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Highlights

What are the main findings?

We found that the saturation of 12 vegetation indices was strongly influenced by
canopy height. ARVI, GNDVI, NDRE, OSAVI, and SAVI reached saturation at a
canopy height of 40 cm, whereas DVI, EVI, MSAVI, NDPI, NDVI, RVI, and VARI
remained sensitive up to 50 cm, indicating stronger resistance to saturation in the
latter group.

Gompertz models performed best for 10 of the 12 indices. NDVI and NDPI achieved
the highest fitting accuracy and resistance to saturation among the 12 VIs.

What are the implications of the main findings?

The identified saturation height provides a practical basis for choosing appropriate
vegetation indices according to canopy-height conditions, improving the accuracy and
reliability of aboveground biomass (AGB) estimation in a temperate meadow steppe.
The unimodal vertical distribution of AGB, together with index-specific saturation
thresholds, provides new insights for model development. These findings support
the design of refined monitoring strategies and offer methodological guidance for
improving AGB estimation in high-biomass environments.

Abstract

Grassland aboveground biomass (AGB) is a key indicator of grassland ecosystem structure

and function, and its accurate monitoring is of great importance for assessing grassland eco-

logical conditions and supporting sustainable grassland management. Traditional biomass
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estimation methods based on vegetation indices (VIs) often suffer from saturation due
to canopy shading. However, comparative studies on VI saturation and the saturation
height of AGB detectable by different indices remain limited. In this study, we evaluated
12 commonly used VIs based on field-measured AGB and hyperspectral data in the Hu-
lunbuir meadow steppe. Relationships between vertically accumulated biomass and VIs
were analyzed to identify optimal AGB fitting models and to determine the saturation
height of each index. Results showed that vertical distribution of AGB followed a unimodal
pattern, with biomass peaking at approximately 36 cm in this region. This study employed
four models (namely the Linear model, the Logarithmic model, the Power Function model
and the Gompertz model) to fit the relationship between the vegetation index and AGB.
Among them, Gompertz models consistently outperformed other models, indicating sat-
uration across all indices. Based on saturation height, the 12 VIs were classified into two
groups: ARVI, GNDVI, NDRE, OSAV], and SAVI saturated at 40 cm, whereas DVI, EV],
MSAVI, NDPI, NDVI, RVI, and VARI maintained sensitivity up to 50 cm, demonstrating a
stronger anti-saturation capacity. NDVI and NDPI exhibited the highest fitting accuracy
and resistance to saturation. These findings validate the saturation limitations of VIs and
provide guidance for selecting appropriate indices to improve the accuracy of grassland
biomass retrieval.

Keywords: grassland aboveground biomass; vegetation indices; saturation; canopy height;
vertical distribution

1. Introduction

Grasslands are the largest terrestrial ecosystem on earth, covering approximately
40.5% of the global land surface and storing about 34% of terrestrial carbon [1]. They serve
as a fundamental land resource for human survival and development, providing food and
habitat for herbivores and forming a crucial basis for livestock production [2]. Furthermore,
grassland ecosystems play a vital role in maintaining ecological balance and protecting the
environment through functions such as soil and water conservation, climate regulation, and
biodiversity preservation [3-5]. Aboveground biomass (AGB), defined as the total amount
of organic material accumulated and stored in the aboveground parts of plant communities
per unit area over a given period, typically expressed as dry or fresh weight [6], is a key
indicator of vegetation growth and carbon sequestration potential [7]. Therefore, accurate
knowledge of the spatial and temporal distribution of grassland AGB, as well as timely and
precise predictions, is essential for evaluating grassland carrying capacity and ensuring
ecosystem security [8,9].

Currently, grassland AGB monitoring primarily relies on ground-based measurements
and remote-sensing techniques [10]. Ground-based measurement, also known as the direct
harvest method, provides high-accuracy biomass data by directly clipping, drying, and
weighing plant material, and is regarded as the most reliable reference standard. However,
this approach has notable limitations: sample collection and processing are time- and
labor-intensive [11], and in certain regions, it is constrained by terrain and environmental
factors, making it unsuitable for long-term, large-scale biomass estimation [12]. In con-
trast, with the rapid advancement of remote-sensing technology, AGB estimation based
on multi-source remote-sensing data has become the main approach for large-scale and
high-frequency biomass monitoring [13,14], providing an effective technical support for
grassland resource management.

Models commonly used for grassland biomass estimation include physical models and
statistical models. Physical models estimate AGB by establishing the physical relationships
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between vegetation physiological parameters and canopy spectral reflectance [15]. How-
ever, these models are initiated from simulating the biophysical processes of vegetation,
resulting in a high model complexity and numerous vegetation parameters, which limit
their applicability for large-scale biomass estimation [16]. In contrast, statistical models
relate remote-sensing data to grassland biomass through explicit parameterized expressions
and have become one of the most widely applied modeling approaches [17]. Among their
inputs, VIs are considered key input parameters due to their easy accessibility, simple
computation, and strong correlation with vegetation growth [18]. VIs are composite in-
dicators derived from mathematical operations on reflectance values of different spectral
bands in remote-sensing imagery [19]. Different types of VIs are based on distinct spec-
tral responses and offer various advantages in reflecting vegetation conditions such as
vegetation coverage, chlorophyll content, and biomass. According to their mathematical
formulations, commonly used VIs can be classified into several categories. These include
normalized difference indices, such as Normalized Difference Vegetation Index (NDVI),
Normalized Difference Red Edge Index (NDRE), Normalized Difference Phenology Index
(NDPI), Green Normalized Difference Vegetation Index (GNDVI); soil-adjusted indices,
including Soil Adjusted Vegetation Index (SAVI), Optimized Soil Adjusted Vegetation Index
(OSAVI), Modified Soil Adjusted Vegetation Index (MSAVI); atmosphere-corrected indices,
such as Atmospherically Resistant Vegetation Index (ARVI), Enhanced Vegetation Index
(EVI), Visible Atmospherically Resistant Index (VARI); ratio-based indices, represented by
Ratio Vegetation Index (RVI); and difference-based indices, such as Difference Vegetation
Index (DVI).

