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Abstract: This article explores the use of vegetation indices (VIs) in remote sensing for estimating standing
wood volume and volume increments in forest ecosystems. The study investigates the correlations between
various VIs and wood volume across different forest stand age classes, focusing on the effectiveness of
commonly used indices such as Squared Ratio Simple Red Edge (SQSR) and Red-Edge Ratio Vegetation Index
(RERVI), as well as other typical indicators including Enhanced Vegetation Index (EVI), Red-Edge EVI (RE-
EVI), and Green Normalized Difference Vegetation Index (GNDVI). Additionally, the analysis considers a pair
of indicators based on blue and near-infrared channels, resembling the Blue-normalized Difference Vegetation
Index (BNDVI). The research reveals that quadratic and power-law models of SQSR and RERVI demonstrate
higher correlations (>0.40) with wood volume, especially in younger forest stands (>0.80). Furthermore, the
study highlights the potential of NDII and NDWI indices for estimating volume increments in certain classes
of forest stands (0.70). However, correlations vary across different forest stand classes, suggesting the need for
further investigation into the reliability of VIs for monitoring wood volume and volume increments in forest
ecosystems. Overall, this research contributes to the understanding of the applicability of VIs in remote sensing
for forest management and ecosystem monitoring.

Keywords: Vegetation indices (VIs); remote sensing; standing wood volume; forest management;
ecosystem monitoring; precision forestry

1. Introduction

Amidst the progression of climate change, forest young nursery crops are highly vulnerable
components within forest ecosystems, susceptible to adverse climatic alterations such as rising
temperatures, shifts in precipitation patterns, increased drought frequency, and extreme weather
events. These factors can significantly impact the growth dynamics and survival rates of young
plants, potentially destabilizing entire forest ecosystems [1-3] Monitoring these crops is crucial for
maintaining high-quality planting material, as it directly affects the health, growth rate, and overall
condition of future forest stands [4]. Precise control of growth parameters, including biomass
accumulation, leaf condition, resistance to abiotic stress (e.g., drought), and root system health, is
essential since seedlings with well-developed traits are less susceptible to diseases and damage
during early growth stages after transplantation [5]. This is critical for ensuring uniform and rapid
tree growth, which correlates with higher wood productivity in mature stands [6].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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The integration of modern monitoring techniques, such as remote sensing, mathematical
modeling and vegetation index analysis, allows for the real-time detection of growth-related issues
in seedlings, including nutrient deficiencies, water stress, and pathogen infections [7]. These
technologies enable rapid identification of problems and corrective actions, minimizing losses in
seedling production and ensuring a continuous supply of high-quality planting material. Remote
sensing also aids in the early detection of environmental stresses, such as water shortages or pest
infestations, enabling faster and more precise interventions [8]. As a result, remote sensing techniques
have become indispensable in modern forest management, supporting dynamic and effective
monitoring of young forest crops under changing climatic conditions. These models effectively utilize
economic theory to analyze supply and demand interactions with endogenous commodity prices,
and we review their recent developments, applications to forest policy, and future research directions
[9].

In Poland, forest management organizations like the State Forests National Forest Holding
utilize systems such as SILP and BDL to store information about timber availability for logging.
However, data acquisition is time-consuming due to extensive data collection across diverse forest
areas. Recently, remote sensing methods using satellite data have been explored to estimate timber
growth, offering real-time modeling during the vegetation season and enhancing predictions of
timber increments. Various models like TAMM, I[IASA-GTM, and FASOM have been developed since
the 1990s to incorporate timber growth models, but integrating satellite data into these models could
improve predictions of harvestable timber and market equilibrium in sectors like construction and
renewable energy.

Mura et al. (2018) evaluated Sentinel-2 multispectral imagery for estimating forest growth
volume in Italian study areas, with 52 outperforming Landsat and RapidEye in predicting growth
volume [10] . Ma et al. (2023) used the NDVIRE vegetation index and the random forest algorithm
with Sentinel-2 data to assess forest stock volume in the Helan Mountains, China, achieving >80%
accuracy [11]. Khan et al. (2020) explored correlations between 25 vegetation indices and biomass
using LANDSAT data in Pakistan, finding RERVI to have the highest correlation with biomass (12 =
0.68), surpassing other indices in sensitivity to biomass variations. RE-EVI and RE-NDVI also showed
notable correlations (R2 = 0.67), with reduced saturation effects [12]. Yu et al. (2023) estimated forest
stock volume in China by integrating multispectral satellite imagery and LiDAR data, using a random
forest model to assess larch forest stock volume based on training samples from Airborne Laser
Scanning (ALS) and Sentinel-2 imagery [13].

