 1582 

depends on loading and weight vectors (Lindgren et al., 1993).  1583 

The optimal LVs for PLSR models were selected at the minimum predicted residual error 1584 

sum of square (PRESS) of the cross-validation (Abdi 2010; Kamruzzaman et al. 2016a; 1585 

Li et al. 2002). PRESS was calculated as presented in Eq. 4-5 (Abdi, 2010; Li et al., 2002). 1586 

𝑃𝑅𝐸𝑆𝑆 = ∑(�̂�𝑖 − 𝑦𝑖)
2

𝑛

𝑖=1

 Eq. 4-5 

where ŷi and 𝑦i are the predicted and reference TC, TN, δ13C and δ15N in the ith sample, 1587 

respectively.  1588 

The initial models were developed for TC, TN, δ13C and δ15N using both raw and 1589 

transformed calibration data at the optimal LVs for selecting the best transformation 1590 

technique. The developed models with the best performance were selected for further 1591 

improvements. 1592 

To evaluate the best performance of the model and avoid over-fitting, a leave-one-out 1593 

(full) cross-validation method was used (Berrueta et al., 2007; Cheng and Sun, 2016; Li 1594 

et al., 2015; Taavitsainen, 2010; Wold et al., 2001). A full cross-validation leaves one 1595 

sample out of the calibration set and model is developed using the remaining data. The 1596 

developed model is, then, validated with the outside sample. In the next iteration, another 1597 
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sample is left out for the validation and process continues until every sample is left out of 1598 

the model once (Dai et al., 2014; Zhang et al., 2013).   1599 

The accuracy of the models was evaluated by the coefficient of determination of the 1600 

calibration (R2
c)

 and cross-validation (R2
cv), as well as the root mean square error of 1601 

calibration (RMSEc) and cross-validation (RMSEcv). The R2 and RMSE were defined 1602 

using Eq. 4-6 and Eq. 4-7, respectively (Barrett, 1974; Chai and Draxler, 2014). 1603 

𝑅2 = 1 −
∑ (Y𝑖 − Ŷ𝑖)

2n
𝑖=1

∑ (Y𝑖 − Ȳ)2n
𝑖=1

 
Eq. 4-6  

RMSE = √(∑ (ŷi − yi)2
n

i=1
) n⁄  

Eq. 4-7  

where ŷi and 𝑦i are the predicted and reference TC, TN, δ13C and δ15N in the ith sample, 1604 

respectively. ȳ is the mean value of the reference TC, TN, δ13C and δ15N, while n is the 1605 

number of samples.  1606 

The initial models with the higher R2
c and R2

cv and lower RMSEc and RMSEcv were 1607 

selected to develop the final models using the most important wavelengths. Using β 1608 

coefficients of the PLSR models developed for TC, TN, δ13C and δ15N, the wavelengths 1609 

with low influence on the initial model were removed and the final models of TC, TN, 1610 

δ13C and δ15N were rebuilt with the remaining (important) wavelengths (Chong and Jun, 1611 

2005). The process was repeated until the highest R2
cv was achieved. The removed 1612 

wavelengths were returned to the model in the case of R2cv
2 < R1cv

2 , where R2cv
2  is the 1613 

cross-validation R2 of the final model (with only important wavelengths) and R1cv
2  is the 1614 

cross-validation R2 of the initial model (with full wavelengths). 1615 

The prediction ability of the final models was then tested using an external validation 1616 
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dataset which had not been used in the model development. The R2 and RMSE of the 1617 

external validation set (R2
ex and RMSEex) were used to evaluate the precision of the model 1618 

for predicting TC, TN, δ13C and δ15N in new samples. The ratio of performance to 1619 

deviation (RPD) was also used to assess the prediction ability of the models for the 1620 

external validation set. The RPD was defined using Eq. 4-8 (Bellon-Maurel et al., 2010; 1621 

Cheng and Sun, 2016; Kamruzzaman et al., 2016a; Morellos et al., 2016). 1622 

RPD =
SDex

RMSEex
 

Eq. 4-8  

where SDex is the standard deviation of the predicted values in the external validation set. 1623 

The model development and evaluation were performed using the Unscrambler software 1624 

(CAMO Software Inc., Trondheim, Norway). 1625 

4.3 Results and discussion 1626 

4.3.1 Overview of reference values of TC, TN, δ13C and δ15N in litterfall samples 1627 

The descriptive analyses of TC, TN, δ13C and δ15N have been summarised in Table 4-1. 1628 

The results of the t-test showed that there was no statistically significant difference of TC, 1629 

TN, δ13C and δ15N between the calibration and the external validation sets. The observed 1630 

variations (CV) in TC and δ13C were relatively smaller than those of TN and δ15N (Table 1631 

4-1).  It has been suggested that a high variation in the calibration data is beneficial to 1632 

build a robust model with more reliable prediction in a wider range (Kamruzzaman et al., 1633 

2012).  1634 
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Table 4-1. Descriptive analyses of reference TC, TN, δ13C and δ15N in litterfall samples 

 Calibration set External validation set 

 TC TN δ13C δ15N TC TN δ13C δ15N 

Sample No. 362 362 362 362 90 90 90 90 

Min 42.62 0.29 -31.02 -14.64 45.75 0.30 -30.99 -6.68 

Max 59.58 1.48 -26.96 4.48 57.14 1.33 -28.30 3.01 

Range 16.96 1.20 4.06 19.12 11.39 1.03 2.69 9.69 

Mean 51.31 0.68 -29.77 -2.53 50.99 0.64 -29.72 -2.42 

SD 2.43 0.26 0.52 2.27 2.42 0.22 0.53 2.04 

4.3.2 Model attributes 1635 

4.3.2.1 Data pre-processing and model development 1636 

Two samples were removed due to the same reflectance at all wavelengths which 1637 

occurred by camera error. The PCA analysis showed that 99% of the variations can be 1638 

explained by the first two factors and only eight samples were removed from the data by 1639 

Hotelling’s T2 test. The remaining 452 samples were divided into the calibration set with 1640 

80 % of the samples (n=362) and external validation set with 20 % of the samples (n=90). 1641 

The raw spectra extracted from hyperspectral images were highly variable with little or 1642 

no predictive values (Fig. 4-3). Therefore, it is a common practice to apply transformation 1643 

techniques before using the data to develop PLSR models (Fearn, 2000; Kamruzzaman 1644 

et al., 2016b; Rinnan et al., 2009).  1645 

 1646 

Fig. 4-3. The relative reflectance of raw data in the range from 400 nm to 1700 nm. 1647 
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In this study, the raw spectral calibration data, as well as the transformed spectral data, 1648 

were used to develop initial PLSR models (Fig. 4-4a-d).  1649 

 1650 

Fig. 4-4. The relative reflectance of standard normal variate (SNV)-transformed (a), 1651 

multiple scatter correction (MSC)-transformed (b), first derivative-transformed (c) and 1652 

orthogonal signal correction (OSC)-transformed data (d) used to develop initial models. 1653 

Table 4-2 summarises the most efficient data transformation techniques used to develop 1654 

initial PLSR models in the current study. None of the transformation techniques, 1655 

however, resulted in a good model for TC and δ13C (even after developing the models 1656 

using important wavelengths), which might be associated with the small variation in TC 1657 

and δ13C in the current experiment. A regression model is considered ‘good’ where the 1658 

RPD calculated for prediction in external validation set is more than 1.4 (Bellon-Maurel 1659 

et al., 2010).  Therefore, the study continued with the initial PLSR models developed for 1660 

TN and δ15N.  1661 
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Table 4-2. The properties of the PLSR models developed on raw and the transformed 

data 

  Details  Calibration Cross-

validation 

External validation Evaluation 

R2
c RMSE R2

cv RMSE R2
ex RMSE RPD  

T
C

 

Raw data — 0.27 2.07 0.21 2.16 0.37 1.93 0.65 Poor 

SNV — 0.20 2.17 0.16 2.23 0.42 1.19 0.90 Poor 

MSC X=x/b 0.22 2.14 0.14 2.25 0.33 1.20 1.02 Poor 

1st 

derivative 

Polynomial 

order=2, 7 

points 

0.28 2.06 0.19 2.19 0.39 1.88 0.74 Poor 

OSC NIPAS 0.26 2.10 0.25 2.10 0.36 1.95 0.64 Poor 

T
N

 

Raw data — 0.61 0.16 0.58 0.17 0.46 0.16 1.06 Poor 

SNV — 0.74 0.13 0.63 0.16 0.60 0.14 1.44 Good 

MSC X=x/b 0.72 0.13 0.63 0.15 0.51 0.16 1.29 Poor 

1st 

derivative 

Polynomial 

order=2, 7 

points 

0.59 0.16 0.55 0.17 0.50 0.16 1.07 Poor 

OSC NIPAS 0.77 0.49 0.72 0.54 0.63 0.54 1.53 Good 

δ
1

3
C

 

Raw data — 0.19 0.46 0.16 0.47 0.15 0.49 0.44 Poor 

SNV — 0.14 0.48 0.09 0.49 0.17 0.48 0.36 Poor 

MSC X=x/b 0.16 0.47 0.12 0.48 0.17 0.48 0.45 Poor 

1st 

derivative 

Polynomial 

order=2, 7 

points 

0.19 0.46 0.15 0.48 0.18 0.48 0.47 Poor 

OSC NIPAS 0.19 0.46 0.19 0.46 0.14 0.49 0.44 Poor 

δ
1

5
N

 

Raw data — 0.41 1.74 0.37 1.81 0.47 1.47 1.06 Poor 

SNV — 0.54 1.26 0.48 1.35 0.50 1.45 1.10 Poor 

MSC X=x/b 0.55 1.26 0.50 1.30 0.47 1.49 1.00 Poor 

1st 

derivative 

Polynomial 

order=2, 8 

points 

0.58 1.19 0.54 1.24 0.53 1.42 1.07 Poor 

OSC NIPAS 0.73 0.96 0.65 1.10 0.64 1.25 1.52 Good 

 1662 

The best PLSRs for TN and δ15N were obtained when the data were OSC-transformed 1663 

(Table 4-2). The OSC algorithm was performed by finding the directions in X that 1664 

described large amounts of variance while being orthogonal to Y and subtracting them 1665 

from X matrix (Fearn, 2000).  Fig. 4-4d illustrates the mean relative reflectance of the 1666 

OSC-transformed calibration data. 1667 

One of the most critical steps in developing the accurate PLSR models is to select the 1668 

correct LV. It is assumed that the investigated system is influenced by a few underlying 1669 

LV rather than all the X variables. Therefore, one of the aims of the PLSR analysis was 1670 

to estimate LV number (Wold et al., 2001). Selecting more LV would lead to over-fitting 1671 
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which would result in poor prediction. Fewer LV may result in under-fitting and the 1672 

model would not be able to capture the variation of the data (Abdi, 2010). The optimal 1673 

LV of the initial PLSR models for the prediction of TN and δ15N was selected at the 1674 

lowest value of PRESS (Abdi, 2010; Kamruzzaman et al., 2012), which were six and nine 1675 

for TN and δ15N, respectively (Fig. 4-5a).  1676 

  

Fig. 4-5. Latent variable number (LV) selected for initial PLSR model (a) and final 

PLSR model (b) at the minimum PRESS. 

After developing initial PLSR models for TN and δ15N, the wavelengths with low 1677 

influence on the initial model (low absolute values of β coefficient) were removed and 1678 

the final models of TN and δ15N were rebuilt using the remaining (important) wavelengths 1679 

with the highest absolute values of β coefficients (Chong and Jun, 2005). The LV of the 1680 

final PLSR model for TN and δ15N were four and eight respectively (Fig. 4-5b).  The LV 1681 

might be one when there is a single dependent variable (Y) and the independent variables 1682 

(X) are not intercorrelated— XT X is diagonal (Wold et al., 2001). Therefore, the smaller 1683 

LVs obtained for the final models may show that the final models with fewer wavelengths 1684 

were more similar to a multiple-linear-regression (MLR) solution, compared to the initial 1685 

models.  1686 

4.3.2.2 The performance of PLSR for TN prediction 1687 

The R2
c
 and R2

cv of the final PLSR for TN were 0.76 and 0.74. The RMSEc and RMSEcv 1688 
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for the TN in the final model were 0.50 % and 0.53 % (Fig. 4-6).  1689 

 1690 

Fig. 4-6. The reference and predicted TN using the final PLSR. 1691 

We did not find any studies using hyperspectral imaging to predict TN in litterfall. 1692 

However, studies exist using hyperspectral imaging to predict TN in various plant canopy 1693 

with R2 at the range of those reported in our study (Coops et al., 2003; Martin et al., 2008; 1694 

Tian et al., 2011). As expected, both the R2
cv and RMSEcv of the final models (developed 1695 

using important wavelengths with highest absolute values of β coefficients) were 1696 

improved compared to those of the initial models developed using all wavelengths (Table 1697 

4-2, Fig. 4-6). It has also been reported previously that using important wavelengths to 1698 

develop models improves the accuracy of the prediction, possibly due to removing the 1699 

inter-correlated wavelengths (Kamruzzaman et al., 2012; Wold et al., 1996). In our study, 1700 

33 important wavelengths were used to predict TN in litterfall samples (Fig. 4-7).  The 1701 

final equation for predicting TN in forest leaf litterfall samples is reported in electronic 1702 
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supplementary material (Eq. 4-S1). 1703 

 1704 

Fig.4-7. The β coefficient of each wavelength for the prediction of TN using final PLSR. 1705 

Various wavelengths have been reported to be important for TN prediction in different 1706 

plants, which in some cases, are similar to the selected important wavelengths in this 1707 

study. For example, the reflectance in 470, 480, 590, 650, 670 and 760 nm were also 1708 

reported for TN prediction in wheat and rice canopies (Chang-shan et al., 2000; Hansen 1709 

and Schjoerring, 2003). However, important wavelengths reported for prediction of TN 1710 

in different studies are not always consistent (Blackmer et al., 1994; Li et al., 2014). Lack 1711 

of consistency in reported important wavelengths might be associated with indirect 1712 

estimation of N due to the fact that N does not directly absorb/reflect radiation in the 1713 

VNIR region (Blackmer et al., 1994; Li et al., 2014). In general, the reflectance in the 1714 

VIS region is mainly related to the reflectance of chlorophyll a and b (Curran, 1989; 1715 

Curran et al., 2001; Ferwerda et al., 2005), which are correlated to N concentration as 1716 
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chlorophyll contains N (Ferwerda et al., 2005). The reflectance in NIR region is also 1717 

dominated by absorption features related to N–H and O–H bonds stretching (Curran, 1718 

1989). The N–H bond reflects the amount of N present in protein (Curran, 1989; Ferwerda 1719 

et al., 2005). The O–H bond absorption features are related to starch or cellulose content 1720 

and might reflect the changes in the C:N ratio (Curran, 1989; Ferwerda et al., 2005). 1721 

Hence, the variation in the important wavelengths reported for estimation and prediction 1722 

of N might be due to the variation in compounds containing N. 1723 

The final model was, then, tested using the external validation set. The R2
ex and RMSEex 1724 

of the external validation set were 0.64 and 0.53%, respectively (Fig. 4-8). The R2
ex 1725 

showed that 64 % of the variation in TN can be accurately predicted by the final PLSR 1726 

model, which was in the range of other studies for TN prediction in different plant 1727 

samples (Coops et al., 2003; Martin et al., 2008; Tian et al., 2011). The RPD calculated 1728 

from the prediction of TN in external validation set was 1.48 which suggested the 1729 

developed model was a good model for TN prediction in new samples. An RPD is 1730 

considered ‘good’ when it is more than 1.4 (Bellon-Maurel et al., 2010; Mouazen et al., 1731 

2010).  1732 
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 1733 

Fig. 4-8. The reference and predicted TN in external validation set using the final PLSR. 1734 

4.3.2.3 The performance of PLSR for δ15N prediction  1735 

The R2
c
 and R2

cv of the final model developed for δ15N were 0.72 and 0.67, respectively. 1736 

The RMSEc and RMSEcv
 of the final model were 0.98 ‰ and 1.07 ‰. Both R2

cv and 1737 

RMSEcv of the final model were improved compared to the initial model (Fig. 4-9). The 1738 

38 wavelengths were used as important wavelengths to predict δ15N in litterfall samples 1739 

with the highest β coefficients for 590, 610, 650, 900 and 1270 nm (Fig. 4-10). This is 1740 

the first paper that uses hyperspectral image analysis to predict δ15N; hence, the selected 1741 

important wavelengths cannot be compared with the other literature. The final equation 1742 

for predicting δ15N in forest leaf litterfall samples is reported in the electronic 1743 

supplementary material (Eq. 4-S2). 1744 
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 1746 

Fig. 4-9. The reference and predicted δ15N using the final PLSR. 1747 

 1748 

Fig. 4-10. The β coefficient of each wavelength for the prediction of δ15N using final 1749 

PLSR. 1750 
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The final PLSR model was then tested on the external validation set. The R2
ex and 1751 

RMSEex of the external validation set were 0.67 and 1.19 ‰, respectively (Fig. 4-11).  1752 

 1753 

Fig. 4-11. The reference and predicted δ15N in external validation set using the final 1754 

PLSR. 1755 

The RPD of 1.53 showed that the developed model for δ15N is a good model to predict 1756 

δ15N in new samples (Bellon-Maurel et al., 2010; Mouazen et al., 2010). Although the 1757 

