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A B S T R A C T

High-precision soil quality monitoring is vital for precision agriculture. Recently, swarm intelligence (SI) algo
rithms have become essential for identifying hyperspectral features. Aiming at the challenges of high dimen
sionality in soil fertility indicator retrieval, this paper integrates ZY1-02E satellite and HyMap airborne data to 
conduct feature selection and fertility estimation using an improved slime mould algorithm (ISMA). ISMA in
tegrates three synergistic stages: (1) spectrally-informed initialization and pre-screening for redundancy reduc
tion, (2) a multi-level location update strategy for balancing exploration and exploitation, and (3) a 
complementary stagnation control strategy for late stage search refinement. A customized fitness function is 
designed to optimize the estimation of soil fertility indicators. The effectiveness of the proposed ISMA was first 
validated on ZY1-02E satellite imagery. Experimental results demonstrated that the ISMA-XGBoost model yiel
ded the best optimization capability, achieving the test R2 of 0.752 for soil organic matter (SOM) on ZY1-02E 
data, and its multi-indicator applicability was confirmed with R2 values of 0.675 (total phosphorus), 0.670 
(total potassium), and 0.678 (total nitrogen). The model’s reliability was validated on independent HyMap data 
(R2 = 0.757), a significant improvement over conventional algorithm (R2 = 0.730). These findings provide 
critical technical support for regional precision agriculture.

1. Introduction

As a pivotal determinant of soil health, the accurate quantification of 
fertility status is a vital prerequisite for effective agricultural production 
and achieving key Sustainable Development Goals (SDGs) (Kok et al., 
2024; Ji et al., 2025; Zhang et al., 2025). Given the importance, soil 
management urgently requires tools for rapid, non-destructive estima
tion. Visible and near-infrared (vis-NIR) spectroscopy enables a time- 
efficient and economically viable alternative to quantitatively assess 
these soil fertility parameters (Shin et al., 2025).

The spectral response of soil fertility indicators is not uniformly 
distributed across the wavelength domain but is concentrated in specific 
physicochemically meaningful regions. As a vital soil component, soil 

organic matter (SOM) exerts a strong inverse influence on spectral 
reflectance (Ladoni et al., 2010). Galvao and Vitorello (1998) identified 
SOM-related spectral features within the 550–700 nm region. More 
recently, Wu et al. (2023) highlighted the high predictive weight of 
bands at 678, 755, 767, and 831 nm in SOM estimation. Other studies 
investigated total nitrogen (TN)-sensitive features in the 560–600 nm 
region (acting as indicators via soil color) and the 893–975 nm region 
(sensitive to N–H, C–H, and O–H groups) (Maaroof et al., 2022; Diaz- 
Gonzalez et al., 2022). Compared to the extensive research on SOM 
and TN, Li et al. (2023) identified features for total phosphorus (TP) in 
the 250–750 nm region. For total potassium (TK), the spectral features 
have been identified in the 1765–2357 nm region, primarily attributed 
to the characteristic of potassium hydrates and ionic forms (Liu et al., 
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2025).
However, modeling of soil properties via spectral analysis is often 

impeded by the high dimensionality and intrinsic complexity of hyper
spectral datasets. Therefore, spectral feature dimensionality reduction 
methods must be applied to optimize feature representation and 
accentuate the spectral characteristics of soil (Asadzadeh and De Souza 
Filho, 2016). In hyperspectral remote sensing, feature dimensionality 
reduction is principally achieved via two strategies—feature selection 

and feature extraction—both of which have seen widespread application 
(Esmaeili et al., 2023; Bai et al., 2024; Liu et al., 2024). Traditional 
statistical methods and exhaustive search strategies become computa
tionally prohibitive or get easily trapped in local optima when dealing 
with such vast combinatorial spaces. Consequently, there is an urgent 
need for more robust, intelligent search mechanisms that can traverse 
these complex feature spaces more efficiently. Accordingly, 
metaheuristic-based optimization strategies offer a promising approach, 

Fig. 1. Flowchart of this research.
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using global search mechanisms to effectively balance feature relevance 
and redundancy reduction (Su, 2022).