This study aims to apply earlier methods for assessing growing stock volume in the Torun
Forestry District, located in north-central Poland. The area was chosen for its uniformity, allowing
statistical calculations based on Sentinel data (14,599.46 ha). The forests in this district exhibit a
relatively low level of habitat fertility and tree species richness, with Scots pine covering 84.8% of the
area, and other species like oak, birch, alder, beech, and poplar along the Vistula River.

2. Materials and Methods

In this article, the validation of individual algorithms was conducted using a) in-situ data from
Forest Data Bank (BDL) and b) SENTINEL data from the 2023 vegetation season, focusing on the
territory of the Torun Forestry District.

2.1. Reference Data

The information used in this study originated from the Forest Data Bank, which undergoes
regular updates on an annual basis through on-site forest inventories conducted by forestry
authorities [14]. Each entry in the dataset provides details about an individual forest stand, defined
in forestry as a uniform forest area distinguished by economically significant characteristics that
necessitate consistent management practices. These individual forest stands typically cover areas
ranging from one to several hectares. The database for the year 2023 for the Torun Forest District
encompassed a total of 8 860 records. For the subsequent analysis, specific forest stand parameters
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were considered, including (1) species, (2) age, (3) density, (4) height, (5) timber volume vyer for
vegetation seasons 2022 and 2023.

For further analyses, only those forest stands were selected in which the percentage contribution
of Scots pine was not less than 80%.

The timber growth (T) was calculated by taking the difference in timber volume between the
years 2023 and 2022: T = v2023 - v2022. It was assumed that this growth must be positive. Additionally,
if the difference is negative for a particular forest stand, it was inferred that timber extraction occurred
in the year 2023 or natural events such as windbreaks, etc. took place. Consequently, such forest
stands were excluded from further analysis.

2.2. Satellite Data

Image selections were made, specifically opting for those with cloud coverage below 20%,
ensuring high data quality. For each chosen time point, two vectors: I and VI, were defined based on
the imagery. Vector I represents the intensity of reflected light across all SENTINEL channels, while
Vector VI is derived from I and consists of calculated values of vegetation indices. The vegetation
indices are detailed in the Table 1.

Table 1. Vegetation Indices used for timber volume estimation. VIs are mainly sourced from the Table
Al from Khan et al. (2020).

Vegetation Index Formula Reference
EVI - Enhanced VI EVI2 = 25— R RED [15]
- ance =2.
2
GNDVI - Green Normalized Difference VI GNDVI = — "~ " [16])
NDVI - Normalized Diff VI =— = 17
ormalized Difference NDVIIV - NI gbeR ) [17]
SAVI - Soil Adjusted VI AVI = —————— (1+1 18
oil Adjuste SAVI = e 7 (4 D) (18]
. . NIR
SQSR - Square Root Simple Ratio SQSR = RED [19]
TSAVI - Transformed Soil Adjusted VI TsAVI = ——i R — aRED —b) 20
 ranstormed Sotl Adjuste ~ a(NIR — b) + 0.08(1 + a2 [20]
NIR — SWIR
NDII — Normalized Difference Infrared Index NDIl = ————— [21]
NIR + SWIR
NIR — SWIR’
NDWI — Normalized Difference Water Index NDW[ = ——— [22]
i
RE-EVI - Re-Edge Enhanced VI =2 — 23
S Hege Brance REwi = 25 VIR s 24 RE+1 [23]
. . NIR — RE
RENDVI - Red-Edge Normalized Difference VI RENDVI = ——— [24]
RERVI - Red Edge Ratio Vegetation Index RERVI = RE [25]

Data were acquired using Sentinel Hub and Python software (v3.0). Forest stand shapefiles were
obtained from the Forest Data Bank. Mean light reflectance (R) and standard deviation (dR) were
computed monthly for the 2023 growing season, and vegetation indices (VI) were derived
accordingly (Table 1).

2.3. Statistical Analysis

For each forest stand and for each month between April and September, the Cloud Index was
computed based on channels 3 and 11. Records where the Cloud Index exceeded 0.3 were excluded
from further analysis. For each forest stand and for each month, the Vegetation Index (VI) described
in Table 1 was calculated. For the months of the growing season from April to Spetember, the time
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integral of VI was computed for each forest stand and for each VI indicator (refer to Figure 1). As a
second approach - apart from calculating the indices from Table 1 - for each pair of optical channels,
anormalized difference index was computed (66 pairs). For each of them, a procedure similar to that
for the indices from the literature was performed.
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Figure 1. Forest stand: id= 1224008699, degradation: natural, pine cover = 100%, pine age 87 years, dv
= 7,20 m>ha'. Left: Tree crowns in January 2024. Right: Temporal evolution of TSAVI index in 2022
and its integral between April and September.