R2
ex and RPD obtained for TN and δ15N were acceptable and rated as “good” models, 1758 

further improvement in the accuracy of the prediction may be achieved by employing 1759 

higher resolution hyperspectral cameras.  1760 

4.4 Conclusions 1761 

In this study, the potential of using hyperspectral images was examined for a rapid and 1762 

non-expensive detection of TC, TN, δ13C and δ15N in litterfall samples. The PLSR models 1763 

developed for TC and δ13C showed unsatisfactory results with a very poor fit. However, 1764 
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the PLSR model was fitted well to TN and δ15N, possibly due to the much larger 1765 

variations in TN and δ15N compared with those of TC and δ13C. The R2
cv

 of the final PLSR 1766 

models were 0.74 and 0.67 with the RMSEcv of 0.53% and 1.07‰, for TN and δ15N 1767 

respectively. The models were tested using an external validation data set and could 1768 

successfully predict TN and δ15N in the new samples.  1769 
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4.5 Supplementary materials 1775 

Eq. 4-S1 The final equation for predicting TN in forest leaf litterfall samples using 1776 

selected wavelengths  1777 

TN = (0.77 × WL  470) + (0.81 × WL  480) + (2.37 × WL  590) + (-1.69 × WL  650) + 1778 

(1.13 × WL  670) + (1.42 × WL  760) + (-1.87 × WL  980) + (-2.49 × WL  990) + (1.15 1779 

× WL  1040) + (2.33 × WL  1070) + (2.06 × WL  1080) + (1.65 × WL  1110) + (-1.33 1780 

× WL  1170) + (-2.80 × WL  1180) + (-1.56 × WL  1220) + (2.10 × WL  1230) + (1.37 1781 

× WL  1240) + (-1.78 × WL  1270) + (1.42 × WL  1290) + (0.95 × WL  1300) + (-2.59 1782 

× WL  1310) + (-1.21 × WL  1340) + (1.51 × WL  1350) + (1.39 × WL  13902) + (1.70 1783 

× WL  1410) + (0.60 × WL  1440) + (-2.59 × WL  1470) + (-1.96 × WL  1490) + (-1.97 1784 

× WL  1520) + (-1.87 × WL  1540) + (-2.00 × WL  1550) + (3.18 × WL  1620) + (-2.55 1785 

× WL  1700)  1786 

 1787 

Eq. 4-S2 The final equation for predicting δ15N in forest leaf litterfall samples using 1788 

selected wavelengths 1789 

δ15N = -2.40 + (-21.95 × WL  420) + (-26.60 × WL  440) + (-39.58 × WL  450) + (49.30 1790 

× WL  470) + (46.13 × WL  500) + (-10.16 × WL  510) + (38.88 × WL  520) + (-19.20 1791 

× WL  530) + (5.83 × WL  560) + (-36.43 × WL  570) + (-41.54 × WL  580) + (100.19 1792 

× WL  590) + (69.48 × WL  610) + (-81.83 × WL  650) + (-16.08 × WL  730) + (42.25 1793 

× WL  760) + (24.44 × WL  820) + (-30.68 × WL  830) + (62 × WL  900) + (-20.72 × 1794 

WL  1030) + (-53.64 × WL  1060) + (-46.65 × WL  1090) + (49.37 × WL  1160) + 1795 

(30.23 × WL  1170) + (-22.81 × WL  1180) + (18.82 × WL  1230) + (-94.74 × WL  1796 

1270) + (73.23 × WL  1290) + (-10.25 × WL  1310) + (-9.39 × WL  1400) + (-43.36 × 1797 

WL  1420) + (-13.70 × WL  1430) + (-42.49 × WL  1480) + (-65.87 × WL  1490) + 1798 
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(23.60 × WL  1520) + (-17.00 × WL  1550) + (51.56 × WL  1590) + (-3.67 × WL  1670)  1799 

 1800 
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Abstract 1824 

The common methods of determining soil carbon (C), nitrogen (N) and their isotopic 1825 

compositions (δ13C and δ15N) are expensive and time-consuming. Therefore, alternative low-1826 

cost and rapid methods are sought to address this issue. This study aimed to investigate the 1827 

potential of hyperspectral image analysis to predict soil total carbon (TC), total nitrogen (TN), 1828 

δ13C and δ15N. Hyperspectral images were captured from 96 ground soil samples using a 1829 

laboratory-based visible to near-infrared (VNIR) hyperspectral camera in the spectral range of 1830 

400-1000 nm. Partial least squares regression (PLSR) models were developed to correlate the 1831 

values of TC, TN, δ13C and δ15N, obtained from isotope ratio mass spectrometry method, with 1832 

their spectral reflectance. The developed models provided acceptable predictions with high 1833 

coefficient of determination (R2
c) and low root mean square error (RMSEc) of calibration set 1834 

for TC (R2
c = 0.82; RMSEc = 1.08 %), TN (R2

c = 0.87; RMSEc = 0.02 %), δ13C (R2
c = 0.82; 1835 

RMSEc = 0.27 ‰) and δ15N (R2
c = 0.90; RMSEc = 0.29 ‰). The prediction abilities of the 1836 

models were then evaluated using the spectra of an external test set (24 samples). The models 1837 

provided excellent predictions with high R2
t and ratio of performance to deviation (RPD) of 1838 

test set for TC (R2
t = 0.76; RPD = 2.02), TN (R2

t = 0.86; RPD = 2.08), δ13C (R2
t = 0.80; RPD 1839 

= 2.00) and δ15N (R2
t = 0.81; RPD = 1.94). The results indicated that the laboratory-based 1840 

hyperspectral image analysis has the potential to predict soil TC, TN, δ13C and δ15N.  1841 

Keywords: Native Forest, chemometrics, multivariate analysis, PLSR, VNIR, δ13C, δ15N  1842 
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5.1 Introduction 1843 

The biogeochemical cycles of carbon (C) and nitrogen (N) in terrestrial ecosystems have 1844 

received considerable attention because of their significant role in climate change (Fu et al., 1845 

2010; Zaehle et al., 2010). The soil C and N pools are key indicators of soil quality and are 1846 

therefore important to be monitored in terrestrial ecosystems (Che et al., 2018; Darby et al., 1847 

2016; Hosseini Bai et al., 2015a; Nguyen et al., 2017). The soil natural isotopic abundance of 1848 

C and N (δ13C and δ15N) have also been widely used as powerful tools to gain insight into C 1849 

and N cycling in the terrestrial ecosystems (Bai et al., 2017; Che et al., 2017; Fujiyoshi et al., 1850 

2017; Hosseini Bai et al., 2017; Hosseini Bai et al., 2015b; Wang et al., 2015). Conventional 1851 

methods, such as isotope ratio mass spectroscopy, are used to assess soil total C (TC) , total N 1852 

(TN), δ13C and δ15N. However, the conventional methods are time-consuming and expensive 1853 

when applied to a large number of samples (Jiang et al., 2017). Hence, the alternative 1854 

inexpensive and rapid methods are sought to predict soil TC, TN, δ13C and δ15N.  1855 

The visible to near infrared (VNIR) hyperspectral imaging technique, which uses the 1856 

advantages of both conventional imaging and reflectance spectroscopy, is a physical, rapid, 1857 

reproducible and low-cost alternative to conventional methods of soil chemical analysis (Gmur 1858 

et al., 2012; Jung et al., 2015; Stevens et al., 2008; Vaudour et al., 2016). More importantly, 1859 

hyperspectral imaging permits a quantitative assessment of different soil properties from a 1860 

single measurement (Ben-Dor and Banin, 1995a; Jia et al., 2016; Viscarra Rossel et al., 2006; 1861 

Xu et al., 2016). The spatial dimension provided by hyperspectral imaging technology gives 1862 

this method an advantage over the reflectance spectroscopy (Manley, 2014). For example, the 1863 

spatial dimensions are used to obtain the chemical image/map of samples for identification and 1864 

localisation of chemical compounds in the samples with non-homogenous surfaces (Manley, 1865 

2014). However, for homogenised samples such as ground soils, the spatial information are 1866 
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used by averaging the several pixels in the spatial dimensions of hyperspectral images and 1867 

averaging pixels improve the accuracy and reproducibility of predictions compared with the 1868 

single points used in reflectance spectroscopy. One of the main disadvantages of hyperspectral 1869 

imaging compared with VNIR spectroscopy includes the high cost of hyperspectral sensors, 1870 

especially when wavelengths between 1000 nm to 2500 nm are required (Manley, 2014). Fast 1871 

computers and substantial data storage capacity are also required due to the large size of 1872 

hyperspectral images (Manley, 2014). Despite the higher accuracy and capability of laboratory-1873 

based sensors to measure both surface and deep soils, they can cover smaller areas compared 1874 

with airborne hyperspectral systems.  1875 

The hyperspectral imaging technique utilises the reflectance measured on different materials 1876 

using airborne or laboratory-based hyperspectral sensors and have been successfully used to 1877 

predict different variables in leaf, soil, litterfall and food (Ben-Dor et al., 1997; Grahn and 1878 

Geladi, 2007; Manley, 2014). After imaging, multivariate analysis is used to correlate the 1879 

spectral reflectance data with their corresponding reference values of the targeted variables 1880 

measured using the reference chemical methods e.g., isotope ratio mass spectrometry (Manley, 1881 

2014; Wijewardane et al., 2016). However, different pre-processing techniques such as 1882 

wavelength selection and spectral data transformation are usually applied to reduce the 1883 

collinearity of the spectral data and the impact of artefacts, such as random noise and light 1884 

scattering. The data pre-processing usually increase the signal to noise ratio in the spectral data 1885 

prior to performing the multivariate analyses (Manley, 2014; Wei et al., 2017). First derivative, 1886 

second derivative, multiplicative scatter correction (MSC), orthogonal signal correction (OSC), 1887 

standard normal variate (SNV) and detrending (DT) are the most common transformation 1888 

techniques applied to hyperspectral reflectance data in wide range of studies (Fearn, 2000; 1889 

Kamruzzaman et al., 2016b; Lin et al., 2016; Rinnan et al., 2009; Siripatrawan et al., 2011). 1890 

The best-transformed data are then used to develop the multivariate models using the selected 1891 
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important wavelengths. This step employs an appropriate chemometric algorithm such as 1892 

partial least squares regression (PLSR).  1893 

PLSR is the most commonly used multivariate linear model for chemometrics (Coûteaux et al., 1894 

2003; Jiang et al., 2017; Mouazen et al., 2007). PLSR enables us to analyse small data sets with 1895 

multiple variables, which are strongly correlated and noisy (Höskuldsson, 1988; Wold et al., 1896 

1984; Wold et al., 2001). PLSR finds a few linear combinations (latent variables) of the original 1897 

X-values and uses only those linear combinations in the regression equation. This leads to 1898 

discarding the irrelevant and unstable information to use the most relevant X-variation for the 1899 

regression analysis (Höskuldsson, 1988; Wold et al., 1984; Wold et al., 2001). The developed 1900 

PLSR models are then used to predict the target variables in new samples.  1901 

The VNIR airborne hyperspectral imaging and reflectance spectroscopy analyses have been 1902 

used to analyse soil C and N in a diverse type of soils (Barthès et al., 2006; Brunet et al., 2007; 1903 

Denis et al., 2014; Stevens et al., 2008; Udelhoven et al., 2003; Wei et al., 2017). For example, 1904 

soil organic and total C, as well as soil TN, have been analysed using airborne hyperspectral 1905 

imaging and reflectance spectroscopy in the spectral region of 350-2500 nm; these studies 1906 

provided results with a wide range of accuracies, R2 from 0.35 to over 0.90 (Cozzolino et al., 1907 

2013; Gmur et al., 2012; Gopal et al., 2015; Jiang et al., 2017; Stevens et al., 2008). Limited 1908 

information, however, is available on using hyperspectral images for the prediction of TC and 1909 

TN in soil samples. To the best of our knowledge, there is also no report on using the 1910 

laboratory-based hyperspectral imaging sensors to predict soil δ13C and δ15N. The main 1911 

objective of this study was to assess the potential of using the laboratory-based hyperspectral 1912 

imaging systems to predict TC, TN, δ13C and δ15N in soil samples. The models developed in 1913 

this study will be used to predict the long-term dynamics of soil TC, TN, δ13C and δ15N in real-1914 

time after prescribed burning in Toohey Forest, East Queensland, Australia.  1915 
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The techniques used in airborne hyperspectral imaging and reflectance spectroscopy follow the 1916 

same principles as those of laboratory-based hyperspectral imaging. Therefore, it was 1917 

hypothesised that the concentration of TC and TN in soil samples could be predicted using the 1918 

spectra extracted from laboratory-based hyperspectral images in the spectral region of 400-1919 

1000 nm. The featureless (without a specific spectral response) properties in soil samples can 1920 

also be predicted using their internal correlation with other properties which possess specific 1921 

spectral responses (Ben-Dor and Banin, 1995b; Ben-Dor et al., 2002). Soil TC, TN and their 1922 

isotopic compositions, δ13C and δ15N have shown to be correlated (Abdullah, 2016; Hobbie et 1923 

al., 2000; West et al., 2009). Therefore, it was also hypothesised that δ13C and δ15N can be 1924 

predicted using laboratory-based hyperspectral reflectance in the visible to near infrared 1925 

regions (400-1000 nm) due to their correlation with TC and TN, respectively. We additionally 1926 

hypothesised that wavelengths selection would improve the accuracy of the developed models 1927 

by reducing the collinearity of the spectral data. 1928 

5.2 Materials and methods 1929 

5.2.1 Study site description 1930 

Soil samples used in this experiment were collected from Toohey Forest, a suburban native 1931 

forest located in south-eastern Queensland, Australia (27°30′S, 153°E) (Hosseini Bai et al., 1932 

2014a). Toohey Forest is located in a subtropical region, with average minimum temperature 1933 

(1939-2016) of 14.4 °C, average maximum temperature (1939-2016) of 26.3 °C and mean 1934 

annual precipitation (1969-2016) of 1163.5 mm.  1935 

Geological units of Toohey Forest were diverse, and include argillites, shales, sandstones and 1936 

shales of the Woogaroo subgroup; soft sedimentary rocks of the Tingalpa formation (Ipswich 1937 

coal measures); cherts and arsenite of the Neranleigh-Fernvale beds; and sandstones of the 1938 

Sunnybank formation (Catterall et al., 2001). The most forest soils were thin lithosols, with a 1939 
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thickness varying between 60 cm and 1 m (Abdullah, 2016). The lithosols contained both stony 1940 

components and loam to silty loam, which may be rich in humus (Catterall et al., 2001). The 1941 

soil pH varied between 4.4 and 5.5. The forest was subjected to prescribed burning since 1993 1942 

with different intervals for different sites (Butler et al., 2016; Catterall et al., 2001). 1943 

5.2.2 Site establishment, soil sample collection and chemical analyses  1944 

Two study sites were established randomly in different sectors of Toohey Forest, included Site 1945 

1 (27° 32' 39.42" S, 153° 03' 6.81" E) and Site 2 (27° 32' 45.33" S, 153° 03' 14.72" E). The two 1946 

study sites covered an area of 4000 m2. Each site had four randomly established circular plots 1947 

(radius of 12.62 m, area of 500 m2). Each plot was divided into four sampling areas (ca. 125 1948 

m2) for soil collection. The soils samples were collected separately from the depths of 0-5 and 1949 

5-10 cm of the sampling areas to increase the variability of data and make a wide-range data 1950 

set. The soil samples were collected from different locations within the sampling areas at each 1951 

sampling time. 1952 

A total of 120 soil samples were collected from the study sites. Soil samples from Site 1 (56 1953 

samples) were collected seasonally (every three months), within an 18-month period, starting 1954 

in November 2014. Soil samples from Site 2 (64 samples) were collected monthly in the first 1955 

six months and then seasonally (every three months) for the next six months, within a 12-month 1956 

period, starting in Jun 2015.  1957 

The collected soil samples were carried to the laboratory in separate plastic zipper bags and 1958 

were air-dried in the Griffith University Soil Laboratory. The air-dried soil samples were sieved 1959 

with a 2-mm sieve and ground into fine powder. Approximately 20 mg of ground soil samples 1960 

were transferred into tin capsules for TC, TN, δ13C and δ15N analyses using an isotope ratio 1961 

mass spectrometer (Hosseini Bai et al., 2014b). The values for δ13C and δ15N are defined in Eq. 1962 

5-1: 1963 
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δ (‰) =
𝑅𝑠𝑎𝑚𝑝𝑙𝑒 − 𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

𝑅𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
× 1000 Eq. 5-1 

where δ is the 13C or 15N isotopic composition, Rsample is the 13C/12C ratio of a sample for δ13C 1964 

or 15N/14N for δ15N, and Rstandard is the 13C/12C ratio of the international PeeDee Belemnite 1965 

standard for δ13C or atmospheric N2 for δ15N (Prasolova et al., 2000; Shearer and Kohl, 1986).  1966 

5.2.3 Hyperspectral imaging system and image acquisition 1967 

A visible-near infrared (VNIR) hyperspectral imaging system, located in Ecology Laboratory, 1968 

University of the Sunshine Coast, was used in this experiment to capture images from soil 1969 

samples. The system consisted of a 12-bit line scanner camera (Pika XC2, USA), operated in 1970 

the spectral range of 400 nm to 1000 nm, with a spectral resolution of 1.3 nm producing a total 1971 