However, a major limitation of using VIs for grassland AGB estimation lies in their
saturation under conditions of high- or dense vegetation. VI saturation occurs when
plant biomass exceeds a certain threshold, at which point the sensitivity of VIs to biomass
change markedly declines, leading to little or no change in index values despite continued
biomass accumulation [20,21]. This phenomenon arises from the nonlinear relationship
between spectral reflectance and vegetation structure, including canopy height and leaf
area index, and exerts a significance influence on biomass estimation in grasslands. As
canopy height increases and leaves overlap, remote-sensing instruments are unable to
detect spectral signals from lower vegetation layers, leading to saturation of spectral
reflectance. Consequently, despite biomass continuing to increase, the VI remains relatively
unchanged. This limitation poses significant challenges for accurately retrieving AGB in
tall or dense grasslands, introducing considerable uncertainty into estimation models [22].
During key growth stages, particularly at the peak of plant growth, grassland AGB often
reaches its maximum growth, coinciding with the period when VI saturation is most
pronounced. As a result, AGB estimates derived from VIs during these periods tend to be
underestimated. Similarly, in highly productive grasslands, where canopy height and plant
density are high, VI saturation can hinder the performance of existing retrieval models,
potentially compromising the scientific basis for grassland management decisions. Despite
its importance, most studies have not systematically analyzed the sensitivity of different
VIs to saturation. Therefore, a comparative analysis of VIs’ saturation characteristics, and
the determination of saturation thresholds for different indices at varying canopy heights,
is critical for improving AGB estimation accuracy.

This study was conducted in the temperate meadow steppe of Hulunbuir, Inner
Mongolia. By collecting vertically stratified AGB and hyperspectral data, we established
relationships between various VIs and AGB. Specifically, the study aimed to address the
following scientific questions: (1) Do different VIs exhibit varying degrees of saturation
when fitting VI = f(AGB) in the temperate meadow steppe? (2) Given the shading effect
of upper canopy layers on lower vegetation, what is the saturation height of different VIs,
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and do these heights vary among indices? These findings provide a scientific basis for
optimizing the selection of VIs and improving monitoring accuracy in regions with high
biomass vegetation.

2. Materials and Methods
2.1. Study Area

The study area is located in the Hulunbuir Grassland of northeastern Inner Mongolia
Autonomous Region. The terrain generally slopes from east to west, with an elevation of
approximately 650-700 m. This region represents the most concentrated and characteristic
distribution of temperate meadow steppe in China. It is characterized by a temperate semi-
humid continental climate, with a mean annual temperature ranging from —2 °C to 1 °C
and a mean annual precipitation of 380—400 mm [23]. Precipitation is unevenly distributed,
with the growing season (June-September) receiving about 77.5% of the annual total [24].
The dominant soil type is black calcareous soil. These climatic and edaphic conditions
jointly promote the development of meadow steppe dominated by Leymus chinensis. Owing
to its favorable natural conditions and high forage productivity, this region serves as a key
pastoral area in northern China.

All field data used in this study were obtained from the Hulunbuir Degraded Grass-
land Restoration Technology Research Platform (49°18’N, 120°1’E). The platform, estab-
lished in May 2021, is located at the Xiertala Farm of Hulunbuir State Farm and is composed
of 900 plots, each measuring 10 m x 10 m (Figure 1). Various experimental treatments,
including fertilization, mowing, and reseeding, have been conducted to create gradients
of AGB. These conditions provide a robust basis for evaluating the saturation effects of
different VIs. Although the samples were collected from a relatively limited area, the
study included plots subjected to different nutrient treatment regimes, which resulted
in substantial variations in species composition (7-30 species/m?) and biomass levels
(136.37-854.01 g/m?) within the study site. Under this context, the platform can be consid-
ered representative of meadow steppes with similar ecological and management conditions.
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Figure 1. Study area location and field sampling plot distribution.
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2.2. Data Collection and Processing
2.2.1. Hyperspectral Data

In this experiment, 60 experimental plots within the research platform were se-
lected for sampling. AGB was dynamically monitored throughout the growing season
(May to September) in 2023. For sampling, five destructive 1 m x 1 m quadrats separated
by 0.5 m were established in each plot, positioned 0.5 m from the plot boundary. Each
month, spectral measurements were conducted on one quadrat. Canopy spectral data
were collected using an ASD Field Spec 4 spectrometer to obtain synchronous spectral
of target vegetation and soil. The spectral range covers 350-2500 nm, including visible,
near-infrared, and shortwave-infrared bands, with a spectral resolution of 1 nm. Measure-
ments were conducted in the late morning to early afternoon (10:00-14:00 local time) under
clear, windless conditions. During observation, the probe was held vertically downward,
approximately 1 m above the canopy to ensure that only the target quadrat was measured.
Each quadrat was scanned nine times consecutively, and the mean of these scans was used
as the final spectral value for that quadrat. Due to low signal-to-noise ratios, data in the
350-399 nm and 2401-2500 nm were excluded. Additionally, spectral bands corresponding
to strong atmospheric and water vapor (1320-1480 nm and 1780-2040 nm) were removed
to minimize signal distortion.