Two hypotheses were proposed.

H1: The time integral of VI indicators corresponds to the biomass quantity and should
therefore be correlated with the volume of wood per hectare (stand biomass).

H2: The time integral of VI indicators corresponds to the amount of green biomass
(chlorophyll) and should therefore be correlated with the volume increment of wood per
hectare (biomass increment) during the growing season.

For each indicator, the following fitting models were computed for a) v22 and b) dv:

e linear: v,, = aVl + b,

e quadratic: v, = aVI* + bVI +c,

e  logarithmic: v,, = a + bIn(cVI), and

e powerlaw v,, =a+bc?"!

where 4, b, c and d are optimal fitting coefficients. The same procedure was applied to dv. For each
model of each indicator, the correlation with v22 and dv was calculated accordingly.

3. Results
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According to the forest database in the Torun Forestry District in 2022, there were 4908 forest
stands covering an area of 13,311 hectares. Further analysis included 1619 forest stands where Scots
pine constituted 100% of the uppermost layer, regardless of age and other environmental parameters.
These stands covered an area of 5451 hectares.

In the research sample, over 91% of forest stands consisted of pine forests or mixed pine forests,
with 88% categorized as fresh and 3% as dry. Moisture type was predominantly fresh habitats at 95%
and dry habitats at 3%. A significant division was observed between natural habitats (59%) and those
degraded by economic activity (41%). Habitats were situated mainly on rusty soils, arenosols (6%),
and peaty soils (4%). Approximately 94% of habitats were subject to at least one form of protection,
with 79% of them showing damages primarily caused by insect factors (69%), fungal factors (5%),
and animal-related factors (4%).

The productivity index of forest habitat and stands, which assesses the potential production
capabilities of forest habitats for Scots pine, indicated that 74% of stands were in the two highest
classes (referred to as I and II bonitation classes), 23% were in the medium class (III bonitation class),
and only 3% were in the lowest bonitation classes. The age distribution of Scots pines in all forest
stands (73.4 years +/- 27.5 years) is presented in Figure 2.
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Figure 2. The age distribution of Scots pine trees in 1619 forest stands where this species constituted
a monoculture in the uppermost layer of the stand. Mean age: 73,4 +/- 27.5 years.

The considered forest stands mainly differ due to two parameters: the first one is the age of trees,
and the second one is the degradation or absence of habitat degradation. Correlations of indices with
wood volume or wood volume increment are calculated first for all forest stands and then separately
for the following categories: young stands (< 40 years old), middle-sized stands (40-80 years old),
older stands (> 80 years old), natural stands, and degraded stands.

3.1. Correlations between Forest Stand Volume and Its Growth with Typical Vegetation Indices.

For all forest stands the 72 values between literature VI models (linear, quadratic, logarithmic,
and power-law) and wood volume in 2022 did not exceed 0.21 (0.208 for quadratic forms for RERV],
0.170 for SQSR, 0.133 for EVI and GNDVI. For the wood volume increase between 2022 and 2023 2
values did not exceed 0,01 (Table 2-


https://doi.org/10.20944/preprints202409.1694.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 September 2024 d0i:10.20944/preprints202409.1694.v1

Table 2. The correlation between vegetation index-based models and a) pine wood volume in 2022,
b) wood volume increment between 2022 and 2023.

12 between wood volume in 2022 and the model r2 between wood volume increase between 2022

VI based on VI an 2023 and the model based on VI
Linear Quadratic Logarithmic Power- Linear Quadratic Logarithmic Power-
law law
NDVI 0.0875 0.1081 0.0618 0.1003  0.0005 0.0041 0.0009 0.0005
EVI 0.1074 0.1329 0.0762 0.1234 0.0005 0.0019 0.0005 0.0005
GNDVI 0.1049 0.1334 0.0744 0.124 0.0001 0.0046 0.0019 0.0001
SAVI 0.0876 0.1083 0.0619 0.1005  0.0005 0.0041 0.0009 0.0005
SQSR 0.1353 0.1701 0.0957 0.1578 0.0003 0.0007 0.0004 0.0003
TSAVI 0.071 0.0892 0.0497 0.0711 0.0004 0.0098 0.0019 0.0004
NDII 0.0864 0.088 0.0707 0.0873  0.0072 0.0079 0.0044 0.0072
NDWI 0.0966 0.0971 0.0825 0.0969 0.0051 0.0074 0.0027 0.0051
REEVI 0.103 0.1312 0.0721 0.1211 0.0 0.0042 0.0016 0.0
RENDVI  0.0899 0.1108 0.0645 0.1036 0.0 0.0051 0.0033 0.0
RERVI 0.1631 0.2081 0.1151 0.1929  0.0001 0.0001 0.0003 0.0001

The correlation between forest stand volumes in 2022 and any vegetation index did not exceed
0.5. Correlations above 0.4 were observed only for the SQSR and RERVI indices, specifically for their
quadratic and power-law models. Additionally, the correlation of quadratic models for the EV],
GNDVI, and REEVI indices exceeded 0.35. For wood volume increases, the correlation of VI models
ranged up to 0.1 (Table 2).