462 spectral band; a lens with 23 mm of focal length; four current-controlled wide spectrum 1972 

quartz halogen lights; a linear moving stage operated by a stepper motor; and data acquisition 1973 

software (SpectrononPro 2.94, Resonon, USA). The system is illustrated in Fig. 5-1. 1974 

 1975 

Fig. 5-1. Hyperspectral imaging system used in the current experiment 1976 

Approximately 10 g of the ground soil samples were placed in plastic weigh-trays (2 cm × 2 1977 

cm) and positioned on the moving stage and moved into the camera’s field of view. The speed 1978 

of moving stage and the exposure time were set at 147 pps and 27.31 ms, respectively. Samples 1979 
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were shaken after capturing each image for homogenisation and imaging was repeated until 1980 

reproducible spectral signatures were obtained for consecutive images (Tahmasbian et al., 1981 

2017).  1982 

5.2.4 Spectral profile extraction and data calibration  1983 

Sample images were cropped from the background. Approximately 100,000 (317 × 317) pixels 1984 

were selected from the cropped images for data extraction. The average of the corrected 1985 

reflectance (R) of the selected pixels were extracted using the SpectrononPro software package 1986 

(version 2.94, Resonon, USA) (Supplementary material Fig. 5-S1). Image correction was 1987 

conducted by dark and white calibration during the image acquisition using the SpectrononPro 1988 

software. Dark calibration was applied by capturing an image in a dark room with the lens cap 1989 

on, prior to capturing the images from samples. White calibration was applied by capturing the 1990 

reflectance of a white Teflon sheet (Resonon, USA) with the reflectance of approximately 99%. 1991 

The R was then calculated from the uncorrected spectral reflectance (R0) using Eq. 5-2 (Ariana 1992 

et al., 2006): 1993 

R = (R0 − D)/(W − D) Eq. 5-2 

where D is dark current and W is the reflectance of white Teflon sheet. Fig. 5-2 illustrates the 1994 

whole procedure of hyperspectral image analysis. 1995 
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 1996 

Fig. 5-2. The procedure of hyperspectral image analysis and model development 1997 

5.2.5 Outliers detection and data transformation  1998 

Spectral outliers can influence the robustness of the developed models and therefore should be 1999 

detected and removed from the datasets (Kamruzzaman et al., 2016a; Morellos et al., 2016). 2000 

Principal-component-analyses (PCA) were performed to identify the spectral outliers using a 2001 

Hotelling’s T2 test within 99 % of confidence level in the current study (Jiang et al., 2016; Li 2002 

and Qu, 2016; Morellos et al., 2016).  2003 

In order to have an independent dataset to test the precision of final models, the full dataset 2004 

was then randomly divided into calibration sets (80 % of the data) and test sets (20 % of the 2005 

data) for each target variable (TC, TN, δ13C and δ15N) (Kohavi, 1995). The test dataset was 2006 

kept separately to examine the accuracy of models developed using calibration dataset. A t-test 2007 

was carried out to compare both sets, to confirm consistent coverage of the whole range of 2008 
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values for target variables (Barbin et al., 2012).  2009 

A wide range of transformation techniques were performed on the spectra obtained from 2010 

calibration samples, to remove the influence of undesired effects and improve the signal to 2011 

noise ratio (Rinnan et al., 2009). The transformation techniques included first derivative, 2012 

second derivative, orthogonal signal correction (OSC), multiplicative scatter correction (MSC), 2013 

reciprocal logarithm (RL) and standard normal variate (SNV) (Fearn, 2000; Gao et al., 2014; 2014 

Lin et al., 2016; Rinnan et al., 2009; Wei et al., 2017). Outlier detection and data transformation 2015 

were performed using the Unscrambler® X software package (version10.4, CAMO Software 2016 

Inc., Trondheim, Norway). 2017 

5.2.6 Initial model development and evaluation 2018 

Initial PLSR models were developed using raw and transformed calibration data to correlate 2019 

the values of TC, TN, δ13C and δ15N in soil samples with the corresponding hyperspectral 2020 

reflectance ranging from 400 nm to 1000 nm. 2021 

In general, PLSR models find a few orthogonal variables in the X matrix, which are estimations 2022 

of latent variables (LV). The LVs are then used to estimate the dependent variable Y. The 2023 

algorithm can be summarised in Eq. 5-3. 2024 

where β is the regression coefficient matrix obtained from X and Y-weight matrices and F is 2025 

the matrix of Y-residuals (Wold et al., 2001). 2026 

The optimal number of LVs were selected at the minimum predicted residual error sum of 2027 

squares (PRESS) obtained from the cross-validation sets (Abdi, 2010). PRESS was calculated 2028 

as shown in Eq. 5-4 (Abdi, 2010; Li et al., 2002). 2029 

Y = Xβ + F Eq. 5-3 
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𝑃𝑅𝐸𝑆𝑆 = ∑(Y𝑖 – Ŷ𝑖)
2

𝑛

𝑖=1

 Eq. 5-4 

where Yi and Ŷi are the reference and predicted values of each target variable in the i th sample, 2030 

respectively.  2031 

The cross-validation was a k-fold (k = 10) method (Kohavi, 1995); in general data are split into 2032 

k sets for a k-fold cross-validation. In this case, the models were developed iteratively using 2033 

k–1 sets, with one set left out for validation on each iteration. The process was repeated until 2034 

all the sets were left out of the models once (Afandi et al., 2016; Kohavi, 1995; Parsons et al., 2035 

2011). 2036 

The best-fitted models were selected by choosing the models with the highest coefficient of 2037 

determination in the calibration sets (R2
c) and cross-validation sets (R2

cv) and the lowest root 2038 

mean square error in the calibration sets (RMSEc) and cross-validation sets (RMSEcv). R
2 and 2039 

RMSE are defined in Eq. 5-5 and 5-6, respectively (Barrett, 1974; Bellon-Maurel et al., 2010). 2040 

The biases of the predictions in the calibration and cross-validation sets were also calculated 2041 

using Eq. 5-7. 2042 

𝑅2 = 1 −
∑ (Y𝑖 − Ŷ𝑖)

2n
𝑖=1

∑ (Y𝑖 − Ȳ)2n
𝑖=1

 

Eq. 5-5 

 

𝑅𝑀𝑆𝐸 = √∑ (Y𝑖 − Ŷ𝑖)
2𝑛

𝑖=1

N
 

Eq. 5-6 

 

𝐵𝑖𝑎𝑠 =  ∑
(Ŷ𝑖 − Y𝑖)

𝑁

𝑛

𝑖=1

 Eq. 5-7  

where Yi and Ŷi are the reference and predicted values of target variables in the i th sample, 2043 
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respectively. The Ȳi is the mean of reference values, while N is the number of samples.  2044 

5.2.7 Uninformative wavelengths elimination and final model development 2045 

The VNIR hyperspectral imaging sensor provides large sets of strongly collinear wavelengths, 2046 

and these may adversely affect the success of soil TC, TN, δ13C and δ15N quantification. 2047 

Although the PLSR latent variables partly compensate for these effects, due to the projection 2048 

of the spectral data into a low-dimensional space, further improvements in the accuracy of the 2049 

PLSR model, can be achieved by eliminating uninformative and/or noisy variables 2050 

(Kamruzzaman et al., 2012; Vohland et al., 2016; Wold et al., 2001).  2051 

In the current study, the wavelengths having low β coefficient (uninformative wavelengths) 2052 

were removed from the initial models and the final PLSR models were redeveloped using the 2053 

remaining (informative) wavelengths (Chong and Jun, 2005). The removed/neglected 2054 

wavelengths were returned to the model in the case where R2
cv of the final model was less than 2055 

the R2
cv of the initial model (Tahmasbian et al., 2017). The process was repeated until the 2056 

highest R2
cv was achieved.  2057 

5.2.8 Identification of the most important/principal wavelengths in the final models 2058 

After the final models were developed using informative wavelengths, the most 2059 

important/principal wavelengths in the final models were selected, using both the β coefficient 2060 

and variable importance in projection (VIP) as defined in Eq. 5-8. This was done in an effort 2061 

to simplify/highlight the important features of the overall results obtained after modelling 2062 

(Chong and Jun, 2005). 2063 
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 2064 

𝑉𝐼𝑃𝑗 = √
∑ 𝑤𝑗𝑓 

2 . 𝑆𝑆𝑌𝑓 . 𝐽𝐹
𝑓=1 

𝑆𝑆𝑌𝑡 . 𝐹
 Eq. 5-8  

where, VIPj was the importance of j th wavelength in the model with F number of components, 2065 

Wjf was the loading weight of the corresponding wavelength in the f th component, SSYf was the 2066 

explained sum of squares of the target variable in the f th component, SSYt was the total sum of 2067 

squares of the target variable and J was to total number of wavelengths.  2068 

The wavelengths with a β coefficient greater than their standard deviation, and the 2069 

corresponding VIP values greater than 1, were identified as principal wavelengths and selected 2070 

for further discussion (Li et al., 2006). 2071 

5.2.9 Evaluating model performance using external test sets 2072 

The developed models were then tested using the external test set. The accuracies of the models 2073 

were evaluated by the R2 and RMSE of the test set (R2
t and RMSEt). The ratio of performance 2074 

to deviation (RPD) was also used to assess the prediction ability of the developed models. The 2075 

RPD  is defined in Eq. 5-9 (Morellos et al., 2016). 2076 

 2077 

RPD = SDt/ RMSEt Eq. 5-9 

where SDt is the standard deviation of the predicted values in the test set. 2078 

The PLSR models were developed using the Unscrambler® X software package (version10.4, 2079 

CAMO Software Inc., Trondheim, Norway). The RPD was calculated using Microsoft Excel 2080 

365 ProPlus.  2081 
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5.3 Results  2082 

5.3.1 Descriptive analysis  2083 

No outlier was identified in the spectral dataset as analysed using Hotelling’s T2 test (Fig. 5-2084 

3). The dataset was randomly divided into calibration and test sets using 96 samples (80 % of 2085 

the data) and 24 samples (20 % of the data), respectively.  2086 

 2087 

Fig. 5-3. Hotelling’s T2 test conducted for identification of outliers in the spectra. The circle 2088 

shows the 99 % of confidence level. The points out of the circle were considered as outliers. 2089 

There were no significant differences between the calibration and test sets using t-test (p < 2090 

0.05). The values of TC varied between 2.33 % and 14.27 % with the average of 5.97 % and a 2091 

slight positive skewness of 0.95 (Table 5-1). TN ranged from 0.07 % to 0.47 % with the average 2092 

of 0.19 % and a slight positive skewness of 0.98. The minimum, maximum and average of δ13C 2093 

in soil samples were – 29.10 ‰, – 25.29 ‰ and – 26.62 ‰, respectively, with a skewness of – 2094 

0.48. The values of δ15N varied between – 2.76 ‰ and 1.49 ‰, with the average of – 0.25 ‰ 2095 

and skewness of – 0.45 (Table 5-1).  There were significant (p < 0.05) correlations between TC 2096 
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and TN (r = 0.97), TC and δ13C (r = – 0.50) and δ13C and δ15N (r = 0.65). No significant 2097 

correlations were found between TN and δ15N (r = 0.02) and TC and δ15N (r = – 0.09).    2098 

Table 5-1. Descriptive analysis of the reference values and the characteristics of the initial 

PLSR model developed for total carbon (TC), total nitrogen (TN), carbon isotopic 

composition (δ13C) and nitrogen isotopic composition (δ15N) 

  TC (%) TN (%) δ13C (‰) δ15N (‰) 

D
es

cr
ip

ti
v

e 

an
al

y
si

s 

Min 2.33 0.07 – 29.10 – 2.76 

Max 14.27 0.47 – 25.29 1.49 

Average 5.97 0.19 – 26.62 – 0.25 

Std 2.53 0.08 0.65 0.94 

CV 0.42 0.44 – 0.02 – 3.83 

Skewness 0.95 0.98 – 0.48 – 0.45 

In
it

ia
l 

m
o

d
el

 

ch
ar

ac
te

ri
st

ic
s 

TF SDr SNV + 

OSC 

— SNV + DT + OSC 

TF details  Polynomial order:2, Left 

points:12, Right points:12 

— — DT polynomial 

order:2 

WL No.  462 462 462 462 

LV 7 2 12 3 

R2
c 0.82 0.86 0.82 0.88 

R2
cv 0.67 0.79 0.68 0.81 

RMSEc 1.08 0.02 0.27 0.31 

RMSEcv 1.49 0.03 0.37 0.37 

Std: standard deviation; CV: Coefficient of variations; TF: transformation method; SDr: 

Second derivative; SNV: Standard normal variate; OSC: Orthogonal signal correction; and 

DT: Detrending; WL: wavelength; LV: latent variable; R2
c and: coefficient of determination 

of calibration set; R2
cv: coefficient of determination of cross-validation set; RMSEc: root 

mean squared error of calibration set; RMSEcv: root mean squared error of cross-validation 

set. 

5.3.2 Attributes of the models developed using calibration datasets 2099 

5.3.2.1 Transformation technique selection and initial model development 2100 

Different transformation techniques were investigated to increase the signal to noise ratio in 2101 

the spectral data. The initial models were developed using differently transformed data as well 2102 

as raw data. The transformations leading to highest R2
c and R2

cv and lowest RMSEc and 2103 

RMSEcv were selected as the best transformation techniques. 2104 

The best initial models, with the highest R2
c and R2

cv were developed using second derivative, 2105 

SNV-OSC and SNV-DT-OSC transformation techniques for TC, TN and δ15N, respectively 2106 
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(Table 5-1, Supplementary material Fig. 5-S2b-d). However, the best initial model for δ13C 2107 

was developed using the raw spectral data (Table 5-1, Supplementary material Fig. 5-S2a). 2108 

5.3.2.2 Uninformative wavelengths elimination and final model redevelopment 2109 

Removing the uninformative wavelengths from the models reduced the number of wavelengths 2110 

used in the final models without reducing the accuracies. 2111 

Uninformative wavelengths (low β coefficient) were eliminated from the transformed spectra 2112 

and the final models were then developed using the total number of 438, 377, 378 and 44 2113 

informative wavelengths remained in the models for TC, TN and δ13C δ15N, respectively 2114 

(Supplementary material Fig. 5-S3a-d).The transformations used for developing the final 2115 

models were not changed from the initial models. The final models, developed using only 2116 

informative wavelengths, were also fitted well to the values of TC, TN, δ13C and δ15N in the 2117 

corresponding soil samples with the R2
c of 0.82, 0.87, 0.82 and 0.90; R2

cv of 0.71, 0.81, 0.70 2118 

and 0.85; RMSEc of 1.08 %, 0.02 %, 0.27 ‰ and 0.29 ‰ and RMSEcv of 1.21 %, 0.03 %, 0.35 2119 

‰ and 0.36 ‰ respectively. The bias values of all the developed models were insignificant 2120 

(absolute bias < 0.001) for both calibration and cross-validation sets (Fig. 5-4a-d). 2121 

The results showed that the accuracies of the final models with only informative wavelengths 2122 

were slightly improved for all TC, TN and δ13C δ15N variables, comparing to the initial models 2123 

with the full number of wavelengths (Table 5-1 vs. Fig. 5-4a-d).  2124 

The number of LVs selected for TC, TN, δ13C and δ15N were 7, 2, 12 and 3, respectively. These 2125 

were not changed from initial to final models and hence there were no changes in the 2126 

dimensionality of the initial and final models.2127 
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Fig. 5-4. Reference vs. predicted values of soil (a) total carbon (TC), (b) total nitrogen (TN), (c) carbon isotopic composition δ13C and (d) 2128 

nitrogen isotopic composition (δ15N) in the calibration sets. The dotted lines are regression lines for calibration sets. 2129 
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5.3.2.3 Identification of most important/principal wavelengths in the final models 2130 

In our study, TC, TN, δ13C and δ15N had 21, 29, 10 and 6 most important/principal 2131 

wavelengths respectively (Table 5-2; Fig. 5-S3a-d). The principal wavelengths were 2132 

selected from informative wavelengths when the wavelengths had β coefficient larger 2133 

than their corresponding standard deviation and indicated VIP larger than 1 (Jiang et al., 2134 

2017).  2135 

Table 5-2. The most important/principal wavelengths selected based on variable 

importance in projection (VIP) and β coefficient for predicting TC, TN, δ13C and δ15N. 

The threshold for VIP was set to 1, and the threshold for β coefficient was their standard 

deviation. 