In recent years, various SI algorithms, such as Particle Swarm Opti
mization (PSO), Grey Wolf Optimizer (GWO), and Genetic Algorithm 
(GA) (Maroufpoor et al., 2019; Dada et al., 2025; Qu et al., 2025), have 

been adapted for soil property estimation. However, the efficacy of these 
methods is often constrained by a fundamental mismatch between 
algorithmic mechanisms and hyperspectral complexity. For instance, 
while PSO and GWO are computationally efficient, their search trajec
tories are prone to stagnation in high-dimensional spaces. In PSO, the 
rapid collapse of population diversity frequently leads to premature 
convergence in suboptimal spectral regions (Amini and Hu, 2021; 
Abasabadi et al., 2022). Similarly, newer metaheuristics like the Dung 
Beetle Optimizer (DBO) and Whale Optimization Algorithm (WOA) have 
introduced adaptive boundaries and multi-swarm structures to mitigate 
stagnation (Miao et al., 2025; Xia et al., 2025). Yet, these improvements 
primarily address exploration–exploitation balance on standard bench
marks and often fail to account for the spectral noise in soil datasets or to 
maintain predictive robustness across diverse soil matrices (Got et al., 
2021; Jiang et al., 2024; Tan et al., 2025).

Taken together, the current limitations of SI-based hyperspectral 
feature selection can be summarized in three aspects. First, most algo
rithms rely on a uniform search mechanism, which treats all spectral 
bands with equal initial importance. However, soil organic matter 
(SOM) signals are often concentrated in narrow, physically meaningful 
absorption bands (e.g., C–H or O–H overtones), which are easily 
obscured by redundant spectral noise during a purely stochastic search. 
Moreover, traditional SI algorithms rely on purely stochastic search 
updates, which lack the domain-aware guidance needed to prioritize 
physically significant wavelength regions (Gui et al., 2019). Without a 
mechanism to amplify high-contribution features, the search process 
remains susceptible to human-induced bias and random noise. Existing 

Fig. 2. Overview of the study region.

Table 1 
Specifications of HyMap-C imaging spectrometer.

Parameter Parameter description

Spectral range 450–2500 nm
Number of bands 144
Spectral resolution 15 nm @ 450–905 nm, 880–1440 nm

18 nm @ 1400 nm–1960 nm, 1950–2500 nm
Field of view 60◦

Radiance accuracy (in flight) 95%
Scan rate 5–25 lines/s Continuous adjustable

Table 2 
Load parameters of ZY1-02E AHSI.

Parameter Parameter description

Spectral range 400–2500 nm
Number of bands 76 (VNIR) 

90 (SWIR)
Spectral resolution 10 nm (VNIR) 

20 nm (SWIR)
Spatial resolution 30 m
Swath width 60 km
Revisit period 55 days

Table 3 
Statistical characteristics of the soil covariate content.

Year Data 
source

Soil fertility 
indicators

Min 
(g/kg)

Max 
(g/kg)

Mean 
(g/kg)

SD 
(g/ 
kg)

CV 
(%)

2017 HyMap SOM 19.760 49.840 30.010 6.380 21
2023 ZY1- 

02E
TP 0.240 0.804 0.496 0.122 25
TK 19.200 24.700 21.630 1.196 6
TN 0.227 2.300 0.990 0.337 34
SOM 4.300 24.300 13.680 4.133 30

Table 4 
Calculation formulae for the spectral transformations.

Spectral transformation Formula

Original reflectance (OR) R(λ)
Reciprocal reflectance (RR) RR(λ) =

1
R(λ)

Logarithmic reciprocal reflectance (LgRR) LgRR(λ) = lgRR(λ)
Continuum removal (CR) CR(λ) =

R(λ)
Rʹ(λ)

First-order derivative reflectance (FDR) FDR(i) =
Rλi+1 − Rλi

λi+1 − λi
Ratio index (RI)

RI(i,j) =
Rλj

Rλi
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evaluation frameworks are often narrow in scope, focusing on a single 
indicator (Guo et al., 2024; Tan et al., 2024) or a single sensor platform 
(Shi et al., 2023; Saberioon et al., 2024; Wang et al., 2026). This leads to 
algorithms that are overfitted to specific spectral configurations, lacking 
the cross-platform transferability required for operational soil moni
toring. Among recent SI methods, SMA has attracted attention because 
of its simple structure and competitive optimization capability (Li et al., 
2020). However, the original SMA relies heavily on the current best 
individual and stochastic differential updates, which can lead to popu
lation aggregation around local optima, insufficient exploration of 
alternative spectral regions, and unstable band selection under repeated 
runs. These limitations become more pronounced in hyperspectral soil 
analysis, where the search space is highly dimensional, spectrally 

Fig. 3. Framework of ISMA.