For the youngest forest stand class (< 40 years), the quadratic form of all indices was the most
correlated with wood volume in 2022. The average correlation between the quadratic form of indices
and wood volume exceeded 0.78. The highest correlations were observed for the quadratic form of
RERVI (0.84), SQSR, and GNDVI (>0.8), as well as EVI, NDVI, SAVI, TSAVI, REEVI, and RENDVI
(>0.75). The correlation for other forms of indices ranged from 0.3 to 0.5. Similarly, for forest stands
up to 40 years old, the quadratic form was also the most correlated with annual growth, with an
average VI correlation of 0.76. A similar result was obtained for the logarithmic form, with an average
correlation of 0.71. Regarding volume increases, the most highly correlated indices were NDWI and
NDIIL as well as RENVI and RERVI (on average > 0.7) (Table 3)

Table 3. The correlation between vegetation index-based models and a) pine wood volume in 2022,
b) wood volume increment between 2022 and 2023 for pine forests with age below 40 years.

12 between wood volume in 2022 and the model r2 between wood volume increase between 2022

VI based on VI an 2023 and the model based on VI

Linear Quadratic Logarithmic Power- Linear Quadratic Logarithmic Power-

law law

NDVI 0.1162 0.5883 0.05 0.1159  0.3865 0.5623 0.4626 0.386
EVI 0.133 0.6245 0.0608 0.1327  0.4103 0.5661 0.4853 0.4098

GNDVI  0.1886 0.6631 0.1013 0.1883  0.3821 0.5291 0.4544 0.602

SAVI 0.1165 0.5901 0.0501 0.1162  0.3864 0.5619 0.4625 0.386
SQSR 0.1616 0.6719 0.0803 0.3758  0.4402 0.5662 0.5119 0.4398
TSAVI  0.1102 0.5888 0.0455 0.2679 0.379 0.571 0.4575 0.3788
NDII 0.1798 0.4779 0.1105 0.1795 0.538 0.6249 0.6057 0.5377
NDWI 0.2741 0.549 0.1908 0.2738  0.5301 0.5813 0.585 0.5299
REEVI 0.16 0.5862 0.0824 0.1596  0.4319 0.609 0.513 0.4315
RENDVI  0.189 0.5978 0.1051 0.1887  0.394 0.5472 0.4659 0.5914
RERVI  0.1936 0.7123 0.1041 0.4369  0.4617 0.5547 0.5272 0.4613

For middle-aged forest stands (40-80 years), only two indices (RERVI and SQSR) show an
average correlation with wood volume in 2022 above 0.4. Among these, the power-law and quadratic
forms of RERVI exhibit the highest correlations (0.51 and 0.50 respectively). Similarly to all forest
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stands, quadratic and power-law forms of indices are the most highly correlated, with all indices
except TSAVI correlating with volume above 0.33. The weakest correlations are observed for
logarithmic forms of indices. Regarding wood volume increases, the NDII index shows the highest
correlation, ranging from 0.17 to 0.18 depending on its form. The other indices do not exceed a
correlation of 0.10 (Table 4).

Table 4. The correlation between vegetation index-based models and a) pine wood volume in 2022,
b) wood volume increment between 2022 and 2023 for middle-age pine forests (40 — 80 years).

12 between wood volume in 2022 and the model r2 between wood volume increase between 2022

VI based on VI an 2023 and the model based on VI
Linear Quadratic Logarithmic Power- Linear Quadratic Logarithmic Power-
law law
NDVI 0.0984 0.1207 0.0849 0.1303  0.0026 0.0219 0.0001 0.0026
EVI 0.1241 0.1507 0.1068 0.159 0.0039 0.0174 0.0006 0.0038
GNDVI 0.1181 0.1496 0.1006 0.16 0.0017 0.0262 0.0001 0.0017
SAVI 0.0985 0.1208 0.085 0.1305  0.0026 0.0221 0.0001 0.0026
SQSR 0.1637 0.2016 0.1391 0.2096  0.0054 0.0157 0.0015 0.0054
TSAVI 0.0799 0.1014 0.0686 0.0799 0.0021 0.0353 0.0001 0.0021
NDII 0.1255 0.1301 0.1165 0.1317 0.031 0.0311 0.0295 0.031
NDWI 0.1166 0.1171 0.1127 0.1172  0.0108 0.0117 0.0107 0.0108
REEVI 0.1288 0.1695 0.1075 0.1841 0.0031 0.024 0.0002 0.0031
RENDVI  0.0939 0.1173 0.0806 0.1284 0.0 0.0221 0.0026 0.0
RERVI 0.2041 0.2547 0.1717 0.262 0.007 0.0144 0.0026 0.007