2.2.2. Measured Data

After the collection of spectral data, AGB was collected using the harvest method
within the same quadrat. Each plot contained five quadrats, one of which was destruc-
tively sampled each month. Therefore, the sampling quadrats obtained each month were
independent observations. After controlling for biomass effect in the model, the inclusion
of month as a covariate did not result in a statistically significant (p > 0.5) influence on
the VIs. To quantify the contributions of different vegetation height layers to total AGB,
all plant materials within each quadrat were clipped at the ground level and immediately
transported to the laboratory. The samples were then stratified at 10 cm intervals, and the
fresh weight of each layer was recorded. The samples were deactivated at 105 °C for 0.5 h
and oven-dried at 65 °C for 48 h. The dry weight of each height layer was measured using
a balance with an accuracy of 0.01 g, yielding stratified AGB for each quadrat. Stratified
biomass sampling was conducted at the end of each month in May, June, August, and
September of 2023, while only total AGB was collected in 25th, July without height stratifica-
tion. These plots encompassed different nutrient addition treatments and were arranged in
a randomized block design, thereby generating gradients of AGB during the peak growing
season in August. Due to limitations in data acquisition, some quadrats lacked measured
biomass or spectral data. After removing invalid records, a total of 293 quadrat samples
were obtained across the five months, of which 235 included height-stratified AGB data
from top to bottom (excluding July).

2.3. Research Methods
2.3.1. Vegetation Index Extraction

Among all candidate VIs, 12 commonly used VIs for grassland biomass estimation
were selected to compare their sensitivity in high-biomass regions. The 12 VIs include
ARVI, DVI, EVI, GNDVI, MSAVI, NDPI, NDRE, NDVI, OSAVI, RVI, SAV], and VARI. The
definition of these VIs and their corresponding references are provided in Table 1. In the
formulas, Rype, Rgreen, Rreds Rrededges Rir, and Ry denote the surface reflectance values in
the blue (470 nm), green (550 nm), red (638 nm), red-edge (702 nm), near-infrared (866 nm)
and shortwave-infrared (1600 nm) bands, respectively.
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Table 1. Vegetation indices for AGB estimation used in this study.

Vegetation Index Formula Cite

ARVI (Rnir7(2>< Ryed 7Rbllt[‘)) 25
(Rnir+(2XR;'ed7Rbllle)) [ ]

DVI Ryir = Ryed [26]

G X Rm‘r*Rred
EVI Rnir+cl ><Rn’,d*CZ XRblue‘i'L [27]
where G =25, Ci =6, C, =75, L =1
Rnir_R reen

GNDVI WRimn [28]

MSAVI Ix |(2x Ry +1) - <\/(2><Rm~,+1)2—8>< (R,,,v,—Rn,d)” [29]
Ryyiy—(0.74X R ,,340.26 X Ryyyiy )
NDPI Rpir+(0.74xR ﬁz+0.26>< Rawir) [30]
Rnir7 rededge
NDRE Rnir+Rreded§e [31]
Rnir_Rre
NDVI ﬁ [32]
nir —Nred
OSAVI Rnir+Rred+X [33]
where X = 0.16
Rnir
RVI _— R [34]
SAVI R Rt % (14 L) [35]
where L = 0.5
VARI __ Rereen=Rrea [36]

Rgreen +Rn*d - Rblue

2.3.2. Model Fitting

In this study, four commonly used parametric models were employed: the Linear
model, the Logarithmic model, the Power Function model and the Gompertz model. To
examine the saturation effect of different VIs along the AGB gradient, VI was modeled as
function of AGB, i.e., VI = f(AGB), with VI treated as the dependent variable and AGB as
the independent variable. The formula of these models and the corresponding meanings of
their parameters are presented in Table 2. The samples data were randomly divided into a
training set and a testing set at a ratio of 7:3. Model parameters were calibrated using the
training dataset, and model performance was evaluated based on the independent testing
dataset, on which the optimal model was selected. Residual independence tests indicated
that the relationships between AGB and VlIs satisfied the fundamental assumptions of
the models.

Table 2. Models used to simulate the relationship between vegetation index and the aboveground
biomass in this study.

Models Formula Parameters

a: Slope

Linear Model y=ax+b+e b: Intercept

a: Logarithmic response coefficient

Logarithmic Model y=alnx+b+e b: The constant term

a: Scaling coefficient

: _ b
Power Function Model y=ax’+e b: Power exponent

a: The final saturation value
Gompertz Model y=ae " ¢ b: Control the growth rate
c: Control the saturation rate

Note: y presents vegetation index, x is the aboveground biomass.
The error term ¢ is assumed to follow a normal distribution ¢ ~ N (0, (72) , satisfying

independence, homoscedasticity, and normality assumptions. Parameters estimation for
a and b in the Linear model and Logarithmic model are performed using Ordinary Least
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Squares (OLS). Meanwhile, Nonlinear Least Squares (NLS) is employed to estimate the
parameters of the Power Function model and Gompertz model.