 Principal wavelengths (nm) 

TC 
407.21 , 743.86 , 745.2 , 761.32 , 762.66 , 764.01 , 792.26 , 939.84 , 941.2 , 942.57 , 957.55 , 

971.18 , 972.55 , 973.91 , 975.28 , 976.64 , 979.37 , 980.74 , 984.83 , 987.56, 988.93  

TN 
401.97 , 403.28 , 407.21 , 874.66 , 909.93 , 912.65 , 914.01 , 945.29 , 948.01 , 950.74 , 956.19 

, 957.55 , 963 , 964.37 , 967.09 , 968.46 , 971.18 , 972.55 , 973.91 , 976.64 , 979.37 , 980.74 , 

982.1 , 984.83 , 987.56 , 994.39 , 995.76 , 997.13, 999.86  

δ13C 400.67 , 405.9 , 407.21 , 778.8 , 961.64 , 973.91 , 976.64 , 978.01 , 984.83, 994.39  

δ15N 953.46 , 967.09 , 973.91 , 975.28 , 986.2, 998.49  

5.3.3 Evaluating model performance using external test sets 2136 

The developed models successfully predicted all TC, TN, δ13C and δ15N from the 2137 

corresponding test datasets (Fig. 5-5a-d). The results showed an “excellent” prediction of 2138 

TC using the PLSR model with the R2
t of 0.76, RMSEt of 1.27 %, RPD of 2.02 and biast 2139 

of – 0.15 % (Fig. 5-5a). A regression model is considered “excellent” when the RPD 2140 

calculated for prediction is above 2 (Bellon-Maurel et al., 2010). The values of TN in the 2141 

test set were also predicted “excellently” using the developed PLSR with the R2
t of 0.86, 2142 

RMSEt of 0.04 %, RPD of 2.08 and biast of – 0.006 % (Fig. 5-5b). An “excellent” 2143 

prediction of δ13C in the test dataset was also achieved with the R2
t of 0.80, RMSEt of 2144 

0.33 ‰, RPD of 2.00 and biast of – 0.12 ‰ (Fig. 5-5c). The prediction of δ15N in the test 2145 

set showed the R2
t of 0.81, RMSEt of 0.50 ‰, RPD of 1.94 and biast of – 0.24 ‰. The 2146 
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RPD calculated for δ15N was between 1.4 and 2, which is considered as “good” (Fig. 5-2147 

5d) (Bellon-Maurel et al., 2010).  2148 
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Fig. 5-5. Reference vs. predicted values of soil (a) total carbon (TC), (b) total nitrogen (TN), (c) carbon isotopic composition δ13C and (d) 2149 

nitrogen isotopic composition (δ15N) in the test sets. The dotted lines are regression lines for test sets.2150 
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5.4 Discussion  2151 

The final PLSR models, developed using the selected informative wavelengths, provided 2152 

acceptable correlations for soil TC, TN, δ13C and δ15N with their corresponding values 2153 

obtained from isotope ratio mass spectrometry analysis in the calibration and test datasets. 2154 

5.4.1 Attributes of the models developed using calibration datasets 2155 

Developing the models using the selected informative wavelength slightly increased the 2156 

accuracies of the final models, developed to predict TC, TN, δ13C and δ15N, compared to 2157 

those of the initial models, which was consistent with our hypothesis. Such results are 2158 

also consistent with those described in the literature, which indicated an increase in the 2159 

accuracy of models after elimination of uninformative wavelengths in PLSR modelling 2160 

(Kamruzzaman et al., 2012; Wold et al., 1996). This might be due to removing the inter-2161 

correlation from the wavelengths and facilitating the computation (Kamruzzaman et al., 2162 

2012; Wold et al., 1996). Therefore, it might be concluded that eliminating the 2163 

uninformative wavelengths reduces the model’s size without reducing the accuracy of the 2164 

models. 2165 

The most important/principal wavelengths selected for predicting TC were mostly 2166 

observed to be in the spectral regions of 740–800 nm and 930–1000 nm. The importance 2167 

of reflectance in the spectral region of 700-1000 nm for predicting soil C content using 2168 

airborne hyperspectral imaging and reflectance spectroscopy techniques has also been 2169 

reported (Cozzolino and Morón, 2006; Gmur et al., 2012; Ingleby and Crowe, 2000; 2170 

Mouazen et al., 2007; Yang and Li, 2013). The reflectance in the region between 700 mm 2171 

and 800 nm has been suggested to be associated with humic compounds, pigments 2172 

derived from chlorophyll and phenolic compounds during decomposition of organic 2173 

matter and plant residues in soil (Dalal and Henry, 1986; Daughtry, 2001; Fidêncio et al., 2174 
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2002). 2175 

The principal wavelengths for predicting soil TN were mainly observed in the 900–1000 2176 

nm region with a few principal wavelengths in 400–410 nm. Various wavelengths have 2177 

been reported as principal wavelengths for predicting TN, which in some cases are in the 2178 

same regions as those of this study. For example, the wavelengths centred near 403, 470, 2179 

687, and 846 nm have been found to be principal for predicting TN in soil (Gmur et al., 2180 

2012). The reflectance in 538 nm, 617, 760, 905, 1094, 1239, 1442, 1477 and 1500 have 2181 

been also reported as the principal wavelengths for predicting TN and nitrate-N in soil 2182 

samples (Gopal et al., 2015; Wei et al., 2017). The inconsistency in the principal 2183 

wavelengths reported for predicting TN in different studies might be associated with 2184 

indirect estimation of soil N in different compounds (Blackmer et al., 1994; Li et al., 2185 

2014).  2186 

There is no specific report on N reflectance in soil samples measured using laboratory-2187 

based hyperspectral imaging systems. In plant tissues, however, the reflectance of N in 2188 

the visible (VIS) region (400-700 nm) has been mainly attributed to the reflectance of 2189 

chlorophyll (Curran, 1989; Ferwerda et al., 2005). Since we used a forest soil in this study, 2190 

the presence of plant residues containing chlorophyll in the soil samples was not unlikely. 2191 

Therefore, the principal wavelengths in VIS region might be associated with the presence 2192 

of chlorophyll in the soil samples. Reflectance in NIR region has been attributed to the 2193 

weak overtones and combination of fundamental vibrations caused by stretching and 2194 

bending of N–H, O–H and C–H groups, which may reflects the presence of protein–N, 2195 

starch or cellulose in the analysed soil samples (Curran, 1989; Ferwerda et al., 2005; 2196 

Wetzel, 1983). In addition, using VNIR spectroscopy, overlaps were observed between 2197 

the principal wavelengths for predicting TC and TN. Overlaps between these principal 2198 
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wavelengths have been attributed to the inherent links between C and N (Jiang et al., 2199 

2017). We also observed high correlation (r = 0.97) between TC and TN in the soil 2200 

samples used in this study and this may further explain the overlaps observed in our study 2201 

for the principal wavelength of soil TC and TN.  2202 

Most of the principal wavelengths for predicting δ13C were located in the 400–410 nm 2203 

and 960–1000 nm regions, while those of δ15N were only located in the 950–1000 nm 2204 

region. Although there is limited information on estimating and predicting δ13C and δ15N 2205 

in soil samples, the possibility of estimating δ13C and δ15N in canopy and leaf litterfall 2206 

samples have been examined using airborne and laboratory-based hyperspectral imaging, 2207 

as well as reflectance spectroscopy (Elmore and Craine, 2011; Lorentz, 2013; 2208 

Tahmasbian et al., 2017; Wang et al., 2007). For example, in our complementary study, 2209 

we successfully predicted δ15N in leaf litterfall samples using a laboratory-based 2210 

hyperspectral imaging system with a lower camera resolution than the present study (10 2211 

nm vs. 1.3 nm) but with sampling over a wider range of wavelengths (400 nm to 1700 2212 

nm). However, we were unable to predict δ13C in that study because of (a) the small 2213 

variation in δ13C in the samples studied and (b) the lower camera resolution (Tahmasbian 2214 

et al., 2017). The suggested principal wavelengths for predicting δ15N in leaf litterfall 2215 

samples are 590, 610, 650, 900 and 1270 nm (Tahmasbian et al., 2017). The δ15N has also 2216 

been predicted successfully in fresh leaves, as well as dried and ground leaves, using NIR 2217 

reflectance spectroscopy in the spectral range of 350–2500 nm, with the highest 2218 

correlation between reflectance spectra and δ15N located in 400-600 nm and 1500-2000 2219 

nm regions (Elmore and Craine, 2011).  2220 

Hobbie and co-workers and West and co-workers have all suggested that it is the 2221 

correlation between TN and δ15N that enables the quantification of δ15N using reflectance 2222 
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data (Hobbie et al., 2000; West et al., 2009). However, in our case, we found no 2223 

significant correlation between TN and δ15N (r = 0.02). The soils studied in this 2224 

experiment were course-grained shallow acidic soils, located in a subtropical region with 2225 

hot summers and heavy showers in wet seasons. These conditions might have influenced 2226 

N cycling through increasing leaching or volatilization which alter the soil δ15N and may 2227 

explain the lack of relationship between TN and δ15N. Other studies have also reported 2228 

that tropical forests have more open N cycles with greater losses via fractionation 2229 

pathways than temperate forests, resulting in significant variations in soil δ15N (Martinelli 2230 

et al., 1999; Piccolo et al., 1996). We are unsure of why we were able to predict both TN 2231 

and δ15N independently, however, other authors have mentioned that successful 2232 

quantification of δ15N may be affected by absorption features related to the wave motion 2233 

of molecular bonds involving N, and this might be altered in samples with considerable 2234 

values of 15N (Elmore and Craine, 2011; Lorentz, 2013). A significant correlation (r = – 2235 

0.50) between TC and δ13C in our soil samples was also observed. Therefore, we think 2236 

that the successful prediction of soil δ13C using hyperspectral imaging technique in the 2237 

current study might be related to the well-established relationship between reflectance 2238 

data and C content in soil (Gmur et al., 2012; Yang and Li, 2013).  2239 

The number of principal wavelengths used for predicting δ13C and δ15N were 2240 

considerably lower than those of TC and TN. This is because quantification of TC and 2241 

TN by hyperspectral imaging is conducted using the reflectance of all compounds 2242 

containing C and N. However, 13C and 15N may be enriched in only some types of 2243 

compounds because the variations of 13C and 15N, and therefore δ13C and δ15N, are 2244 

influenced by different processing in soil, such as transformation, fractionation and 2245 

leaching (Bai et al., 2017; Högberg, 1997; Hosseini Bai et al., 2017; Hosseini Bai et al., 2246 

2015a). Hence, 13C and 15N are abundant within fewer compounds, and therefore fewer 2247 
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principal wavelengths are used for estimating and predicting δ13C and δ15N. 2248 

5.4.2 Evaluating model performance using external test sets 2249 

The models developed using the selected informative wavelengths provided high 2250 

accuracy predictions of soil TC, TN, δ13C and δ15N in the test datasets. We were only able 2251 

to reasonably compare the accuracies of prediction obtained from studies which used 2252 

airborne hyperspectral imaging and reflectance spectroscopy (Gopal et al., 2015; Jiang et 2253 

al., 2017; Sorenson et al., 2017) to our results because of the limited available literature 2254 

on predicting TC, TN, δ13C and δ15N in soil samples using laboratory-based hyperspectral 2255 

image analysis. The accuracies of the models, developed for predicting TC, TN, δ13C and 2256 

δ15N, in the current study were in the range of other studies which have used airborne 2257 

hyperspectral imaging and reflectance spectroscopy techniques for estimating and 2258 

predicting TC and TN in soil samples (Gmur et al., 2012; Gopal et al., 2015; Jiang et al., 2259 

2017; Sorenson et al., 2017; Zhang et al., 2016). Overall, laboratory-based hyperspectral 2260 

imaging technique could successfully predict TC, TN, δ13C and δ15N in soil samples.  2261 

In our future studies, the developed models need to be validated and improved using a 2262 

wider range of soils. The mechanisms of the prediction of δ15N need to be understood 2263 

possibly by finding the correlations between δ15N and soil chromophore properties. 2264 

Further optimisation and programming are needed for using the method in real-time. 2265 

Additionally, the potential of outdoor proximate hyperspectral imaging needs to be 2266 

investigated. 2267 

5.5 Conclusions 2268 

The potential of a VNIR (400-1000 nm) laboratory-based hyperspectral imaging sensor 2269 

for the predicting of TC, TN, δ13C and δ15N in the soil samples was examined. PLSR 2270 
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models were developed using the spectra obtained from 96 soil samples. The developed 2271 

PLSR models were successfully predicted TC, TN, δ13C and δ15N in the 24 external test 2272 

samples. The results indicated that removing the uninformative wavelengths from the 2273 

models slightly increased the prediction accuracies, possibly due to removing the 2274 

collinearity existed between wavelengths. We think that the correlation observed between 2275 

soil TC and δ13C was the possible mechanism through which the prediction of soil δ13C 2276 

was possible. Despite the high-accuracy prediction of δ15N, no correlation was found 2277 

among δ15N, TC and TN. Overall, laboratory-based hyperspectral image analysis can be 2278 

used to predict soil TC, TN, δ13C and δ15N.  2279 
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5.6 Supplementary materials  2286 

 2287 

Fig. 5-S1. Selecting the area of interest for extracting the average spectral reflectance of the 2288 

ground soil samples using the SpectrononPro software package.2289 
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 2290 

  

  

Fig. 5-S2. The raw spectra (a), spectra transformed using the combination of SNV-Detrend-OSC (b), spectra transformed using the combination of SNV-

OSC (c), and derivative transformed spectra (d). SNV is standard normal variate, and OSC is orthogonal signal correction. 
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Abstract 2315 

This study examined the potential of using hyperspectral image analysis to predict carbon 2316 

(C) functional group distributions in decomposing forest litterfall samples. Hyperspectral 2317 

images were captured from ground decomposing litterfall samples in the visible to near 2318 

infrared (VNIR) spectral range of 400-1000 nm. Partial least-square regression (PLSR) 2319 

and artificial neural network (ANN) models were used to correlate the VNIR reflectance 2320 

data for the litterfall samples with the C functional group distributions determined using 2321 

13C-NMR spectroscopy. The results showed that alkyl-C, O,N-alkyl-C, di-O-alkyl-C1, di-2322 

O-alkyl-C2, aryl-C1, aryl-C2 and carboxyl derivatives could be acceptably predicted using 2323 

the PLSR model, with R2 values of 0.72, 0.73, 0.71, 0.74, 0.76, 0.75 and 0.63 and ratio 2324 

of prediction to deviation (RPD) values of 1.86, 1.82, 1.78, 1.71, 1.90, 1.76 and 1.43, 2325 

respectively. Predicted O,N-alkyl-C, di-O-alkyl-C1, di-O-alkyl-C2, aryl-C1 and aryl-C2 2326 

using the ANN model provided R2 values of 0.62, 0.68, 0.69, 0.82 and 0.67 and the RPDs 2327 

of 1.54, 1.76, 1.52, 2.10 and 1.72, respectively. With the exception of aryl-C1, the PLSR 2328 

model was more reliable than the ANN model for predicting C functional group 2329 

distributions given limited amount of training data. Neither the PLSR nor the ANN model 2330 

could predict the carbohydrate-C and O-aryl-C acceptably. Overall, hyperspectral 2331 

imaging in combination with the PLSR modelling can be recommended for the analysis 2332 

of C functional group distribution in the decomposing forest litterfall samples.  2333 

Keywords: Chemometrics, Decomposition, Toohey Forest, ANN, PLSR, NMR 2334 
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6.1 Introduction 2335 

Litterfall decomposition is an ecological process affecting carbon (C) and nutrient cycling 2336 

in forest ecosystems (Swift et al., 1979; Trumbore and Czimczik, 2008; Wang et al., 2337 

2015). Litterfall decomposition improves soil quality through the addition of organic 2338 

matter enhancing soil physicochemical properties such as soil water holding capacity and 2339 

filtration, soil biodiversity and soil microorganism activity (Bossa et al., 2005; Ngoran et 2340 

al., 2006; Wang et al., 2015). Litterfall decomposition rate is considered to be influenced 2341 

by different factors such as litterfall quality, which can be investigated through analysing 2342 

litterfall C functional groups (Bejarano et al., 2014; Bonanomi et al., 2013; Finn et al., 2343 

2015; Knorr et al., 2005; Xiao et al., 2013). Significant correlations have been reported 2344 

among litterfall C functional groups including alkyl-C, N-alkyl-C, O-alkyl-C, di-O-alkyl-2345 

C and litterfall decomposition rate (Bonanomi et al., 2013). Studying the C functional 2346 

groups in decomposing litterfall is therefore relevant to studies addressing C and nutrient 2347 

cycling in forest ecosystems. 2348 

Solid-state 13C nuclear magnetic resonance (13C-NMR) spectroscopy has been used 2349 

successfully to examine the C cycling and to study the effects of litterfall quality on 2350 

decomposition processes (Almendros et al., 2000; Baldock et al., 2004; Bell‐Dereske et 2351 

al., 2016; Incerti et al., 2017; Mathers et al., 2007). However, 13C-NMR spectroscopy is 2352 

an expensive and time-consuming technique for studying large numbers of samples. 2353 

Therefore, it is important to develop complementary, rapid, inexpensive and reliable 2354 

technologies for the study of decomposing litterfall quality. 2355 

Hyperspectral imaging, which utilises the advantages of both conventional imaging and 2356 

spectroscopy in a single instrument, has emerged as one of the most promising methods 2357 

for rapid, facile and non-destructive evaluation of diverse materials (Elmasry et al., 2012; 2358 
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Manley, 2014). Hyperspectral imaging systems use a wide range of electromagnetic 2359 

spectra, from ultraviolet to infrared, to acquire information on both the spatial and the 2360 

spectral distribution of the materials (Elmasry et al., 2012; Koehler et al., 2002; Manley, 2361 

2014). Hyperspectral reflectance values are correlated with reference values using 2362 

multivariate analyses, such as linear and non-linear regression models (Kamruzzaman et 2363 

al., 2015; Manley, 2014; Tahmasbian et al., 2017). Dimensionality reduction, such as 2364 

principal component analyses (PCA), and feature selection (band selection) techniques, 2365 

such as stepwise feature selection and particle swarm optimisation (PSO), are usually 2366 

employed prior to multivariate analyses. This is due to the high dimensionality of the 2367 

hyperspectral data, with many non-informative bands (Cen et al., 2016; Fenzández et al., 2368 