For the oldest trees aged above 80 years, once again, the indices RERVI and SQSR exhibit the
highest relationships with wood volume in 2022, but their average correlation does not exceed 0.50
(the highest correlation occurs for the quadratic form of RERVI). In the case of this class, the form of
the index is not as significant as in the other tree classes: the average correlation for quadratic forms
is 0.40, while for other forms it is 0.38. Regarding wood volume increases, correlations do not exceed
10% except for NDWI. Once again, the quadratic form of the index shows clearer correlations (0.08 —
0.17), while for other forms, it is below 0.10 (Table 5).

Table 5. The correlation between vegetation index-based models and a) pine wood volume in 2022,
b) wood volume increment between 2022 and 2023 for old pine forests (over 80 years).

12 between wood volume in 2022 and the model r2 between wood volume increase between 2022

VI based on VI an 2023 and the model based on VI
Linear Quadratic Logarithmic Power- Linear Quadratic Logarithmic Power-
law law

NDVI 0.1372 0.1428 0.1367 0.1371  0.0025 0.0082 0.0003 0.0025
EVI 0.1627 0.1676 0.1614 0.1626  0.0014 0.0114 0.0003 0.0014
GNDVI  0.1627 0.1634 0.1572 0.1626  0.0005 0.0078 0.0009 0.0005
SAVI 0.1374 0.1429 0.1368 0.1373  0.0024 0.0082 0.0003 0.0024
SQSR 0.1946 0.1979 0.1917 0.1945  0.0002 0.0147 0.0006 0.0002
TSAVI  0.1117 0.1159 0.1107 0.1117  0.0024 0.0042 0.0009 0.0024
NDII 0.0853 0.1237 0.0946 0.0852  0.0028 0.0129 0.001 0.0028
NDWI 0.1088 0.1384 0.1168 0.1087  0.0124 0.0279 0.004 0.0124
REEVI 0.1508 0.1567 0.1507 0.1507  0.0002 0.0065 0.0014 0.0002
RENDVI  0.1493 0.1533 0.1477 0.1493  0.0037 0.0089 0.0004 0.0037
RERVI  0.2249 0.2268 0.22 0.2248  0.0001 0.0198 0.0011 0.0001

For degraded forest stands, the correlation with wood volume in 2022 pertains to RERVI indices
(power-law, quadratic, and linear forms — 0.54-0.61) and SQSR (the same 3 forms — 0.51-0.57). Slightly
lower correlations are observed for EVI and GNDVI in power-law and quadratic forms (0.52).
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Regarding annual wood volume increments, the highest correlation does not exceed 0.2 - this is
observed with the quadratic form of the RERVI index (Table 6).

Table 6. The correlation between vegetation index-based models and a) pine wood volume in 2022,
b) wood volume increment between 2022 and 2023 for degraded pine forests.

12 between wood volume in 2022 and the model r2 between wood volume increase between 2022

VI based on VI an 2023 and the model based on VI

Linear Quadratic Logarithmic P(l);v;r- Linear Quadratic Logarithmic P(l);v;r-

NDVI 0.2021 0.2363 0.1627 0.2019 0.003 0.0035 0.0005 0.003
EVI 0.2251 0.2703 0.1786 0.2692  0.0062 0.0097 0.0001 0.0067
GNDVI 0.2174 0.2655 0.172 0.2671  0.0028 0.0059 0.0009 0.0028

SAVI 0.2026 0.2367 0.1632 0.2023 0.003 0.0035 0.0005 0.003
SQSR 0.2583 0.3217 0.201 0.3213  0.0113 0.0206 0.0001 0.0113
TSAVI 0.1866 0.2113 0.1533 0.1866  0.0003 0.0009 0.0019 0.0003
NDII 0.1611 0.1643 0.1427 0.1611 0.0066 0.0166 0.0 0.0066
NDWI 0.1746 0.1753 0.1605 0.1746  0.0044 0.0187 0.0007 0.0044
REEVI 0.2187 0.2631 0.1727 0.2184  0.0065 0.0091 0.0 0.0065
RENDVI 0.1946 0.2264 0.1574 0.2258 0.0022 0.0025 0.0009 0.0022
RERVI 0.2891 0.373 0.2212 0.3739 0.018 0.0361 0.0007 0.0228

For natural forest stands, the correlation with wood volume in 2022 pertains to RERVI indices
(all forms — 0.30-0.38) and SQSR (quadratic, linear and power-law forms — 0,32-0,34). Slightly lower
correlations are observed for EVI, REEVI and GNDVI in quadratic form (0.30). Regarding annual
wood volume increments, the highest correlation does not exceed 0.14 - this is observed with the
quadratic form of the TSAVI index (Table 7).