2.3.3. Model Selection

The coefficient of determination (R?) and root mean squared error (RMSE) of the vali-
dation model were used to assess the accuracy and goodness-of-fit of the model predictions
relative to the observed values.

n(y, — Y2
Re—- Bl M) )
i=1 (Yi - Yi)
;'1:1 (Yi - Yz‘/)Z
RMSE = _— (2)

where Y; and Y/ represent the observed and predicted VI values, respectively, Y; is the
average value of measured VI and 7 is the number of samples. The coefficient R? reflects
the goodness-of-fit between the predicted VI and the measured VI. An R? value closer to
1 indicates a stronger correlation and better model performance. The smaller the RMSE,
the higher the prediction accuracy of the model.

2.3.4. Determination of Saturation Height

After selecting the optimal model, it was applied to analyze stratified accumulated
AGB and to investigate the variation in vegetation height at which saturation occurred for
different VIs. For each VI, cumulative biomass at different heights was used for model
fitting. A total of 70% of the samples were randomly selected for model training, while
the remaining 30% were reserved for model validation. In this study, the second-order
difference in the RMSE sequence from the validation model was used to identify the
saturation point of each VIs. During the initial stages of model development, as the canopy
height increases, the model incorporates more biomass information, leading to a decrease in
RMSE. However, once biomass (or canopy height) reaches a certain threshold, the VI values
plateau. Further increases in biomass no longer improve the predictive capability of the
model, and RMSE stabilizes, indicating that model performance has reached a plateau
phase. The point at which the RMSE curve begins to stabilize is defined as the saturation
point, representing the canopy height beyond which additional biomass does not enhance
the predictive accuracy of the VL

To objectively identify the stabilization phase of the RMSE curve, this study employed
a method based on the sliding windows approach [37] and second-order differences [38].
The procedure consists of two core steps: linear fitting within sliding windows and the
determination of a slope-based threshold (i.e., saturation height) (Figure 2a). To further
illustrate the procedure for determining the saturation height of VI, NDVI was used as
an illustrative example to demonstrate the procedure for identifying the saturation height
(Figure 2b). Specifically, a sliding window of fixed size (n = 3) was applied to the RMSE
sequence, where each window included RMSE values from three consecutive height levels.
For each window, a linear regression was performed to characterize the trend of RMSE
variation with height, and the corresponding slope was calculated. A steep slope indicates
that RMSE still changes substantially with increasing height, whereas a slope approaching
zero suggests that RMSE has become nearly stable.
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(a) The flowchart (b) Take NDVI as an example
Obtain the RMSE sequence e . e
Slide window fitting . .
(The window size n=3) | T ‘
The RMSE sequence Slide windows fitting
Calculate the slope of
each window
Perform Gaussian
Sliding Windows Smoothing on the l:;::f‘e-::::: Sﬁ:_‘;:__:;f:r
Slope Sequence
Perform Gaussian smoothing on the Window 1 (points 1-3) ~0.0290
slope sequence Window 2 (points 2-4) —0.0253 0.0037
Window 3 (points 3-5) -0.0155 0.0099 0.0061
Window 4 (points 4-6) —0.0058 0.0097 -0.0002
Window 5 (points 5-7) -0.0013 0.0045 -0.0051
Calculate the second-order difference Window 6 (points 6-8) -0.0002 0.0011 20,0034
Al (i):k(i+ ! )-k(l) Window 7 (points 7-9) —-0.0002 0.0002 -0.0010
A2(0)=A1(i+1)-A1(i)

Calculate the second-order difference

The minimum value of the second-order
difference of the slope sequence is -0.0051.

!

Windows 5 is the first window
below this threshold.

|

Set the i-th layer as the The saturation height
saturation height is 50 cm.

Whether A2(i) has
reached its minimum value

Figure 2. The flowchart for determining saturation height.

Subsequently, the second-order difference method was applied to analyze the slope
of the RMSE sequence to objectively determine the threshold at which variations in the
discrete data become stable. The slopes derived from all sliding windows were arranged
sequentially and smoothed using a Gaussian filter to reduce the influence of local fluctua-
tions and noise on breakpoint detection [39]. Assuming the slope of RMSE sequence be
denoted as k; (i =1, 2, ..., n), the first-order difference is then defined as

A (i) = kiy1 — Kk ©)

It calculates the difference between each pair of adjacent slope values, representing
the rate of change in the slope. The second-order difference is defined as

Ap(i) = M(i+1) = A (i) 4)

The second-order difference (A;(i)) reflects the rate of change in the slope of the
RMSE sequence [40]. At the initial stage, the slope of the RMSE sequence declines rapidly,
resulting in relatively large A, (i) values. As canopy height increases, the rate of slope
changes gradually slows and eventually stabilizes, causing A; (i) to decrease progressively.
The minimum value of A, (i) typically corresponds to the point of the most pronounced
slope decrease, indicating the saturation point. Beyond this point, the slope tends to
stabilize. The slope at the saturation point is therefore adopted as a threshold to distinguish
regions of significant change from those that are relatively stable. When A; (i) reaches its
minimum, the slope corresponding to the first position of the associated sliding window
is identified as the saturation point. The canopy height of the first sliding window whose
slope falls below this threshold is subsequently defined as the saturation height of the VL.
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3. Results
3.1. Vertical Distribution of Grassland Aboveground Biomass

The vertical distribution of AGB in the temperate meadow steppe exhibited a distinct
unimodal pattern along the canopy-height gradient, initially increasing to a maximum
before declining (Figure 3). The relationship between AGB in each stratum and its mid-
point height was best described by a quadratic function (R? = 0.52, p < 0.05), with the
maximum biomass occurring at a height of 36 cm.