2016; Naganathan et al., 2016; Qi et al., 2017; Yang et al., 2007).  2369 

After selecting the most important bands by using an appropriate band selection 2370 

technique, the raw data can then be subjected to multivariate analyses directly. However, 2371 

transformation of spectral data is often required to reduce the impact of artefacts, such as 2372 

light scattering, random noise, and baseline shift effects (Kamruzzaman et al., 2015; 2373 

Manley, 2014; Tahmasbian et al., 2017). The most common data transformation methods 2374 

include first and second derivatives, normalization and scaling, multiplicative scatter 2375 

correction (MSC), standard normal variate (SNV) and orthogonal signal correction (OSC) 2376 

(Fearn, 2000; Kamruzzaman et al., 2016; Rinnan et al., 2009; Siripatrawan et al., 2011; 2377 

Tahmasbian et al., 2017).  The transformed data are then used to develop the multivariate 2378 

model. This step employs appropriate chemometric algorithms, such as partial least 2379 

squares regression (PLSR) and artificial neural network (ANN), as linear and non-linear 2380 

calibration methods, respectively (Balabin et al., 2011; Guo et al., 2016; Kuang et al., 2381 

2015a).  2382 

The PLSR model has been used, as linear regression algorithms, in chemometrics for a 2383 
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variety of subjects (Antonucci et al., 2010; Higashikawa et al., 2014; Kamruzzaman et 2384 

al., 2016; Tahmasbian et al., 2017; Zhu et al., 2016). Unlike multiple linear regression, 2385 

PLSR can analyse data which are strongly correlated with multiple variables 2386 

(Höskuldsson, 1988; Wold et al., 1984; Wold et al., 2001). The PLSR model performs 2387 

well with noisy and small datasets and chooses the response variable by generating 2388 

independent latent variables (LV) from the strongest prediction of cross-validation 2389 

(Höskuldsson, 1988; Pirouz, 2006; Wold et al., 1984; Wold et al., 2001). The ANN 2390 

model, inspired by the animal brain, is a powerful machine learning algorithm and 2391 

intelligent prediction tool used in chemometrics (Balabin et al., 2011; Guo et al., 2016; 2392 

Larose and Larose, 2014). The ANN model can work well when using noisy and 2393 

uninformative datasets, as it assigns weights to each artificial neurone connection (Larose 2394 

and Larose, 2014).  2395 

Hyperspectral imaging technology has been used to study a diverse range of systems, 2396 

including medical and pharmaceutical systems, forest ecosystems and food and 2397 

agricultural products (Kamruzzaman et al., 2016; Lin et al., 2015; Song et al., 2012; Sytar 2398 

et al., 2017; Tahmasbian et al., 2017). To the best of our knowledge, however, this is the 2399 

first paper studying the possibility of using hyperspectral image analysis and multivariate 2400 

regression models to predict C functional group distribution in decomposing litterfall 2401 

samples. 2402 

6.2 Methods and materials  2403 

6.2.1 Study site description  2404 

The decomposing litterfall samples used in the current experiment were taken from a 2405 

litterfall decomposition experiment conducted in Toohey Forest, a suburban native forest 2406 

located in south-eastern Queensland, Australia (27°30′S, 153°E). Toohey Forest covers 2407 
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an area of about 681 ha. The forest contains 460 species of vascular plants dominated by 2408 

different species of eucalypt (Butler et al., 2016; Catterall and Wallace, 1987; Catterall et 2409 

al., 2001; Farmer et al., 2004). The climate of the region is subtropical, with average 2410 

minimum temperature (1939-2016) of 14.4 °C, average maximum temperature (1939-2411 

2016) of 26.3 °C and mean annual precipitation (1969-2016) of 1163.5 mm. Prescribed 2412 

burning has been applied in Toohey Forest since 1993 with different intervals for different 2413 

sites (Butler et al., 2016; Catterall et al., 2001; Tahmasbian et al., 2017).  2414 

6.2.2 Experimental design, sample collection and preparation 2415 

A total of 118 decomposing litterfall samples were collected from three different study 2416 

sites covering 6000 m2, within a 15-month period starting in August 2012. Litterfall 2417 

samples from Site 1 (27° 32' 26.79'' S, 153° 02' 39.81'' E) were collected monthly in the 2418 

first six-months and then seasonally (every three months) for the next nine months. 2419 

Litterfall samples were collected seasonally from Site 2 (27° 32'47.33"S, 153° 3'8.55"E) 2420 

and Site 3 (27° 32' 28.61'' S, 153° 02' 50.60'' E). Sites 1, 2 and 3, were subjected to 2421 

prescribed burning in 2011, 2008, and 2006, respectively.  2422 

The microplot experimental method, employing complete randomised block design, was 2423 

used for the litterfall decomposition experiment (Blumfield et al., 2004; Xu et al., 1993b; 2424 

Xu et al., 1993a). The litterfall samples were carefully removed by hand from the 2425 

microplots and stored in paper bags prior to C functional group analysis using solid state 2426 

13C NMR spectroscopy. The ground samples were then stored in sterile polyethylene vial 2427 

tubes at room temperature for subsequent analyses using hyperspectral imaging.  2428 

6.2.3 13C NMR spectroscopy 2429 

Solid-state 13C CPMAS NMR spectroscopy was used to characterise the changes in the 2430 

C functional group distributions in leaf litterfall samples during the decomposition 2431 
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process. Ground litterfall samples were packed in a 7 mm diameter silicon nitride rotor 2432 

and spun at 5 kHz at the magic angle. The cross-polarization sequence tancpx, contained 2433 

within the VnmrJ 3.1A software package, was used with the contact time of 1.2 ms, the 2434 

20 ms of acquisition time and 2.5 s of recycle delay. A total 2000 transients were collected 2435 

for litterfall samples with a sweep width of 36 kHz. The peak area of 9 chemical shift 2436 

regions (C functional groups) was measured using the MestreNova software (Table 6-1).  2437 

Table 6-1. Descriptive analyses of the carbon (C) functional groups measured in 

decomposing litterfall samples 

Chemical 

shifts 

(ppm) 

0–45 45–55 55–90 90–110 110–

120 

120–

135 

135–

145 

145–

155 

155–185 

Functional 

groups 

Alk ONAlk Carb diOAlk1 diOAlk2 Aryl1 Aryl2 OAryl Carbox 

Mean 32.45 4.83 25.57 11.34 2.72 6.10 5.14 3.93 6.31 

SD 4.51 0.63 2.66 1.46 0.46 1.41 0.91 0.70 1.21 

Max 43.83 6.34 32.59 14.75 3.90 9.39 7.23 6.55 10.22 

Min 18.27 2.53 17.86 8.58 1.37 3.37 2.78 2.26 2.99 

Range 25.56 3.81 14.73 6.17 2.53 6.02 4.45 4.29 7.23 

CV 0.14 0.13 0.10 0.13 0.17 0.23 0.18 0.18 0.19 

Alk (Alkyl-C); ONAlk (O,N-alkyl-C); Carb (Carbohydrate-C); diOAlk1(di-O-alkyl-

C1); diOAlk2 (di-O-alkyl-C2); Aryl1 (Aryl-C1); Aryl2 (Aryl-C2); OAryl (O-aryl-C); 

Carbox (Carboxyl derivatives); SD  (standard deviation) and CV (coefficient of 

variations). 

To facilitate compensation for spinning side bands intensity, integrals were calculated 2438 

using narrow spectral intervals when required. The NMR analyses were conducted using 2439 

a 300 MHz Varian VNMRS spectrometer (Varian Inc., CA) operated at a frequency of 2440 

75.4 MHz. 2441 
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6.2.4 Hyperspectral imaging system and image acquisition  2442 

A laboratory-based visible-near infrared (VNIR) hyperspectral imaging system, located 2443 

in the Plant Ecology Laboratory at University of the Sunshine Coast and operated in the 2444 

spectral range of 400-1000 nm, was used in this experiment.  The system consisted of a 2445 

12-bit line scanner camera (Pika XC2, USA) with a spectral resolution of 1.3 nm 2446 

(producing a total of 462 spectral bands); a 23 mm of focal length lens; a linear translation 2447 

stage operated by a stepper motor; four current-controlled wide spectrum quartz halogen 2448 

lights and data acquisition software (SpectrononPro 2.94, Resonon, USA). The system is 2449 

illustrated in Fig. 6-1.  2450 

 2451 

Fig. 6-1. The visible to near infrared (VNIR) hyperspectral imaging system. 2452 

Approximately 7 g of the ground decomposing litterfall samples were put in plastic 2453 

weigh-trays and placed on the translation stage, then moved into the camera’s field of 2454 

view. The speed of translation stage and the exposure time were set at 1.23 mm sec-1 and 2455 

the 27.31 ms, respectively. After capturing each image, the samples were homogenised, 2456 

by manual shaking. Sample homogenization and image capture were repeated until 2457 

reproducible spectral signatures were obtained for consecutive images (Tahmasbian et 2458 

al., 2017).  2459 
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6.2.5 Spectral profile extraction and data calibration 2460 

Images (2 × 2 cm) were cropped from the background and the corrected average 2461 

reflectance (R) of the samples extracted using the SpectrononPro software package 2462 

(version 2.94, Resonon, USA). Image correction was conducted by removing the average 2463 

dark current noise (dark calibration) and the response correction (white calibration) by 2464 

the SpectrononPro software during the image acquisition. Dark correction was applied, 2465 

by capturing the image with the lights off and the lens cap on, prior to capturing images 2466 

from samples. White correction was also applied by capturing the reflectance of a white 2467 

Teflon sheet (Resonon, USA) providing approximately 99 % of reflectance. The R was 2468 

then calculated from the uncorrected spectral reflectance (R0) using Eq. 6-1 (Ariana et al., 2469 

2006; Tahmasbian et al., 2017): 2470 

R =
R0−D

W−D
 Eq. 6-1 

where D is dark current and W is the reflectance of white Teflon sheet.  2471 

The whole procedure of hyperspectral image analysis is summarised in Fig. 6-2 and 2472 

explained in detail in the following sections.  2473 
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 2474 

Fig. 6-2. The procedure used for hyperspectral image analysis. 2475 

6.2.6 Data pre-processing 2476 

6.2.6.1 Outlier detection and data division  2477 

Outliers should be detected and removed from dataset to establish a reliable robust model 2478 

(Morellos et al., 2016; Shi et al., 2014; Tahmasbian et al., 2017).  Outliers may be caused 2479 

by instrumental errors, operational errors, fluctuations in work environment and any 2480 

significant difference in the sample matrix (Li and Qu, 2016; Liu et al., 2008). 2481 

In this experiment, principal-component-analyses (PCA) were performed to identify the 2482 

outliers using the Hotelling’s T2 test within 99 % of confidence level (Jiang et al., 2016; 2483 

Li and Qu, 2016; Morellos et al., 2016; Tahmasbian et al., 2017).  The identified outliers 2484 

were removed from the dataset and the remaining data, for each C functional group, were 2485 

randomly divided into a calibration set and a test set (holdout validation). Approximately 2486 

80% and 20% of the data were assigned to the calibration and test sets, respectively 2487 

(Kohavi, 1995; Tahmasbian et al., 2017). A t-test was carried out to compare both sets, 2488 
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to confirm consistent coverage of the whole range of values for each C functional group 2489 

(Barbin et al., 2012; Tahmasbian et al., 2017).  2490 

The descriptive analyses of C functional group distributions of the decomposing litterfall 2491 

samples determined by 13C NMR spectroscopy have been summarised in Table 6-1. The 2492 

maximum and minimum values were observed for Alk and diOAlk2, respectively. 2493 

According to the t-test results, the averages of the calibration data and those of the test 2494 

data were not statistically different at p<0.05. 2495 

6.2.6.2 Band selection 2496 

The large number of bands (n = 462) produced by the camera in this experiment were 2497 

subjected to band selection prior to conducting the multivariate analysis. Band selection 2498 

reduces the problem size and results in the reduction in search space for the needed 2499 

learning algorithm, thus simplifying the calculations. The process selected a subset of 2500 

bands, which formed patterns, from the original set of bands in the dataset (Wang et al., 2501 

2007). The selected subset should contain the most necessary bands and be sufficient to 2502 

describe target concepts, while maintaining a suitably high accuracy in the representation 2503 

of the original features (Wang et al., 2007). In the current experiment, the particle swarm 2504 

optimisation (PSO) technique, as a feature selection technique, was used to select the 2505 

most informative bands, from the 462 bands acquired (Liu et al. 2011). The PSO, inspired 2506 

by the simulation of the simplified social behaviour of bird flocking, is one of the most 2507 

trusted feature selection techniques developed by Kennedy and Eberhart (Kennedy and 2508 

Eberhart, 1995a; Kennedy and Eberhart, 1995b). The PSO considered each potential 2509 

solution as a particle with a certain velocity and ‘flies’ through the problem space. The 2510 

particles adjusted their flight according to their own flying experience and their 2511 

companions’ flying experience, finding the optimal region of complex search spaces 2512 
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through the interaction of individuals within a population of particles. The PSO band 2513 

selection was conducted using the Weka software package (version 3.8.0, Hamilton, New 2514 

Zealand) (Qi et al., 2017; Wang et al., 2007).  2515 

6.2.6.3 Data transformation  2516 

Several transformation techniques, such as de-trending, first and second derivatives, 2517 

multiplicative scatter correction (MSC), standard normal variate (SNV) and orthogonal 2518 

signal correction (OSC), were performed on the PSO selected bands of calibration data, 2519 

to remove the influence of undesired effects (Fearn, 2000; Kamruzzaman et al., 2016; 2520 

Rinnan et al., 2009; Tahmasbian et al., 2017).  All computations for outlier detection and 2521 

data transformation were performed using the Unscrambler® X software package 2522 

(version10.4, CAMO Software Inc., Trondheim, Norway). 2523 

6.2.7 Model development and evaluation 2524 

PLSR and ANN models were developed to correlate the values of each C functional group 2525 

distribution in decomposing litterfall samples with the corresponding reflectance in the 2526 

PSO selected bands (Mouazen et al., 2010; Sun et al., 2017; Wold et al., 2001; Zheng et 2527 

al., 2008).   2528 

6.2.7.1 PLSR model  2529 

The kernel algorithm was used for modelling the data with PLSR (Wold et al., 2001). The 2530 

complete PLSR solution was obtained by working on the matrix XT YYT X, which was a 2531 

condensed kernel matrix, and the matrices XT X and XT Y, which were the covariance 2532 

matrices possessing a significantly smaller size than that of the original X and Y matrices 2533 

(X and Y were N × K and N × M matrices, respectively) (Lindgren et al., 1993; Wold et 2534 

al., 2001).  The PLSR solution could be summarised as shown in Eq. 6-2. 2535 
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Y = β X + F Eq. 6-2 

where β was a K × M matrix of regression coefficient and F was an N × M matrix of 2536 

residuals. The β coefficients were expressed as shown in Eq. 6-3. 2537 

β = W(PTW)-1CT Eq. 6-3 

where W and P were the K × A matrices of PLSR X-weights and PLSR X-loadings, 2538 

respectively, C was an M × A matrix of PLSR Y-weights and A was the number of PLSR 2539 

latent variables (LV). The β coefficient only depended on loading and weight vectors 2540 

(Lindgren et al., 1993; Wold et al., 2001).  2541 

The optimal LVs for PLSR models were selected at the minimum predicted residual error 2542 

sum of squares (PRESS) of the cross-validation (discussed in section 2.7.3) (Abdi, 2010; 2543 

Kamruzzaman et al., 2016; Tahmasbian et al., 2017). PRESS was calculated as shown in 2544 

Eq. 6-4 (Abdi, 2010; Li et al., 2002). 2545 

𝑃𝑅𝐸𝑆𝑆 = ∑(�̂�𝑖 − 𝑦𝑖)
2

𝑛

𝑖=1

 Eq. 6-4 

where ŷi and 𝑦i were the predicted and reference values of each C functional group in the 2546 

i th sample, respectively.  2547 

Both the raw and transformed calibration data were used to develop models for C 2548 

functional groups distributions using the optimal LVs for selecting the best 2549 

transformation technique. The PLSR model was developed using the Unscrambler® X 2550 

software package (version10.4, CAMO Software Inc., Trondheim, Norway). 2551 

6.2.7.2 ANN model 2552 

A feed-forward multilayer perceptron neural network, with a Levenberg-Marquardt (LM) 2553 
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algorithm, was fitted to calibration data, as LM was one of the most widely used 2554 

optimisation algorithms (Liang et al., 2016; Ranganathan, 2004; Sanz et al., 2016). The 2555 

LM algorithm found solutions for nonlinear equations systems, such as Y=∅X, by finding 2556 

the parameters (∅) and linking dependent variables (Y) to independent variables (X). To 2557 

find ∅, LM minimised the error of a function of the referred system as informed by the 2558 

error gradient for every parameter considered in the system. The LM algorithm estimated 2559 

the parameters that made up a specific system function recursively, until convergence, by 2560 

finding the optimal change (∆∅), thus resulting in smaller errors (Eq. 6-5). The LM 2561 

algorithm depended on the Hessian matrix (H); the gradient of the Jacobian (∇J); the error 2562 