Table 7. The correlation between vegetation index-based models and a) pine wood volume in 2022,
b) wood volume increment between 2022 and 2023 for non-degraded, natural pine forests.

12 between wood volume in 2022 and the model r2 between wood volume increase between 2022

VI based on VI an 2023 and the model based on VI
Linear Quadratic Logarithmic P(;:v‘:r- Linear Quadratic Logarithmic P(l);vv:r-
NDVI 0.0572 0.0655 0.0404 0.0572 0.0 0.0123 0.0099 0.0
EVI 0.0755 0.0861 0.054 0.0753  0.0001 0.0098 0.0079 0.0001
GNDVI 0.0742 0.0877 0.0529 0.0741 0.0004 0.0175 0.0142 0.0004
SAVI 0.0572 0.0657 0.0404 0.0572 0.0 0.0124 0.01 0.0
SQSR 0.1015 0.1177 0.0726 0.1014  0.0002 0.0088 0.0067 0.0002
TSAVI 0.042 0.0502 0.0287 0.042 0.0001 0.0185 0.0139 0.0001
NDII 0.0663 0.0663 0.0561 0.0663 0.0082 0.0095 0.0004 0.0082
NDWI 0.0778 0.0778 0.0681 0.0778 0.0048 0.0048 0.0 0.0048
REEVI 0.0707 0.0839 0.0495 0.0706  0.0001 0.0181 0.0122 0.0001
RENDVI 0.0618 0.0715 0.0445 0.0617 0.0007 0.0141 0.0158 0.0007
RERVI 0.1285 0.151 0.092 0.1409 0.0003 0.0077 0.0054 0.0003

3.2. The Correlations between Forest Stand Volume and Its Growth, and Normalized Difference Indices for
Sentinel Optical Channels.

In the case of all records, correlations with wood volume in 2022 exceeding 30% were achieved
by the following difference indices, apart from the standard GNDVI, NDVI, NDWI, and RENDVI
(see Table 2):

e ¢ ¢ based on channels C1 and C7 (2= 0.11 for quadratic and power forms),

e ¢ ¢ based on channels C1 and C8 (2 = 0.13 for quadratic and 0.12 for power forms),
e ¢ ¢ based on channels C2 and C8 (2= 0.10 for quadratic and 0.10 for power forms).
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All other combinations yielded correlations below 30%.

In the case of all records, the correlation with wood volume increase in 2022 was highest for the
combination of channels C2 and C8, with 72 =0.04.

For young stands (<40 years), the highest correlations with wood volume in 2022, apart from the
standard GNDVI, NDVI, NDWI, and RENDVI (see Table 3), were achieved by the following
difference indices:

e ¢ ¢ based on channels C1 and C7-C9 (2 = 0.56 — 0.60 for quadratic forms),
e ¢ ¢ based on channels C3 and C5 (r? = 0.59 for quadratic forms).

The highest correlations with wood volume increase, apart from the aforementioned standard
indices, were obtained for the index based on channels C2 and C6-C7, with 72 = (0.82-0.89. It is worth
noting that for the NDVI, NDWI, and RENDVI indices, all versions based on NIR channels in Sentinel
(C6 — C8) had correlations with wood volume increase as high as the originally formulated indices.

For middle-aged stands (40-80 years), correlations with wood volume in 2022 exceeding 30%
were achieved by the difference index based on channels C1 and C6-C8, apart from the standard
GNDVI, NDVI, NDII, NDWI, and RENDVI (see Table 4) (2 = 0.09 — 0.16 for forms other than
logarithmic). The highest correlation with wood volume increase was obtained for the index based
on channels C7 and C8, with r2 = 0.10 for all forms other than logarithmic. It is better correlated with
wood volume increase than any standard index in this age class of pines.

For older stands (>80 years), correlations with wood volume in 2022 exceeding 30% were
achieved by the difference index based on channels C2 and C6-C8, apart from the standard GNDV],
NDVI, NDII, NDWI, and RENDVI (see Table 5) (2 =0.14 — 0.21 for forms other than logarithmic). No
correlations with wood volume increase above 20% were recorded.