200 |
|
|
_ —_
150 1 I
|
o |
£ 100+ . .
S
m
Q
50 4 |
h T
|
0 |
| max: 36 cm

T T T ™ T T T T T

0-10  10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90
Height Distribution (cm)

Figure 3. The relationship between aboveground biomass in each stratum and its mid-point height in
temperate meadow steppe. Boxes: 25th—75th percentiles; central line: median value; upper and lower
whisker: the range of 1.5 times the interquartile range (IQR). The red dashed line: canopy height
corresponding to maximum stratified biomass.

3.2. Comparison of Saturation Effects Among Different Vegetation Indices

In this study, Linear models, Logarithmic models, Power Function models and Gom-
pertz models were used to fit the relationships between 12 VIs and the total AGB of
grassland. Overall, substantial differences were observed both among different VIs and
models applied to the same VI (Table 3).

Table 3. Comparison of model performance (R*> and RMSE) for different vegetation indices.

Vegetation Linear Model Logarithmic Model Power Function Model Gompertz Model
Index R? RMSE R? RMSE R? RMSE R? RMSE
ARVI 0.51 0.16 0.72 0.13 0.66 0.14 0.74 0.12

DVI 0.43 0.09 0.48 0.08 0.49 0.08 0.48 0.08
EVI 0.49 0.13 0.58 0.12 0.58 0.12 0.58 0.12
GNDVI 0.51 0.08 0.72 0.06 0.70 0.07 0.74 0.06
MSAVI 0.49 0.12 0.59 0.11 0.58 0.11 0.59 0.11
NDPI 0.51 0.14 0.70 0.11 0.66 0.12 0.72 0.11
NDRE 0.51 0.12 0.68 0.10 0.65 0.10 0.69 0.09
NDVI 0.51 0.13 0.74 0.10 0.70 0.10 0.77 0.09
OSAVI 0.53 0.11 0.70 0.10 0.68 0.09 0.71 0.09
RVI 0.41 0.20 0.44 0.20 0.44 0.20 0.45 0.19
SAVI 0.51 0.10 0.63 0.10 0.62 0.09 0.63 0.09
VARI 0.46 0.15 0.59 0.13 0.45 0.15 0.51 0.14

Note: The bold in the Table 3 represents the optimal values of the vegetation index models.
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The performance of four regression models for different Vls is presented in Table 3.
In general, the Nonlinear models showed improved performance compared with the
Linear model, with higher R? values and lower RMSE across all indices. Among them, the
Gompertz model consistently achieved the best fit, with R? values reaching 0.77 and RMSE
generally below 0.10. The Logarithmic and Power Function models produced comparable
but slightly lower accuracies, while the Linear model exhibited the lowest performance,
with R? values mostly below 0.53 and RMSE generally above 0.10.

Distinct differences in predictive performance among VIs were observed with the
Gompertz model. NDVI yielded the highest accuracy (R? = 0.77, RMSE = 0.09), followed
by GNDVI, ARVI, and NDPI (R? = 0.74-0.72). Indices designed to reduce soil background
effects, such as OSAVI and SAVI, showed moderate performance (R? = 0.63-0.71). In
contrast, DVI and RVI resulted in lower accuracy, with R? values below 0.50. These results
demonstrate that both model selection and VI choice influence estimation performance.

3.3. Saturation Heights of Different Vegetation Indices

We analyzed the Gompertz models of Vs against cumulative AGB at different canopy
heights, and evaluated model performance using R?> and RMSE. The results indicated
that, for ARVI, GNDVI, NDRE, OSAVI, SAV], canopy height has a significant impact on
both the explanatory power and predictive accuracy of the models (Figure 4). Overall,
the fitting accuracy of VIs improved with increasing height. R? values increased from
approximately 0.15 to above 0.70. With the increase in cumulative canopy height, the
increase in R? became marginal, showing that the indices had reached saturation and no
longer responded proportionally to further increases in AGB. Correspondingly, RMSE
first exhibited a pronounced decrease and then stabilized, further confirming the onset of
saturation. Among them, GNDVI, OSAV], and ARVI showed superior model performance
compared with NDRE and SAVI. GNDVI consistently exhibited higher R? and lower RMSE
across all heights, indicating strong sensitivity to biomass variation, while OSAVI and ARVI
achieved R? values comparable to GNDVI but with higher RMSE. In contrast, NDRE and
SAVI displayed lower overall model accuracy.
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Figure 4. Performance comparison of vegetation index regression models by using cumulative canopy
height: (a) R2; (b) RMSE. It contains vegetation indices (ARVI, GNDVI, NDRE, OSAVI and SAVI)
with a saturation height of 40 cm. (VI unit presents vegetation index unit).

For DVI, EVI, MSAVI, NDPI, NDVI, RVI, and VAR], as canopy height increased, the
fitting performance of these indices improved significantly, with R? rising from 0.13 to 0.78.
While RMSE decreased correspondingly and then stabilized, further increases in biomass
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R’ value

did not improve the fit. As shown in Figure 5, the explanatory power of these seven indices
varied noticeably. NDPI and NDVI exhibited higher R? values than the other indices. These
two indices effectively captured the cumulative changes in biomass and demonstrated the
strongest model explanatory power. EVI and MSAVI showed moderate model performance
(R? = 0.63), suggesting that although these modified indices can reduce soil background
and chlorophyll interference, they still experience partial saturation under high vegetation
cover. VARI, DVI, and RVI showed relatively low model accuracy. However, DVI exhibited
a significantly lower RMSE than RVI and VAR], suggesting that the DVI model controlled
absolute errors more effectively.
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Figure 5. Performance comparison of vegetation index regression models by using cumulative canopy
height: (a) RZ; (b) RMSE. It contains vegetation indices (DVI, EVI, MSAVI, NDPI, NDVI, RVI, and
VARI) with a saturation height of 50 cm. (VI unit presents vegetation index unit).