(E); a scalar controlling the trust region (μ) and I, which was the identity matrix (Shawash 2563 

and Selviah, 2013; Zhu and Sutton, 2003).  2564 

H = J × J 

∇J = J × E 

∆∅ = – (H + Iμ)–1∇J 

Eq. 6-5 

The ANN model applied in this experiment consisted of an input layer, a hidden layer 2565 

and an output layer.  The number of neurons in the input layer was equal to the number 2566 

PSO selected bands for each C functional group in the calibration sets. The number of 2567 

neurons in the output layer was equal to the number of Y variables (N=1). The number of 2568 

neurons in the hidden layer (NN) was selected by trial and error for each C functional 2569 

group (Afandi et al., 2016; Dou et al., 2005; Kuang et al., 2015b; Maftoonazad et al., 2570 

2011). The models were performed using a sigmoid transfer function, with the NN 2571 

adjusted from 2 to 100. The NN of the models with the lowest error in cross-validation 2572 

was then chosen as the optimal NN. ANN was performed using a MATLAB (Version 2573 

R2014a, The Mathworks Inc., USA) program.  2574 
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6.2.7.3 Cross-validation  2575 

To avoid over-fitting and to select the optimum LV and NN in PLSR and ANN, a k-fold 2576 

(k = 10) cross-validation method was used, as this was one of the most common and 2577 

reliable cross-validation techniques (Kohavi, 1995). In the k-fold cross-validation, the 2578 

data were split, almost equally, into k sets. The model was developed with (k – 1) sets, 2579 

with one set left out for validation. In the next iteration, a different set was left out for the 2580 

validation and process continues until each set was left out of the model once (Afandi et 2581 

al., 2016; Balabin et al., 2011; Baumann, 2003; Forina et al., 2004; Parsons et al., 2011).  2582 

6.2.7.4 Selecting the best-fitted models 2583 

The best fitted models were selected by choosing the models with the highest coefficient 2584 

of determination and the lowest root mean squares error in the calibration sets (R2
c and 2585 

RMSEc) and in the cross-validation sets (R2
cv and RMSEcv). The selected models were 2586 

then used to predict the C functional group distributions in the test sets. The R2 and RMSE 2587 

were defined as shown in Eq. 6-6 and Eq. 6-7, respectively (Barrett, 1974; Chai and 2588 

Draxler, 2014). 2589 

R2 = 1 −
∑ (y𝑖 − ŷ𝑖)2n

𝑖=1

∑ (y𝑖 − ȳ)2n
𝑖=1

 
Eq. 6-6 

RMSE = √(∑ (y𝑖 − ŷ𝑖)2
n

𝑖=1
) 𝑛⁄  Eq. 6-7 

where 𝑦i and ŷi were the reference and predicted values of each C functional group in the 2590 

i th sample, respectively. ȳ was the mean value of each reference C functional group, 2591 

while n was the number of samples.  2592 

The accuracy of the models was evaluated by the R2 and RMSE of the test set (R2
t and 2593 
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RMSEt). The ratio of performance to deviation (RPD) was also used to assess the 2594 

prediction ability of the developed models. The RPD was defined as shown in Eq. 6-8 2595 

(Cheng and Sun, 2016; Morellos et al., 2016; Tahmasbian et al., 2017). 2596 

RPD =
SDt

RMSEt
 Eq. 6-8 

where SDt was the standard deviation of the predicted values in the test set. 2597 

6.3 Results and Discussion 2598 

6.3.1 Model development using the calibration datasets 2599 

The best fitted PLSR and ANN models were selected with the highest R2
c and R

2
cv and 2600 

lowest RMSEc and RMSEcv (Table 6-2). Both fitted PLSR and ANN models provided 2601 

acceptable correlations (R2
c ≥ 0.6) in the calibration set between the C functional group 2602 

distributions, as predicted from the hyperspectral reflectance data and as observed in the 2603 

13C NMR experiments. In cross-validation sets, PLSR provided acceptable correlation 2604 

(R2
cv ≥ 0.6) between C functional group distributions and their corresponding 2605 

hyperspectral reflectance data. The ANN also provided R2
cv of greater than 0.6 in cross-2606 

validation sets, with the exception of Alk and OAryl. The details are provided in the 2607 

following sections.  2608 

6.3.1.1 Data pre-processing 2609 

Eleven samples were removed from the raw data by Hotelling’s T2 test. The remaining 2610 

107 samples were divided randomly into the calibration sets with approximately 80 % of 2611 

samples (86 samples) and test sets with approximately 20 % of samples (21 samples) 2612 

(Kohavi, 1995; Tahmasbian et al., 2017). Only the PSO selected bands were used for 2613 

model development (Daamouche and Melgani, 2009; Su et al., 2014). Table 6-2 shows 2614 
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the number of PSO selected bands for each C functional group. The raw spectral 2615 

calibration data, as well as the transformed spectral data, were used to develop PLSR and 2616 

ANN models. The results showed that all the best PLSR and ANN models were developed 2617 

from the data subjected to the transformation. The most efficient data transformation 2618 

techniques used to develop PLSR and ANN models for each C functional group are 2619 

summarised in Table 6-2. Transformation of data has been also used by other studies 2620 

employing hyperspectral image analysis (Fearn, 2000; Fearn et al., 2009; Kamruzzaman 2621 

et al., 2016; Tahmasbian et al., 2017). 2622 

6.3.1.2 PLSR model characteristics  2623 

The best PLSR models for all C functional groups were developed where the data were 2624 

OSC-transformed, either alone or in combination with MSC. The OSC algorithm 2625 

performed by finding directions in X factors that described large amounts of variance 2626 

while being orthogonal to Y and subtracting them from the X matrix (Fearn, 2000; Wold 2627 

et al., 1998).  By applying MSC, each individual spectrum was regressed to the average 2628 

of the all spectra by partial least squares. The offset value was then subtracted and each 2629 

band was divided over the slope (Agelet and Hurburgh Jr, 2010; Fearn et al., 2009).  2630 

One of the most critical steps in developing PLSR model was selecting the correct LV. 2631 

Each investigated system was assumed to be influenced by a few LVs rather than all 2632 

possible X variables (Wold et al., 2001). More LVs led to an over-fitted model with the 2633 

poor prediction ability. Too few LVs might result in under-fitting; hence, the model would 2634 

not be able to capture the variation of the data (Abdi, 2010). The optimal LVs of the PLSR 2635 

models predicting C functional groups were selected at the lowest values of PRESS 2636 

obtained (Abdi, 2010; Kamruzzaman et al., 2016; Tahmasbian et al., 2017). The values 2637 

of LVs were represented in Table 6-2 (Details are illustrated in the supplementary 2638 
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material Fig. 6-S1).  2639 

The results showed that only one LV was selected for most of the C functional groups.  2640 

The LV was one, most probably, because there was a single dependent variable (Y) and 2641 

the independent variables (X) were not intercorrelated, or in other words, XT X was 2642 

diagonal (Wold et al., 2001). Therefore, one LV might show that the PLSR arrived at 2643 

multiple linear solution in the first component (Wold et al., 2001).  2644 
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Table 6-2. The details of the partial least-squares (PLSR) and artificial neural network (ANN) models fitted to each carbon (C) functional 

group 

  PLSR ANN 

 PSO selected 

bands 

LV Transformation R2
c R2

cv RMSEc 

(%) 

RMSEcv  

(%) 

NN Transformation R2
c R2

cv RMSEc 

(%) 

RMSEcv 

(%) 

Alk 56 5 OSC 0.74 0.60 2.39 3.02 15 Baseline+OSC 0.69 0.54 2.63 3.20 

ONAlk 35 1 MSC+OSC 0.72 0.71 0.35 0.36 11 MSC+OSC 0.82 0.68 0.28 0.37 

Carb 33 1 MSC+OSC 0.66 0.65 1.24 1.27 15 MSC+OSC 0.81 0.60 1.20 1.76 

diOAlk1 29 1 MSC+OSC 0.70 0.69 0.82 0.84 15 1stDerivative 0.79 0.65 0.70 0.90 

diOAlk2 32 1 MSC+OSC 0.77 0.76 0.22 0.23 24 MSC+OSC 0.84 0.70 0.19 0.26 

Aryl1 61 2 OSC 0.89 0.86 0.47 0.53 24 MSC+SNV+OSC 0.91 0.88 0.43 0.49 

Aryl2 16 1 MSC+DT+OSC 0.74 0.73 0.46 0.47 16 SNV 0.83 0.70 0.38 0.50 

OAryl 43 1 OSC 0.60 0.58 0.47 0.48 6 1stDerivitive 0.61 0.54 0.46 0.49 

Carbox 44 1 MSC+OSC 0.64 0.62 0.76 0.78 6 MSC+OSC 0.64 0.60 0.76 0.80 

Alk (Alkyl-C); ONAlk (O,N-alkyl-C); Carb (Carbohydrate-C); diOAlk1(di-O-alkyl-C1); diOAlk2 (di-O-alkyl-C2); Aryl1 (Aryl-C1); Aryl2 

(Aryl-C2); OAryl (O-aryl-C); Carbox (Carboxyl derivatives) 

OSC (Orthogonal signal correction); MSC (multiplicative scatter correction); DT (detrending); SNV (standard normal variate); LV (latent 

variable number), NN (number of neurons in hidden layer);  

R2
c (R

2 of calibration); RMSEc (RMSE of calibration), R2
cv (R

2 of cross-validation); RMSEcv (RMSE of cross-validation) 

2645 
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6.3.1.3 ANN model characteristics 2646 

For the majority of C functional groups, the best ANN models were developed using OSC 2647 

transformed data in combination with MSC and SNV. The SNV resulted in the best 2648 

performance for modelling of the Aryl2. The SNV removed multiplicative interference of 2649 

scatter and particle size by mean centring the data and then scaling them with the standard 2650 

deviation of each spectrum (Barnes et al., 1989; Rinnan et al., 2009). The first derivative 2651 

resulted in the best performance for modelling of the diOAlk1 and OAryl. The first 2652 

derivative removed the baseline from the spectra, in addition to removing multiplicative 2653 

interference from scatter and particle size (Manley, 2014; Rinnan et al., 2009; Wu et al., 2654 

1995).  2655 

Selecting the appropriate NN in hidden layer was important to achieve a robust fit when 2656 

using an ANN model development technique (Larose, 2006; Larose and Larose, 2014). 2657 

Many methods have been proposed to define the optimal NN, however, most of the 2658 

studies have chosen the NN based on trial and error (Afandi et al., 2016; Dou et al., 2005; 2659 

Kuang et al., 2015b; Maftoonazad et al., 2011). The selected NNs in the current 2660 

experiment varied between six and twenty-four for different C functional groups (Table 2661 

6-2) (Details are provided in the supplementary material, Fig. 6-S2). 2662 

6.3.1.4 Models attributes  2663 

Both the PLSR and ANN models best fitted to Aryl1 with R2
c of 0.89 and 0.91, R2

cv of 2664 

0.86 and 0.88, RMSEc of 0.47 % and 0.43 % and RMSEcv of 0.53 % and 0.49 %, 2665 

respectively. The PLSR and ANN models were poorly fitted to OAryl with R2
c of 0.60 2666 

and 0.61, R2
cv of 0.58 and 0.54 and RMSEc of 0.47 % and 0.46 % and RMSEcv of 0.48 % 2667 

and 0.49 %, respectively (Table 6-2). Despite the different R2
c for Aryl1 and OAryl 2668 

regarding PLSR models and different R2
cv regarding ANN, the RMSEc and RMSEcv are 2669 
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equal for Aryl1 and OAryl regarding PLSR and ANN, respectively (Table 6-2). The 2670 

possible explanation was that, unlike R2, RMSE was not a scaled index and might not be 2671 

comparable for different (or differently transformed) data.  2672 

The selected PLSR and ANN models developed using calibration data were then 2673 

evaluated using test dataset.  2674 

6.3.2 Model evaluation using the test datasets 2675 

For the majority of C functional groups, the values predicted from the hyperspectral data 2676 

using the developed PLSR and ANN models correlated well with the corresponding data 2677 

obtained from 13C NMR experiments (Figs. 6-3, 6-4 and 6-5). 2678 

With the exception of the Aryl1 region, PLSR predicted the C functional groups more 2679 

accurately than ANN. Neither PLSR nor ANN models predicted OAryl and Carb regions 2680 

successfully (Fig. 6-6).   2681 

PLSR ANN 

  

Fig. 6-3. Prediction of Aryl-C1 in decomposing litterfall samples using (a) partial least-

squares regression (PLSR) and (b) artificial neural network (ANN) models. 
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The result of testing the models showed that the best predictions of both PLSR and ANN 2682 

were obtained for Aryl1. The PLSR reliably predicted Aryl1 in the test samples with the 2683 

R2
t of 0.76, RMSEt of 0.77 and the RPD of 1.90 (Fig. 6-3a). A regression model was 2684 

PLSR ANN 

  

  

  

Fig. 6-4. Prediction of Aryl-C2 (a,b), di-O-alkyl-C1 (c,d), and di-O-alkyl-C2 (e,f) in 

decomposing litterfall samples using partial least-squares (PLSR) and artificial neural 

network (ANN) models. 
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considered ‘reliable’ where the RPD calculated for prediction was above 1.4 (Bellon-2685 

Maurel et al., 2010; Tahmasbian et al., 2017). The Aryl1 was also predicted using ANN 2686 

with the R2
t of 0.82, RMSEt of 0.61 and RPD of 2.10 which were considered as ‘highly-2687 

reliable’ (Fig. 6-3b). The model was ‘highly-reliable’ when the calculated RPD for the 2688 

data predicted by the model was above 2 (Bellon-Maurel et al., 2010). 2689 

The developed PLSR models also showed a reliable prediction of Aryl2 (R2
t = 0.75, 2690 

RMSEt = 0.45 and RPD = 1.76), diOAlk1 (R
2

t = 0.71, RMSEt = 0.76 and RPD = 1.78), 2691 

diOAlk2 (R
2

t = 0.74, RMSEt = 0.23 and RPD = 1.71), Alk (R2
t = 0.72, RMSEt = 2.18 and 2692 

RPD = 1.86), ONAlk (R2
t = 0.73, RMSEt = 0.29 and RPD = 1.82) and Carbox (R2

t = 0.63, 2693 

RMSEt = 0.60 and RPD = 1.43) (Figs. 6-4 and 6-5). Despite the fact that ANN showed a 2694 

reliable prediction of Aryl2 (R
2

t = 0.67, RMSEt = 0.58 and RPD = 1.72), diOAlk1 (R
2
t = 2695 

0.68, RMSEt = 0.88 and RPD = 1.76), diOAlk2 (R
2

t = 0.69, RMSEt = 0.25 and RPD = 2696 

1.52), ONAlk (R2
t = 0.62, RMSEt = 0.37 and RPD = 1.54), the R2

t and RPD of the ANN 2697 

models were lower than those obtained from PLSR (Figs. 6-4 and 6-5). 2698 

The ANN was not successful for predicting Alk (R2
t = 0.24, RMSEt = 4.16 and RPD = 2699 

1.03) and Carbox (R2
t = 0.58, RMSEt = 0.63 and RPD = 1.29) (Fig. 6-5 b,f). 2700 

Unfortunately, neither PLSR nor ANN models successfully predicted OAryl and Carb 2701 

(R2
t < 0.55 and RPD < 1.4) (Fig. 6-6). This is the first paper that used hyperspectral image 2702 

analysis to predict C functional groups in decomposing litterfall samples; hence, the 2703 

accuracy of the developed models cannot be compared with other literature. 2704 

  2705 
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  2706 

PLSR ANN 

  

  

  

Fig. 6-5. Prediction of Alkyl-C (a,b), N-alkyl-C (c,d), and Carboxyl derivatives (e,f) in 

decomposing litterfall samples partial least-squares (PLSR) and artificial neural 

network (ANN) models. 
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The PLSR and ANN models, however, were compared in different spectroscopy and 2707 

hyperspectral imaging studies reporting different results. Some studies reported better 2708 

predictions using PLSR (Li et al., 2016; Sun et al., 2017) and other studies reported better 2709 

predictions using ANN (Kuang et al., 2015b; Mouazen et al., 2010). The different results 2710 

might be due to the different nature of the analysed samples and variables, as well as 2711 

different transformation functions used in ANN.  2712 

In the current study, both PLSR and ANN models were tested as models to study available 2713 

C functional group distributions in decomposing leaf litterfall samples using 2714 

hyperspectral imaging. Although the ANN model proved less effective prediction than 2715 

the PLSR model in this study, it must be noted that ANN requires larger number of 2716 

training data in order for the model to learn successfully. Given the practical limitation of 2717 

the number of comparative datasets available here (i.e. 13C NMR data), then it would be 2718 

PLSR ANN 

  

  

Fig. 6-6. Prediction of O-aryl-C (a,b), and Carbohydrate-C (c,d) in decomposing litterfall 

samples using partial least-squares (PLSR) and artificial neural network (ANN) models. 
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unsurprising that the refinement of the ANN models for current litterfall study was less 2719 

successful in comparison to the PLSR methods.  2720 

The ANN could only be suggested to predict Aryl1 while PLSR predicted Alk, ONAlk, 2721 

diOAlk1, diOalk2, Aryl1, Aryl2 and Carbox. The results might also indicate that the 2722 

relationships between most of the C functional groups analysed in this study and their 2723 

spectral reflectance could be explained by linear equations (The equations are provided 2724 

in supplementary material Eq. 6-S1 to 6-S7).  2725 

6.4 Conclusions 2726 

The predictability of C functional group distributions in decomposing litterfall samples 2727 

using hyperspectral images was examined by developing the PLSR and ANN models. 2728 