For degraded stands, correlations with wood volume in 2022 exceeding 30% were achieved by
the index based on channels C1 and C7 or C8 in quadratic and power forms (r? = 0.32-0.38). This
combination also had a 30-40% correlation with wood volume increase in this class (r2= 0.08-0.15). In
the case of natural stands, no additional correlations were observed beyond those listed in Table 7.

4. Discussion

The application of vegetation indices for estimating wood volume and volume increments
differs significantly. For wood volume estimation, indices such as SQSR and RERV]I, particularly their
quadratic and power-law models, demonstrate higher correlations. On the other hand, for volume
increments, indices like NDII and NDWI show stronger correlations in some classes of forest stands.

4.1. Standing Wood Volume

The correlations between various vegetation indices and wood volume, as indicated by the
coefficient of determination (r?), vary across different forest stand classes and indices. Generally, the
quadratic and power-law models of indices like SQSR and RERVI exhibit higher r? values compared
to standard vegetation indices like GNDVI, NDVI, NDWI, and RENDVI. For example, in younger
forest stands (<40 years), the quadratic forms of these indices show strong correlations with wood
volume, with average r? values exceeding 0.78. However, the effectiveness of these indices diminishes
for middle-aged and older stands, with 2 values typically ranging from 0.4 to 0.5. In contrast,
standard vegetation indices like GNDVI, NDVI, and NDWI tend to have lower 2 values, ranging
from 0.3 to 0.5 across different forest stand classes. Further investigation is needed to better
understand the variability in 72 values and to assess the reliability of different vegetation indices for
monitoring wood volume in forest ecosystems, but the SQSR and RERVI indices demonstrate
promising potential for monitoring wood volume in forest ecosystems, particularly when
considering their quadratic and power-law models.

4.2. SQSR and RERVI Correlations with Standing Wood Volume and Wood Increament

Comparing the results obtained for the SQSR index with the findings presented in Khan et al.
(2020), it is evident that SQSR exhibits notable correlations with wood volume across various forest
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stand age classes. In my study, correlations above 0.4 were observed specifically for the quadratic
and power-law models of SQSR, indicating its effectiveness in estimating wood volume. This aligns
with the observations made by Khan et al. (2020), where narrowband red-edge vegetation indices,
including SQSR, demonstrated better performance in biomass estimation compared to broadband
vegetation indices. Particularly, the quadratic form of SQSR exhibited correlations exceeding 0.8 for
the youngest forest stands, indicating its strong association with wood volume. Additionally, in
middle-aged stands and old stands, SQSR, along with RERVI, showed average correlations above 0.4
with wood volume.

Comparing findings regarding RERVI with the results presented in Ahmad et al. (2023), it is
evident that there are notable differences in the performance of RERVI in estimating biomass [26]. In
my study, RERVI demonstrated an average correlation of 0.50 for all forest stand age classes,
indicating its effectiveness in estimating wood volume. However, Ahmad et al. (2023) reported a
lower correlation of 0.11 for RERVI in their study, suggesting a poor performance of RERVI in
biomass estimation [26]. Additionally, while RERVI exhibited the highest correlations with wood
volume for young stands (~0.8) in my study, the correlation decreased to 0.4 - 0.5 for middle-aged
and older stands. Interestingly, the correlation was higher for degraded stands (~0.6) compared to
natural stands (~0.3). This discrepancy suggests that the performance of RERVI may vary depending
on forest stand characteristics, indicating the need for further investigation into this matter.

It is worth noting that correlations with wood volume increment occur only for RERVI for the
youngest forest stands, however, its magnitude is comparable to other typical indices such as NDWI,
NDII, RENDVL

4.3. VI Correlations with Standing Wood Volume

Apart from these two commonly used indicators in individual classes, other typical indicators
can also be applied. In particular, this includes a pair of enhanced indicators: EVI and RE-EVI. In the
all and young forest stand classes, they have correlations lower than the SQSR-RERVI pair by 0.05,
namely 0.35 and 0.75, respectively. Unfortunately, they cannot be used in older tree classes. EVI, like
the SQSR-RERVI pair, can also be useful in degraded forest stand classes. These data confirm the
results of Ogaya et al. 2015, where it was found that, among other factors, aboveground biomass
growth correlated with certain MODIS products, such as NDVI and EVI specifically [27]. EVI, similar
to NDVI, proved to be effective indicators of forest productivity and tree mortality. In the case of pine
forests in the Torun Forest District, NDVI can be used like EVI and RE-EVI only for pines under 40
years old. Similarly to this case, Olofsson et al. 2008 observed a correlation between ground biomass
and EVI (0.85-0.67 for coniferous tree data), but did not find linear relationships with NDVI [28].