A method combining sliding windows with second-order differences was employed
to identify saturation points of different VIs. For the Gompertz models relating VIs to AGB,
the slopes derived from the RMSE sliding windows exhibited a monotonically decreasing
trend with increasing canopy height. This pattern indicates that the sensitivity of each
VI gradually declined with increasing biomass or vegetation, ultimately reaching a saturation
state. Table 4 summarized the slope thresholds and corresponding saturation heights for the
12 VIs. Specifically, the 12 VIs can be classified into two categories based on the identified
saturation heights. The first category included ARVI, GNDVI, NDRE, OSAVI, and SAV], all of
which showed slope values falling below their respective thresholds at relatively low canopy
heights (40 cm). This indicated that these indices could reliably estimate grassland biomass
primarily within the 0—40 cm height range, beyond which they began to exhibit saturation
effects. The second category consisted of DVI, EVI, MSAVI, NDPI, NDVI, RVI, and VARI. For
these indices, a noticeable decline in sensitivity occurred at approximately 50 cm, indicating a
greater resistance to saturation and a broader effective range for biomass estimation.

Table 4. Saturation thresholds and heights of different vegetation indices.

Vegetation Slope Saturation = Vegetation Slope Saturation
Index Threshold Height Index Threshold Height
ARVI —0.0042 40 cm NDRE —0.0007 40 cm

DVI —0.0011 50 cm NDVI —0.0051 50 cm
EVI —0.0025 50 cm OSAVI —0.0059 40 cm
GNDVI —0.0006 40 cm RVI —0.0053 50 cm
MSAVI —0.0024 50 cm SAVI —0.0008 40 cm
NDPI —0.0050 50 cm VARI —0.0021 50 cm
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4. Discussion
4.1. Vertical Distribution Characteristics of Grassland Aboveground Biomass

The vertical distribution of grassland biomass across different heights reflects the struc-
tural attributes of the plant community and directly influences the accuracy of VI-based
biomass estimations. Moreover, current studies on the vertical structure of vegetation focus
primarily on agricultural crops. These studies typically characterize crop growth—such
as corn and wheat—through the vertical distribution of chlorophyll, nitrogen content, or
AGB [41,42]. In contrast, research on the vertical distribution of AGB in grasslands remains
relatively limited. The aboveground biomass observed in this study exhibits a unimodal
vertical distribution (Figure 2), a structural feature that is fundamental for understanding
the saturation behavior of VIs. From the perspective of canopy radiative transfer, VIs
essentially represent an integrated response of light-vegetation interactions within the
canopy, and their saturation is directly regulated by key structural traits [43]. First, the
vertical distribution of leaf area and light attenuation: the unimodal biomass profile closely
reflects the vertical distribution of leaf area density. According to the Beer-Lambert law,
photosynthetically active radiation decreases exponentially with cumulative leaf area index
(LAI), subjecting leaves in the lower canopy to significant light limitation [44]. VI signals
primarily originate from leaf layers that are directly or diffusely illuminated. The observed
saturation heights (~40-50 cm) effectively delineate the transition from a well-illuminated
upper canopy layer to a light-limited lower layer. Below this critical depth, although
biomass continues to increase, additional leaves contribute minimally to canopy reflectance,
resulting in VI saturation. Second, leaf angle and canopy porosity: leaf angle distribution is
another key structural parameter [45,46]. The plant community in this study is dominated
by upright-leaved grasses (e.g., L. chinensis), which form a highly porous canopy that
allows greater penetration of both direct and diffuse light into the mid-canopy. In summary,
VI saturation is not solely determined by total biomass but is strongly influenced by the
‘effective optical depth’ of the canopy. This study advances the traditional discussion of
VI saturation based on total biomass toward a mechanistic understanding rooted in the
canopy vertical structure, providing a theoretical foundation for developing remote-sensing
models that incorporate structural parameters to mitigate saturation effects.

4.2. Differences in the Fitting Performing of Vegetation Indices

Vegetation indices are fundamentally constructed based on the spectral reflectance
characteristics of different bands, most of which estimate biomass by exploiting the differen-
tial reflectance between visible and near-infrared wavelengths in the vegetation canopy [22].
Traditional VIs, such as NDVI, mainly characterize AGB by leveraging the strong absorption
of red light by chlorophyll and the high reflectance of near-infrared radiation by the internal
leaf structure. With advancements in remote-sensing technology, a growing number of im-
proved vegetation indices incorporate information from red-edge and shortwave-infrared
bands to enhance sensitivity to plant physiological state, leaf structural properties, and
water content [47,48]. When leaf area index or biomass is relatively low, the absorption
and reflectance across relevant spectral bands increase substantially with the increase in
biomass, resulting in an approximately linear relationship between VIs and biomass. How-
ever, once biomass exceeds a certain threshold, spectral absorption and reflectance tend to
saturate. Dense canopies also cause upper-layer vegetation to overshadow lower strata,
preventing VI values from further capturing the increase in biomass, which is more in line
with the nonlinear relationship.