Results showed that the PLSR model could successfully predict seven C functional 2729 

groups (out of nine) including Aryl-C1, Aryl-C2, di-O-alkyl-C1, di-O-alkyl-C2, Alkyl-C, 2730 

O,N-alkyl-C and Carboxyl derivatives regions with the R2 and RPD to vary from 0.76 to 2731 

0.63 and 1.90 to 1.43, respectively in the test sets. The ANN models could predict five C 2732 

functional groups in the test set which included Aryl-C1, Aryl-C2, di-O-alkyl-C1, di-O-2733 

alkyl-C2 and O,N-alkyl-C regions, with the R2 and RPD to vary from 0.82 to 0.62 and 2734 

2.10 to 1.52, respectively. In view of R2 and RPD, the PLSR models had better prediction 2735 

compared to the ANN models (with the exception of the Aryl-C1 region). Neither PLSR 2736 

nor ANN models predicted O-aryl-C and Carbohydrate-C regions successfully.  Overall, 2737 

it was shown that C functional group distributions could be predicted using hyperspectral 2738 

image analysis and PLSR regression.  2739 
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6.5 Supplementary Materials  2745 

  

  

  

  

 

Fig. 6-S1. The optimal number of latent 

variables (LV) of the best PLSR models 

fitted to Alkyl-C (a); O,N-alkyl-C (b); 

Carbohydrate-C (c); di-O-alkyl-C1 (d); 

di-O-alkyl-C2 (e); Aryl-C1 (f); Aryl-C2 

(g); O-aryl-C (h); Carboxyl derivatives (j) 
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Fig. 6-S2. The optimal number of 

neurones in hidden layer (NN) of ANN 

models fitted to Alkyl-C (a); O,N-alkyl-C 

(b); Carbohydrate-C (c); di-O-alkyl-C1 

(d); di-O-alkyl-C2 (e); Aryl-C1 (f); Aryl-

C2 (g); O-aryl-C (h); Carboxyl derivatives 

(j) 
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Eq. 6-S1. Prediction of Alkyl-C using PLSR model. Bnd stands for hyperspectral band 2748 

Alkyl-C (%) = 32.49 + (-656.79 × Bnd 397) + (214.90 × Bnd 399) + (394.29 × Bnd 409) + (-2749 

337.98 × Bnd 410) + (193.15 × Bnd 415) + (-738.84 × Bnd 422) + (-571.07 × Bnd 423) + (391.58 2750 

× Bnd 440) + (351.67 × Bnd 441) + (1059.14 × Bnd 443) + (-485.86 × Bnd 461) + (-776.36 × 2751 

Bnd 474) + (461.21 × Bnd 503) + (341.24 × Bnd 510) + (329.74 × Bnd 516) + (-1245.78 × Bnd 2752 

541) + (-258.79 × Bnd 584) + (351.15 × Bnd 598) + (246.65 × Bnd 600) + (147.08 × Bnd 625) 2753 

+ (-567.42 × Bnd 650) + (100.98 × Bnd 674) + (-241.57 × Bnd 704) + (-264.94 × Bnd 705) + (-2754 

337.38 × Bnd 710) + (381.68 × Bnd 734) + (179.94 × Bnd 747) + (239.90 × Bnd 748) + (197.77 2755 

× Bnd 752) + (231.97 × Bnd 755) + (296.36 × Bnd 757) + (260.51 × Bnd 760) + (291.20 × Bnd 2756 

765) + (283.80 × Bnd 767) + (331.90 × Bnd 772) + (-563.60 × Bnd 775) + (265.84 × Bnd 779) 2757 

+ (-275.34 × Bnd 786) + (-249.30 × Bnd 787) + (-257.32 × Bnd 795) + (-257.14 × Bnd 799) + 2758 

(232.65 × Bnd 822) + (-295.45 × Bnd 850) + (-284.65 × Bnd 876) + (260.40 × Bnd 921) + (-2759 

327.03 × Bnd 938) + (615.19 × Bnd 963) + (554.88 × Bnd 964) + (576.01 × Bnd 974) + (-614.88 2760 

× Bnd 977) + (304.19 × Bnd 983) + (413.87 × Bnd 985) + (-381.32 × Bnd 988) + (496.87 × Bnd 2761 

1000) + (-343.95 × Bnd 1003) + (-581.31 × Bnd 1005)  2762 

Eq. 6-S2. Prediction of N-alkyl-C using PLSR model. Bnd stands for hyperspectral band 2763 

O,N-alkyl-C (%) = 4.82+ (-1.17 × Bnd  402) + (-1.35 × Bnd  409) + (-1.31 × Bnd  422) + (-1.20 2764 

× Bnd  428) + (-1.03 × Bnd  437) + (-0.86 × Bnd  448) + (-0.60 × Bnd  462) + (-0.58 × Bnd  2765 

464) + (-0.49 × Bnd  469) + (-0.33 × Bnd  479) + (-0.32 × Bnd  481) + (-0.30 × Bnd  482) + (-2766 

0.26 × Bnd  485) + (0.31 × Bnd  527) + (0.37 × Bnd  532) + (0.47 × Bnd  540) + (0.55 × Bnd  2767 

545) + (0.56 × Bnd  547) + (0.62 × Bnd  551) + (0.66 × Bnd  553) + (0.70 × Bnd  556) + (0.83 2768 

× Bnd  565) + (0.92 × Bnd  573) + (0.95 × Bnd  576) + (0.98 × Bnd  582) + (0.96 × Bnd  594) 2769 

+ (0.93 × Bnd  597) + (0.92 × Bnd  598) + (0.83 × Bnd  605) + (0.81 × Bnd  606) + (0.79 × Bnd  2770 

608) + (0.66 × Bnd  616) + (0.53 × Bnd  625) + (0.47 × Bnd  629) + (0.22 × Bnd  648)  2771 

Eq. 6-S3. Prediction of di-O-alkyl-C1 using PLSR model. Bnd stands for hyperspectral band 2772 

di-O-alkyl-C1 (%) = 11.36 +  (-2.14E-04 × Bnd 507) + (-2.54E-04 × Bnd 522) + (-2.58E-04 × 2773 
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Bnd 523) + (-2.74E-04 × Bnd 528) + (-2.78E-04 × Bnd 529) + (-2.82E-04 × Bnd 531) + (-3.23E-2774 

04 × Bnd 543) + (-3.34E-04 × Bnd 545) + (-3.39E-04 × Bnd 547) + (-3.50E-04 × Bnd 549) + (-2775 

4.27E-04 × Bnd 567) + (-5.22E-04 × Bnd 593) + (-5.30E-04 × Bnd 597) + (-4.06E-04 × Bnd 2776 

660) + (-3.52E-04 × Bnd 676) + (-3.70E-04 × Bnd 688) + (-3.69E-04 × Bnd 692) + (-3.61E-04 2777 

× Bnd 700) + (-3.60E-04 × Bnd 701) + (-3.20E-04 × Bnd 722) + (-2.97E-04 × Bnd 732) + (-2778 

2.84E-04 × Bnd 737) + (-2.67E-04 × Bnd 744) + (-2.44E-04 × Bnd 753) + (-1.98E-04 × Bnd 2779 

768) + (-1.93E-04 × Bnd 769) + (-1.87E-04 × Bnd 772) + (-1.83E-04 × Bnd 773) + (-1.78E-04 2780 

× Bnd 775)  2781 

Eq. 6-S4. Prediction of di-O-alkyl-C2 using PLSR model. Bnd stands for hyperspectral band 2782 

di-O-alkyl-C2 (%) = 2.73 + (5.18E-05 × Bnd 528) + (5.78E-05 × Bnd 535) + (6.29E-05 × Bnd 2783 

540) + (7.20E-05 × Bnd 548)+ (7.83E-05 × Bnd 553) + (8.33E-05 × Bnd 557) + (9.98E-05 × 2784 

Bnd 571) + (1.09E-04 × Bnd 578) + (1.12E-04 × Bnd 582) + (1.14E-04 × Bnd 585) + (1.15E-2785 

04 × Bnd 586) + (1.17E-04 × Bnd 589) + (1.17E-04 × Bnd 590) + (1.18E-04 × Bnd 593) + 2786 

(1.19E-04 × Bnd 594) + (1.20E-04 × Bnd 600) + (1.19E-04 × Bnd 601) + (1.14E-04 × Bnd 614) 2787 

+ (1.13E-04 × Bnd 617) + (1.11E-04 × Bnd 620) + (1.10E-04 × Bnd 622) + (1.06E-04 × Bnd 2788 

629) + (1.00E-04 × Bnd 636) + (9.65E-05 × Bnd 640) + (9.51E-05 × Bnd 641) + (9.18E-05 × 2789 

Bnd 644) + (6.00E-05 × Bnd 660) + (-6.98E-05 × Bnd 806) + (-9.49E-05 × Bnd 826) + (-1.62E-2790 

04 × Bnd 905) + (-1.67E-04 × Bnd 983) + (-1.66E-04 × Bnd 988) 2791 

Eq. 6-S5. Prediction of Aryl-C1 using PLSR model. Bnd stands for hyperspectral band 2792 

  Aryl-C1 (%) = 6.08 + (6.24 × Bnd 403) + (1.73 × Bnd 406) + (-17.49 × Bnd 411) + (162.27 × 2793 

Bnd 436) + (-243.26 × Bnd 439) + (202.72 × Bnd 460) + (-43.02 × Bnd 475) + (-102.25 × Bnd 2794 

487) + (-56.56 × Bnd 489) + (103.78 × Bnd 495) + (-29.53 × Bnd 500) + (-16.19 × Bnd 502) + 2795 

(-79.25 × Bnd 518) + (54.62 × Bnd 520) + (57.62 × Bnd 526) + (64.14 × Bnd 527) + (7.27 × 2796 

Bnd 528) + (-1.71 × Bnd 543) + (-16.15 × Bnd 551) + (-27.55 × Bnd 553) + (-20.40 × Bnd 555) 2797 

+ (-1.48 × Bnd 580) + (-87.58 × Bnd 585) + (-85.47 × Bnd 589) + (-52.01 × Bnd 590) + (60.25 2798 

× Bnd 594) + (97.35 × Bnd 598) + (72.73 × Bnd 600) + (152.67 × Bnd 601) + (-31.65 × Bnd 2799 
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608) + (-80.55 × Bnd 609) + (-2.58 × Bnd 614) + (-11.51 × Bnd 617) + (-45.69 × Bnd 621) + (-2800 

9.50 × Bnd 622) + (91.95 × Bnd 626) + (64.22 × Bnd 633) + (58.53 × Bnd 634) + (-22.48 × Bnd 2801 

644) + (6.60 × Bnd 645) + (-36.87 × Bnd 646) + (-76.90 × Bnd 649) + (-58.53 × Bnd 650) + (-2802 

158.50 × Bnd 653) + (10.15 × Bnd 677 + (123.65 × Bnd 684) + (164.97 × Bnd 701) + (104.45 2803 

× Bnd 713) + (55.88 × Bnd 718) + (-43.84 × Bnd 721) + (-223.84 × Bnd 736) + (-123.50 × Bnd 2804 

760) + (11.53 × Bnd 764) + (78.29 × Bnd 796) + (47.96 × Bnd 812) + (-77.83 × Bnd 932) + 2805 

(131.86 × Bnd 960) + (-200.09 × Bnd 974) + (-240.97 × Bnd 988) + (371.56 × Bnd 993) + (-2806 

5.33 × Bnd 1003) 2807 

Eq. 6-S6. Prediction of Aryl-C2 using PLSR model. Bnd stands for hyperspectral band 2808 

Aryl-C2 (%) = 5.13 + (26.92 × Bnd 393) + (-15.73 × Bnd 427) + (-19.57 × Bnd 439) + (4.24 × 2809 

Bnd 494) + (-5.51 × Bnd 498) + (-7.34 × Bnd 522) + (-4.82 × Bnd 535) + (6.96 × Bnd 567) + 2810 

(10.76 × Bnd 585) + (7.05 × Bnd 589) + (-9.78 × Bnd 662) + (-11.80 × Bnd 676) + (-5.37 × Bnd 2811 

678) + (6.62 × Bnd 736) + (9.01 × Bnd 745) + (-6.57 × Bnd 940) 2812 

Eq. 6-S7. Prediction of Carboxyl-C using PLSR model. Bnd stands for hyperspectral band 2813 

Carboxyl derivatives (%) = 6.35 + (0.57 × Bnd 516) + (0.59 × Bnd 520) + (0.73 × Bnd 540) + 2814 

(0.84 × Bnd 553) + (0.89 × Bnd 559) + (0.91 × Bnd 561) + (0.96 × Bnd 567) + (0.98 × Bnd 569) 2815 

+ (1.02 × Bnd 576 + (1.03 × Bnd 582) + (1.03 × Bnd 584) + (0.99 × Bnd 593) + (0.95 × Bnd 2816 

598) + (0.94 × Bnd 600) + (0.90 × Bnd 602) + (0.87 × Bnd 605) + (0.81 × Bnd 609) + (0.74 × 2817 

Bnd 614) + (0.62 × Bnd 622) + (0.60 × Bnd 624) + (0.59 × Bnd 625) + (-0.65 × Bnd 810) + (-2818 

0.74 × Bnd 842) + (-0.74 × Bnd 845) + (-0.75 × Bnd 852) + (-0.78 × Bnd 868) + (-0.79 × Bnd 2819 

880) + (-0.80 × Bnd 884) + (-0.80 × Bnd 892) + (-0.80 × Bnd 894) + (-0.80 × Bnd 895) + (-0.81 2820 

× Bnd 941) + (-0.81 × Bnd 952) + (-0.81 × Bnd 955) + (-0.80 × Bnd 966) + (-0.80 × Bnd 967) 2821 

+ (-0.79 × Bnd 975) + (-0.79 × Bnd 977) + (-0.78 × Bnd 988) + (-0.78 × Bnd 989) + (-0.76 × 2822 

Bnd 996) + (-0.76 × Bnd 997) + (-0.75 × Bnd 1003) + (-0.74 × Bnd 1005)2823 
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CHAPTER 7: GENERAL DISCUSSION AND CONCLUSIONS  2824 

7.1 Introduction  2825 

This work studied the dynamics of C and N pools in Toohey Forest, a native suburban 2826 

forest located in South-East Brisbane, Queensland, Australia, between 1 and 23 months 2827 

after prescribed burning (PB). The mechanisms whereby the PB influenced soil C and N 2828 

pools and then, indirectly, foliage and litterfall were studied. As a result, different forms 2829 

of C and N in soil and litterfall samples, collected after PB over a period of 1 to 23 months 2830 

at two study sites, were assessed (Chapter 3). Since the dominant overstorey of Toohey 2831 

Forest is eucalypts, foliage total C and N and tree canopy ecophysiological status of two 2832 

dominant species of eucalypt, Eucalyptus Baileyana and Eucalyptus Planchoniana were 2833 

also investigated to gain further insight into the mechanisms involved. The soil, litterfall 2834 

and foliage properties analysed in this study are listed in Table 7-1. 2835 

Due to the fact that, soil and litterfall analysis conducted in the current study were costly, 2836 

time-consuming and elaborate, the possibility of using hyperspectral image analysis 2837 

technology as an inexpensive, rapid, facile and chemical free technology to predict total 2838 

C (TC), total N (TN), δ13C and δ15N in litterfall and soil samples (Chapters 4 and 5) and 2839 

C functional group distributions in decomposing litterfall samples collected from the 2840 

studied sites was also investigated (Chapter 6).  2841 

  2842 
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Table 7-1. The properties in soil, litterfall and foliage 

 Sampling frequency  Analysed properties 

Soil Site B0: Monthly from month 1 to month six after PB and 

then every three months until month 12 

 

WOC, WTN, HWOC, 

HWTN, δ13C and δ15N Site B1: then every three months from month five to month 

12  

 

Litterfall Site B0: Monthly from month 1 to month six after PB and 

then every three months until month 12 

 

TC, TN, δ13C, δ15N and 

LM Site B1: then every three months from month five to month 

12 

Foliage Site B0: Two sampling in a wet and a dry season after PB  TC, TN, δ13C, δ15N, 

A1,400, Ci, gs, E and 

iWUE 

PB: prescribed burning, TC: total carbon, TN: total nitrogen, WOC: water-extractable 

organic carbon, WTN: water-extractable total nitrogen, HWOC: hoy-water-extractable 

organic carbon, HWTN: hot-water-extractable total nitrogen, δ13C: carbon isotopic 

composition, δ15N: nitrogen isotopic composition, A1,400: instantaneous photosynthesis, 

Ci: intercellular CO2 concentration , gs: stomatal conductance, E: transpiration at leaf 

level and iWUE: instantaneous water use efficiency.  