Another indicator to consider is GNDVI, whose correlation in the tree class under 40 years old
is 0.35. However, when considering degraded and natural forests separately, the quadratic model of
GNDVI correlates with wood volume by 0.50 and 0.30, respectively, regardless of the age class.
Nevertheless, based on the study by Pertille et al. 2019, it can be assumed that GNDVI may be
considered only for Sentinel data, where this indicator was one of the three most correlated with
biomass per plot for Pinus taeda L. species. On the other hand, for Landsat data, this indicator was
not as useful [29].

The statistical analysis among indicators outside the list in Table 1 also identified a pair of
indicators based on blue and near-infrared channels. The first indicator is a normalized difference
index based on channels 1 and 8 or 9 (in some cases also 1 and 7). This indicator has an overall
correlation with wood volume comparable to EVI and GNDVI (~0.35). Its correlation in the youngest
tree class increases to >0.7. In the middle-aged tree class, its correlation again is 0.3. Interestingly, in
degraded forest stands, it correlates with wood volume at the level of the best indicator in this class,
namely RERVI (~0.6). The second indicator differs from the first by using the blue channel (channel
2). It is useful for estimating wood volume in older stands where, depending on the NIR channel
used, its correlation ranges from 0.3 to 0.4. These indicators can be considered equivalent to the
BNDVI (Blue-normalized difference vegetation index, [30]):
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NIR-BLUE

BNDVI = .
NIR+BLUE

4.4. VI Correlations with Wood Increment

For all pine forest stands, none of the single indicators proposed in the table were correlated
with wood volume increment. The strongest correlation was observed with the indicator based on
blue and near-infrared channels, BNDVI (~0.2). Therefore, the use of other vegetation indices for
assessing wood volume increment was unsuccessful.

For middle-aged, older, natural, and degraded forest stand classes, correlations in the range of
0.1 - 0.2 were also exhibited by NDII, NDWI, TSAVI, and RERVI, respectively. Additionally, the
BNDVI indicator correlated with wood volume increments for middle-aged and degraded stands at
the level of 0.3.

The situation is different for the youngest forest stands up to forty years old. Here, as many as
five vegetation indices collaborated with increments at a level of 0.7. These were: NDWI, NDIIL,
RENDVI, REEVI, and BNDVL

5. Conclusions

The application of vegetation indices for estimating wood volume and volume increments varies
significantly across different forest stand classes and indices. For wood volume estimation, indices
such as SQSR and RERV], particularly their quadratic and power-law models, demonstrate higher
correlations, indicating their effectiveness, especially in younger forest stands. On the other hand, for
volume increments, indices like NDII and NDWI show stronger correlations in some classes of forest
stands.

The correlations between various vegetation indices and wood volume vary across different
forest stand classes and indices. Quadratic and power-law models of indices like SQSR and RERVI
exhibit higher correlations compared to standard vegetation indices like GNDVI, NDVI, NDWI, and
RENDVI. However, the effectiveness of these indices diminishes for middle-aged and older stands.
Standard vegetation indices tend to have lower correlations across different forest stand classes.
Further investigation is needed to assess the reliability of different vegetation indices for monitoring
wood volume in forest ecosystems.

Comparing the results obtained for the SQSR index with the findings presented in Khan et al.
(2020), SQSR exhibits notable correlations with wood volume across various forest stand age classes,
especially when considering its quadratic and power-law models. Similarly, RERVI demonstrates
effectiveness in estimating wood volume across different forest stand age classes. However, the
correlation with wood volume increment occurs only for RERVI for the youngest forest stands, with
comparable magnitude to other typical indices such as NDWI, NDII, RENDVI.

Apart from commonly used indicators like SQSR and RERVI, other typical indicators such as
EVI, RE-EVI, and GNDVI can also be applied in certain scenarios. EVI and RE-EVI show correlations
lower than the SQSR-RERVI pair but can be useful, especially in degraded forest stand classes.
GNDVI shows potential, particularly when considering Sentinel data. Additionally, a pair of
indicators based on blue and near-infrared channels, resembling BNDVI, demonstrate promising
correlations with wood volume, especially in younger forest stands.

For all pine forest stands, none of the single indicators proposed in the table were correlated
with wood volume increment. However, correlations in the range of 0.1 - 0.2 were exhibited by NDII,
NDWI, TSAV], and RERVI in middle-aged, older, natural, and degraded forest stand classes. The
BNDVI indicator correlated with wood volume increments for middle-aged and degraded stands at
the level of 0.3. In contrast, for the youngest forest stands up to forty years old, as many as five
vegetation indices collaborated with increments at a level of 0.7, including NDWI, NDII, RENDVI,
REEVI, and BNDVIL
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