The observed differences in performance among the four regression models highlight
the importance of selecting an appropriate model for AGB estimation. Nonlinear models,
particularly the Gompertz model, consistently outperformed the Linear model, suggesting
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an inherently nonlinear and potentially asymptotic relationship between VIs and AGB.
The Logarithmic and Power Function models provided moderate improvements over the
Linear model, indicating that simple nonlinear transformations capture part of the response
patterns but are less flexible than the Gompertz formulation. The superior performance of
the Gompertz model aligns with previous studies reporting its effectiveness in modeling
saturating growth processes in vegetation monitoring, and underscores the need to account
for nonlinearity when estimating AGB from spectral data [49,50].

Within the Gompertz model, performance differences among VIs further emphasize
the influence of spectral sensitivity on estimation accuracy. NDVI produced the highest
predictive performance, likely attributable to its strong responsiveness to overall canopy
greenness and structural variation. GNDVI and ARVI also performed well, reflecting the
advantages of incorporating green-band information or atmospheric resistance under the
given conditions. NDPI showed moderate-to-high performance, reflecting its sensitivity to
nir and green/red bands that capture canopy greenness and leaf structure. Soil-adjusted
indices such as OSAVI and SAVI showed moderate performance, suggesting that soil
background correction can be beneficial but may not fully compensate under the study
conditions. In contrast, DVI and RVI demonstrated limited predictive power, highlighting
that raw or simple ratio-based indices may be less suitable for capturing the nonlinear
dynamics represented by the Gompertz model. These findings collectively indicate that
both model structure and VI selection are critical considerations for accurate estimation of
vegetation properties from remote-sensing data.

4.3. Differences in Saturation Among Vegetation Indices

Differences among the 12 VIs primarily stem from their spectral band compositions
and normalization strategies, which jointly determine their sensitivity to canopy structure
and canopy penetration, soil background, and LAI Traditional red-nir indices, such as
NDVI, DV], and RV], are effective in detecting variations in vegetation cover at low to
moderate vegetation densities [51]. Soil-adjusted indices, including SAVI and MSAVI,
mitigate soil background effects and perform well in sparse vegetation [33]. Indices that
incorporate enhanced near-infrared or red-edge information, such as EVI, ARVI, and NDRE,
maintain sensitivity under moderate to high LAI by improving canopy penetration and
reducing saturation effects. Structure-sensitive index VAR], relying solely on visible bands,
is most suitable for sparse vegetation or data-limited scenarios, whereas NDPI, designed
to enhance canopy structural sensitivity while minimizing background and illumination
effects, is better suited for monitoring aboveground biomass and canopy structure in dense
or heterogeneous vegetation.

The first category of VIs, including ARVI, GNDVI, NDRE, OSAVI, and SAV], exhibits
a saturation height around 40 cm. The fitted models diverge noticeably below this height
but gradually converge above 40 cm, indicating the onset of saturation under high-biomass
conditions. Specifically, ARVI is calculated as a ratio of red- to near-infrared reflectance. As
canopy density increases, red-band absorption approaches saturation while near-infrared
reflectance stabilizes, leading to a marked decrease in biomass sensitivity. GNDVI, which
incorporates the green band, is sensitive during the mid-growth stage; however, the
weaker absorption of the green band compared to red limits its dynamic range, leading to
earlier saturation. Although NDRE, which incorporates the red-edge band, delays canopy
structural saturation, its sensitivity still decreases under high chlorophyll content [52]. The
soil-adjusted factors in SAVI and OSAVI enhance vegetation signals at low vegetation
coverage but accelerate saturation under high coverage, due to their reliance on the red-
near-infrared bands. Consequently, these Vls are primarily sensitive to AGB in the upper
canopy (0—40 cm). Stratified biomass measurements indicate that biomass within this
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layer accounts for 74.66% of the total AGB, suggesting that roughly 25% of lower-layer
vegetation is obscured by the upper canopy and insufficiently captured by optical signals.
This effect contributes to the saturation of VIs and leads to an underestimation of total
grassland biomass.

The second category of Vls includes DVI, EVI, MSAVI, NDPI, NDVI, RV], and VARI,
all of which reach a saturation point in model fitting at approximately 50 cm, indicating a
delayed saturation effect compared with the first category. Specifically, NDVI quantifies
the vegetation coverage using the strong absorption of red light and strong reflection of
near-infrared light, maintaining sensitivity to canopy height increases up to relatively high
LAl levels. DVI and RVI, constructed as difference and ratio indices, provide a broader
dynamic range in the highly reflective near-infrared region. EVI, by incorporating the
blue band and applying atmospheric- and canopy background correction coefficients,
effectively mitigates saturation caused by red-light absorption under dense canopy condi-
tions [27]. MSAVI reduces soil background interference through an adaptive soil adjustment
term [29], maintaining sensitivity under high canopy coverage. NDPI, by incorporating the
shortwave-infrared band, enhances sensitivity to leaf water content and canopy structure
changes, alleviating chlorophyll saturation and improving canopy penetration. VARI,
primarily based on visible bands, is more sensitive to canopy architectural variations and
background reflectance, exhibiting a comparatively weaker saturation trend. Nevertheless,
as grassland biomass continues to increase, shading by upper canopy leaves progressively
limits signal penetration, ultimately leading to saturation. Notably, the 0-50 cm height
layer accounts for 90.03% of the total AGB, indicating that about 10% of the biomass in the
lower canopy remains undetected, leading to systematic underestimation of total biomass.