This study is significant because this is one of the limited studies  2843 

1) monitoring C and N cycling in a suburban forest ecosystem using frequent 2844 

sampling (monthly to every three months), from month 1 to month 23 after PB, 2845 

and investigating the mechanisms involved (Chapter 3). 2846 

2) investigating the effects of PB and climatic factors on the C and N cycling at all 2847 

three levels including soil, litterfall and foliage using both chemical and 2848 

physiological experiments in subtropical Australia (Chapter 3). 2849 

3) showing the possibility of using hyperspectral image analysis technology for 2850 

predicting TN and δ15N in litterfall samples (Chapter 4). 2851 

4) developing reliable models for predicting TC, TN, δ13C and δ15N in soil samples 2852 
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using laboratory-based hyperspectral image analysis (Chapter 5). 2853 

5) predicting C functional group distributions using laboratory-based hyperspectral 2854 

image analysis technology (Chapter 6). 2855 

The main findings of the current study were: 2856 

1) The concentrations of soil labile C and N fluctuated during the first 12 months 2857 

after PB, which might be attributed to the incorporation of ashes in soil and re-2858 

establishment of soil microbial activity (Chapter 3). 2859 

2) The highest values of soil δ13C were observed after PB, which might be 2860 

associated with the addition of ashes enriched in 13C during burning. 2861 

3) The relationships between litterfall δ13C and soil labile N as well as co-occurrence 2862 

of litterfall δ13C enrichment period and higher photosynthesis (A1,400) rate during 2863 

the dry season may indicate that the changes in litterfall δ13C were linked to the 2864 

variations in photosynthetic capacity, influenced by N availability and climatic 2865 

(seasonal) factor i.e., air temperature (Chapter 3). 2866 

4) The litterfall mass production (LM) was also limited by N availability after PB, 2867 

possibly due to the role of N in photosynthesis and mass production as well as by 2868 

water availability (rainfall), associated with the role of water in tree growth 2869 

(Chapter 3).  2870 

5) The litterfall TN and δ15N were successfully predicted using hyperspectral image 2871 

analysis and PLSR models, while the prediction of litterfall TC and δ13C failed, 2872 

possibly due to the limited variations in litterfall TC and δ13C and the low 2873 

resolution (~10 nm) of the employed cameras (Chapter 4). 2874 

6) The application of high resolution (~1.3 nm) hyperspectral image analysis system 2875 

was successful for estimating and predicting TC, TN, δ13C and δ15N in the soil 2876 

samples collected from the sites B0 and B1 (Chapter 5). 2877 
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7) The distribution of C functional groups in decomposing litterfall samples, 2878 

including alkyl-C, O,N-alkyl-C, di-O-alkyl-C1, di-O-alkyl-C2, aryl-C1, aryl-C2 2879 

and carboxyl derivatives, were reliably predicted using the high-resolution 2880 

hyperspectral image analysis system (Chapter 6). 2881 

8) The PLSR model was more accurate than the ANN model for prediction of the C 2882 

functional group distribution in the decomposing litterfall samples although it 2883 

might be due to the limited number of samples required for training the ANN 2884 

(Chapter 6). 2885 

7.2 Carbon and nitrogen cycling in the Toohey suburban forest subjected 2886 

to prescribed burning  2887 

The finding of the current study revealed that the PB in the suburban forest influenced 2888 

soil labile C and N pools. The gradual increase observed in the soil labile C and N pools 2889 

after PB might be associated with the gradual incorporation of inorganic C and N through 2890 

ashes in the soil. Soil microbial activity and abundance might have also been involved in 2891 

the fluctuations in the soil labile C and N (Mataix-Solera et al. 2009). The increased soil 2892 

C and N concentrations after PB might enhance the re-establishment of the 2893 

microorganisms after PB (Mataix-Solera et al. 2009). This might have resulted in 2894 

fluctuations in soil labile C and N pools via mineralisation/ immobilization and 2895 

nitrification/ denitrification (Mataix-Solera et al. 2009). 2896 

The highest concentrations of soil δ13C observe after PB followed by a gradual decrease 2897 

during the experiment. This might be due to the addition of ashes, which are enriched 2898 

with 13C as a result of releasing the lighter 12C during the PB, to the soil. My results also 2899 

indicated that PB indirectly affected the litterfall δ13C and LM through its influence on 2900 

soil N availability (Chapter 3). The N availability enhances the plant photosynthesis due 2901 
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to the role of N in Rubisco (Hall et al., 1999; Pessarakli, 2016). The enhanced plant 2902 

photosynthesis increases the demand for C in plants, which results in a reduced 2903 

discrimination against 13C and an increase in litterfall δ13C (Cernusak et al., 2013; Warren 2904 

et al., 2001). The increased photosynthesis, influenced by soil N availability, also 2905 

increased litterfall mass production (LM) (Beadle and Long, 1985; Harrington et al., 2906 

2001; Walker et al., 2010; Zhao et al., 2005). Hence, the variations in soil N availability, 2907 

and subsequently plant photosynthesis, might be the main possible mechanism through 2908 

which PB influenced the litterfall δ13C and LM in the current study. 2909 

The litterfall δ13C and LM were not only influenced by the soil N variations, affected by 2910 

PB, in this study. The climatic (seasonal) factors including air temperature and rainfall 2911 

also influenced litterfall δ13C and LM in the studied forest (Chapter 3). The enrichment 2912 

period of litterfall δ13C during the dry season coinciding with the higher rate of 2913 

photosynthesis in this season might be indicating that more favourable air temperature in 2914 

the dry season increased the litterfall δ13C through increasing plant photosynthesis. The 2915 

positive relationship between LM and rainfall in the current study may also indicate that 2916 

the LM in the studied forest was water limited. The relationship between LM and rainfall 2917 

may be attributed to the role of water availability in nutrient availability and tree growth 2918 

(Campanella and Bertiller, 2010; Pavón et al., 2005). Collectively, the variations in 2919 

litterfall δ13C and LM were mainly explained by N availability and climatic factors 2920 

including air temperature. 2921 

7.3 Using hyperspectral image analysis for studying carbon and nitrogen 2922 

cycling in the forest ecosystem  2923 

Using the conventional methods of analysing total and isotopic compositions of C and N 2924 

in soil and plant samples is expensive and time-consuming. Hence, the possibility of using 2925 
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laboratory-based hyperspectral image analysis to predict TC, TN, δ13C and δ15N in 2926 

litterfall (Chapter 4) and soil (Chapter 5) samples was investigated. Due to the important 2927 

role of litterfall decomposition, the potential of using the hyperspectral imaging system 2928 

to predict C functional group distribution in decomposing litterfall samples (Chapter 6) 2929 

was also investigated to be used in future studies. 2930 

The results of this study indicated that hyperspectral image analysis can be used to 2931 

quickly, cost-effectively and reliably predict litterfall TN, and δ15N (R
2 of 0.64 and 0.67 2932 

and RPD of 1.48 and 1.53, respectively) (Chapter 4) and soil TC, TN, δ13C and δ15N 2933 

(Chapter 5) in external test samples. A model is considered reliable when the obtained 2934 

RPD is between 1.4 and 2 and highly reliable when the RPD is larger than 2 (Bellon-2935 

Maurel et al., 2010). One possible reason for the failure of the prediction of litterfall TC, 2936 

and δ13C (Chapter 4) were the low variations in the litterfall TC, and δ13C which results 2937 

in the spectral reflectance data to be distributed in a narrow reflectance range. Hence, the 2938 

lack of a wide range of reflectance data available for developing PLSR models resulted 2939 

in low accuracy models for litterfall TC, and δ13C. Another possible reason for the failure 2940 

of the prediction of litterfall TC, and δ13C were the low spectral resolution (~ 10 nm) of 2941 

the cameras used to capture the hyperspectral images from the litterfall samples (Chapter 2942 

4). The low resolution might have resulted in missing some of the important wavelengths 2943 

carrying information about litterfall TC, and δ13C, leading to the lower accuracy of the 2944 

developed models. To address the low spectral resolution issue, for soil samples, a 2945 

hyperspectral camera with higher spectral resolution of ~ 1.3 nm, located in Ecology 2946 

Laboratory of University of the Sunshine Coast, was used (Chapter 5). The PLSR models 2947 

developed using the spectral data obtained from the high resolution cameras could 2948 

reliably predict soil TC (R
2

t = 0.76; RPD = 2.02), TN (R2
t = 0.86; RPD = 2.08), δ13C (R2

t 2949 

= 0.80; RPD = 2.00) and δ15N (R2
t = 0.81; RPD = 1.94) in external test samples. Despite 2950 
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the narrower hyperspectral range of the camera used for predicting soil variables 2951 

compared to that of litterfall (400-1000 nm vs 400-1700 nm), the overall prediction of the 2952 

targeted variables in the soil samples showed higher accuracies compared with those in 2953 

the litterfall samples. This might be due to either the higher resolution of the camera used 2954 

for soil samples compared to those used for litterfall samples (~ 1.3 nm vs ~ 10 nm), larger 2955 

variations of predicted variables in the soil compared with those of litterfall, or a 2956 

combination of both.  2957 

The coefficients of variations (CV), presented in Table 7-2, obtained for litterfall and soil 2958 

TC and δ13C revealed that soil TC (Chapter 5) had higher CV compared to that of litterfall 2959 

(Chapter 4). This proved that the smaller variation of litterfall TC was one of the main 2960 

reasons why litterfall TC could not be successfully predicted. Similar CVs were obtained 2961 

for the litterfall δ13C (Chapter 4) and soil δ13C (Chapter 5); however, unlike litterfall δ13C, 2962 

the soil δ13C could be successfully predicted. The correlation (– 0.50) between soil δ13C 2963 

and soil TC might be explaining the successful prediction of δ13C in soil samples. The 2964 

correlations between total values of targeted variables and their isotopic compositions 2965 

were also suggested by other studies, using the different reflectance technologies, to be 2966 

the possible mechanism through which the prediction of isotopic compositions was 2967 

possible (Gmur et al., 2012; West et al., 2009). Nevertheless, there was no significant 2968 

correlation between soil and litterfall TN and δ15N in the current study. 2969 

Table 7-2. The coefficient of variations (CV) of total carbon (TC), total nitrogen (TN), 

C isotopic composition (δ13C) and N isotopic composition (δ15N) 

 TC TN δ13C δ15N 

Litterfall 0.05 0.38 0.02 0.90 

Soil 0.42 0.44 – 0.02 – 3.83 

 2970 
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Due to the different resolution and spectral range of cameras used in Chapter 4 and 5, we 2971 

were unable to compare the most important wavelengths used for predicting the targeted 2972 

variables in soil and litterfall samples. Other studies also reported a variety of 2973 

wavelengths to be important for the prediction of soil and plant TC and TN using similar 2974 

technologies, such as reflectance spectroscopy and airborne hyperspectral image analysis, 2975 

which in some cases were inconsistent with my finding presented in Fig. 4-7 and Fig. 5-2976 

S2 (Gmur et al., 2012; Hansen and Schjoerring, 2003; Li et al., 2014; Mouazen et al., 2977 

2007; Yang and Li, 2013).  2978 

These inconsistencies in the reported wavelengths might be associated with the fact that 2979 

TC and TN are estimated indirectly through the reflectance of different compounds 2980 

(Blackmer et al., 1994; Li et al., 2014). For example, the prediction of C might be 2981 

attributed to the reflectance of either humic compounds, pigments derived from 2982 

chlorophyll, phenolic compounds or their combination (Dalal and Henry, 1986; 2983 

Daughtry, 2001; Fidêncio et al., 2002). The estimation of total N is attributed to the 2984 

reflectance of chlorophyll as well as N–H and O–H bonds stretching (Curran, 1989; 2985 

Ferwerda et al., 2005). The N–H bond reflects the amount of N present in protein, whereas 2986 

the O–H bond absorption features are related to starch or cellulose content and might 2987 

reflect the changes in the C:N ratio (Curran, 1989; Ferwerda et al., 2005).  2988 

Although the litterfall decomposition processes have not been investigated in the current 2989 

study, due to its major role in C and N cycling, the possibility of using hyperspectral 2990 

image analysis to predict C functional group distributions in decomposition litterfall 2991 

samples collected for another project (Chapter 6) was investigated. The images of the 2992 

decomposing litterfall samples were captured using the high-resolution hyperspectral 2993 

camera (resolution ~1.3 nm, spectral range 400-1000 nm). This study, went one step 2994 

further and compared PLSR model with artificial neural network (ANN) model as linear 2995 
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and non-linear models. The C functional groups predicted using the PLSR model was 2996 

generally more accurate than those predicted using ANN. Specifically, PLSR could 2997 

predict alkyl-C, O,N-alkyl-C, di-O-alkyl-C1, di-O-alkyl-C2, aryl-C1, aryl-C2 and carboxyl 2998 

derivatives with the R2 of 0.72, 0.73, 0.71, 0.74, 0.76, 0.75 and 0.63 and RPD of 1.86, 2999 

1.82, 1.78, 1.71, 1.90, 1.76 and 1.43, respectively. Whereas, the reliable prediction using 3000 

ANN included the prediction of O,N-alkyl-C, di-O-alkyl-C1, di-O-alkyl-C2, aryl-C1 and 3001 

aryl-C2 providing the R2 of 0.62, 0.68, 0.69, 0.82 and 0.67 and the RPDs of 1.54, 1.76, 3002 

1.52, 2.10 and 1.72, respectively. Neither the PLSR nor the ANN model could predict the 3003 

carbohydrate-C and O-aryl-C acceptably. The lower accuracies of the predictions using 3004 

ANN compared to those of PLSR might be either due to the limited number of samples 3005 

needed for the ANN to be trained or the more linear relationships between the spectral 3006 

reflectance of the studied C functional groups and their corresponding hyperspectral 3007 

reflectance. Further studies using more decomposing litterfall samples, transformation 3008 

techniques and linear and nonlinear models are needed to investigate these alternatives. 3009 

This is the first time that C functional group distributions of decomposing litterfall were 3010 

predicted using reflectance spectroscopy methods, in particular, hyperspectral image 3011 

analysis. Hence, we were not able to compare my results with others. However, successful 3012 

prediction of the C functional group distributions in this study might be also associated 3013 

with the possible correlations among the studied C functional groups and TC and TN in 3014 

the decomposing litterfall samples. Although different variables (C functional groups) in 3015 

decomposing litterfall samples (Chapter 6) with those in litterfall (Chapter 4) and soil 3016 

(Chapter 5) were analysed, general higher accuracy of predictions were observed in soils, 3017 

with R2 mainly over 0.80 and RPD over 2 (Chapter 5), compared to those in litterfall and 3018 

decomposing litterfall, with the R2 mainly between 0.65 and 0.75 and RPD between 1.4 3019 

and 2 (Chapters 4 and 6). This may indicate that the obtained soil spectral reflectance has 3020 
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higher signal to noise ratio compared with those of litterfall/decomposing litterfall. 3021 

However, further studies are needed to predict the C functional group distributions, TC, 3022 

TN, δ13C and δ15N in the soil and litterfall/decomposing litterfall samples using the same 3023 

hyperspectral imaging system for a fair comparison of soil and litterfall signal to noise 3024 

ratios.  Further studies are also needed to investigate the possible reasons why 3025 

carbohydrate-C and O-aryl-C could not be predicted accurately in this study.  3026 

7.4 Future studies  3027 

This study has developed a better understanding of the short- to the medium-term 3028 

interaction of PB and climatic factors on C and N cycling in a suburban forest. The 3029 

information provided by this work could help scientists and decision-makers to make 3030 

appropriate decisions on forest management in terms of using prescribed burning. 3031 

Hyperspectral image analysis can also further help decision makers to undertake fast 3032 

assessment leading to fast decisions. There is still limited information on some aspects of 3033 

this research which require future examination.  3034 

The suggested future studies include: 3035 

1- Continuing the study of C and N cycling at the same study site for a longer period 3036 

of time (over 10 years) after PB to investigate the long-term dynamic of C and N 3037 

pools in the suburban forest; 3038 

2- Studying the short- to long-term variations in soil microbial properties, using 3039 

molecular methods, and their role in C and N cycling and transformation in the 3040 

forest ecosystems after PB;  3041 

3- Studying the TC, TN, δ13C and δ15N of the ashes added to soil after PB; 3042 

4- Conducting frequent gas-exchange, coupled with δ13C and δ18O measurements 3043 

simultaneously with soil and litter sampling to further understand and distinguish 3044 
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the role of PB, climatic and physiological factors on soil C and N cycling in the 3045 

forest ecosystems; 3046 

5- Establishing a controlled experiment with increased CO2 levels and decreased 3047 

water availability to better understand the mechanisms driving C and N cycling 3048 

under changing climate; 3049 

6- Investigating the C and N pools lost through leaching in the studied ecosystem 3050 

and the subsequent enrichment in 13C and 15N; 3051 

7- Using larger number of soil and litterfall/decomposing litterfall samples, data 3052 

transformation techniques and regression models to develop models with even 3053 

higher accuracies for predicting TC, TN, δ13C and δ15N and C functional group 3054 

distribution and to investigating the possible reasons resulting in the failure of the 3055 

prediction of carbohydrate-C and O-aryl-C in the decomposing litterfall samples; 3056 

8- Developing models to predict same variables such as TC, TN, δ13C, δ15N and C 3057 

functional group distributions, using the same hyperspectral imaging system, in 3058 

soil and litterfall/decomposing litterfall samples to compare the signal to noise 3059 

ratio of soil and litterfall/decomposing litterfall samples and to compare the 3060 

predictability of the same variables in soil and litterfall/decomposing litterfall 3061 

samples. 3062 
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