In summary, all traditional VIs exhibit saturation phenomena, although the canopy
height at which saturation occurs varies among indices. These differences are primarily
driven by variations in spectral structures (Figure 6). Among the 12 VIs examined, NDVI
and NDPI exhibited the strongest resistance to saturation under high biomass conditions.
This behavior is attributed to their ability to preserve sensitivity to near-infrared scattering
associated with by canopy structural complexity, rather than relying primarily on visible-
band absorption, which saturates at high LAIL
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Figure 6. Conceptual diagram showing differences in saturation phenomenon among various
vegetation indices.
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4.4. Limitations

This study primarily compares the saturation of 12 traditional VIs, and evaluates the
differences in their relationships with grassland biomass, with particular emphasis on the
maximum grassland canopy height each index can effectively capture. These findings
provide a valuable reference for subsequent biomass monitoring. However, several critical
issues remain to be addressed.

First, the data used in this study were derived from ground-based spectral observa-
tions collected within a small-scale region, which limits the spatial representativeness of the
results. Future research should extend the application of this method to diverse grassland
types and varying management practices. Such efforts will enhance the generalizability
of the approach and provide a robust foundation for the development of regional-scale
vegetation models. Differences in plant community composition can lead to variations in
the vertical structure and consequently in the vertical distribution of biomass, resulting
in distinct saturation heights among communities. Therefore, the patterns identified in
this study may not be directly applicable to other grassland types. Future research should
incorporate biomass partitioning across multiple species and functional groups to more
comprehensively evaluate how community composition affects VIs’ saturation behavior
across different vegetation types. Comparative analyses of the commonalities and differ-
ences in VI saturation phenomena across broader geographic scales and diverse ecological
contexts will further improve the generalizability of the findings. Second, although this
study highlights differences in height-related saturation sensitivity among Vls, it does
not provide effective approaches to mitigate or correct saturation effects. Future research
should focus on methodological advances in the following areas to improve the accuracy
of biomass estimation: (1) implementing hierarchical inversion approaches and mixture
models that utilize distinct indices or segmented models for different grassland coverage or
biomass ranges [53]; (2) integrating multi-source remote-sensing data fusion techniques [54]
to reduce occlusion effects in lower canopy layers; and (3) developing new spectral param-
eters and structural indices with enhanced sensitivity in high-biomass environments to
improve biomass estimation under dense vegetation conditions. Third, this study charac-
terizes the vertical saturation patterns of VIs using ground-based hyperspectral data. It
should be noted that, due to differences in observation geometry, spatial resolution, and
atmospheric effects, the specific saturation-height values obtained in this study cannot
be directly extrapolated to the saturated canopy height at the satellite pixel scale. Nev-
ertheless, the core finding—that different VIs exhibit varying sensitivities and effective
detection depths for vertical canopy information—has cross-scale applicability. To bridge
the gap between mechanism and application, future research should leverage Sentinel-2,
Landsat, and other satellite datasets to systematically evaluate the performance of the
‘high-saturation” and ‘low-saturation’ index types identified in this study for regional-scale
biomass retrieval.

It is important to note that a model that fits VI = f(AGB) well does not necessarily
imply that its inverse, AGB = f~!(VI), will yield biomass estimates with comparable accu-
racy. First, in the model VI = f(AGB), the objective is to minimize the prediction error of
VI. When this relationship is inverted, even small observational errors in VI can be greatly
amplified, leading to substantial uncertainties in AGB estimates. Second, the inverse of the
function chosen to describe saturation may not possess an optimal form for biomass predic-
tion. Moreover, the saturation of the VI = f(AGB) curve in high-biomass regions indicates
that VI is largely insensitive to changes in AGB within this range. Conversely, when using
AGB = f~Y(V1I), even minor fluctuations in the VI can introduce significant uncertainty
into the AGB estimates. Therefore, this study provides a framework for screening robust
vegetation indices and identifying their saturation characteristics for biomass inversion.
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Future work should focus on constructing and optimizing AGB = f(VI) inversion models
based on the selected indices and rigorously validating their predictive performance using
independent field measurements.

5. Conclusions

This study investigated the saturation characteristics of various VIs and their corre-
sponding saturation heights in the temperate meadow steppe. The results showed that
vertically stratified AGB exhibited a unimodal distribution, with maximum biomass oc-
curring at a canopy height of 30-40 cm. Linear regression models for different vegetation
indices showed relatively low fitting accuracy (R? = 0.41-0.53), whereas Logarithmic and
Power Function models achieved higher accuracy. Among Gompertz models, significant
differences were observed: NDVI achieved the highest accuracy (R? = 0.77), while RVI
showed the lowest accuracy (R? = 0.45). Overall, all VIs exhibited saturation effects. By
introducing the novel concept of “saturation height”, this study classified VIs into two
categories: the first category, including ARVI, GNDVI, NDRE, OSAV], and SAV], reached
saturation early at approximately 40 cm; the second category, comprising DVI, EVI, MSAV],
NDPIL, NDVI, RV], and VARI, exhibited stronger resistance to saturation, with saturation
point delayed to around 50 cm. Considering both model accuracy and saturation height,
NDVI and NDPI showed superior fitting performance and resistance to saturation. This
study elucidates the limitations of different VIs in grassland biomass monitoring and pro-
vides a scientific basis for improving the accuracy of grassland biomass estimation. These
findings hold substantial theoretical and practical value for the development of large-scale,
high-precision models for grassland resource monitoring.
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