Table 5 
Pseudo-code of the ISMA.

Algorithm 1 ISMA
Input:
L: training set
Max_Iter: maximum iteration limit
N: total number of the population
D: dimensionality of the feature space 

Threshold: minimum value required to select a feature 
ω1, ω2, and ω3: the weight coefficients of the fitness function according to Eq. (17)

Begin
​ Initialize a population P→ according to Eq. (3)

Feature binarization according to Eq. (16)
Conduct a preliminary screening of the initialised P→

Calculate the initial f(Xi) according to Eqs. (17)–(19)
​ for t ← 1 to Max_Iter do
​ ​ Calculate weights W, vb, and vc 

Generate rand1st , rand2nd

​ ​ if rand2nd 
< z then

​ ​ ​ Update position using Eq. (2)
​ ​ else
​ ​ ​ if rand1st＜ p then
​ ​ ​ ​ Update position using sine-golden strategy according to the first 

expression in Eq. (4)
​ ​ ​ else
​ ​ ​ ​ Update position using Lévy flight strategy using the second and 

third expressions in Eq. (4)
​ ​ ​ end if
​ ​ end if
​ ​ Apply random reverse learning and sparrow search perturbations 

according to Eqs. (12)–(15)
​ ​ Generate rand and calculate pv according to Eq. (14)
​ ​ if rand < pv then
​ ​ ​ Use Eq. (15) to determine the SSA perturbation form and update 

position using the first branch of Eq. (13)
​ ​ else
​ ​ ​ Apply OBL and update position using the second branch of Eq. (13)
​ ​ end if 

Update the position of P→

​ ​ Evaluate the solution by f(Xi) according to Eqs. (17)–(19)
​ end for
​ return the best solution Xbest

End

Fig. 4. The preliminary spectral feature screening strategy.
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collinear, and easily perturbed by local noise. Therefore, improving SMA 
for this task requires not only a better exploration–exploitation balance, 
but also a search framework that is better aligned with the structural 
properties of soil spectral data.

To overcome these shortcomings, this study aimed to: (1) develop an 
improved slime mould algorithm (ISMA) for hyperspectral feature 

selection, which consists of three coordinated stages: spectrally 
informed initialization and pre-screening for redundancy reduction, a 
multi-level location update strategy for balanced exploration and 
exploitation, and a complementary stagnation control strategy for late 
stage search refinement, and an adaptive fitness function for effective 
guidance; (2) establish the fundamental effectiveness of the proposed 
ISMA by applying it to the estimation of SOM using ZY1-02E satellite 
data. Subsequently, we (3) validate its broader application by estimating 
three other soil fertility indicators (TP, TN, and TK) with the same data. 
Finally, to further (4) assess its cross-platform generalization and prac
tical applicability, the framework is applied to an independent SOM 
estimation task using high-resolution HyMap airborne hyperspectral 
image dataset, intending to establish a theoretical foundation for envi
ronmental protection. Fig. 1 illustrates the flowchart of this paper.

2. Materials and methods

2.1. Study area

Two typical regions in Jilin Province, China, were selected for this 
investigation (Fig. 2). The first study area, situated in western Jilin 
(123.09◦E–124.92◦E, 43.78◦N–45.37◦N), encompasses three counties: 
(1) the Mongolian Autonomous County of Qian Gorlos, located in the 
southern Songnen Plain where chernozem and meadow soils are pre
dominant; (2) Changling County, which displays significant nutrient 
variations; and (3) Qian’an County, where soils are generally slightly 
alkaline. The second study area is Yitong Manchu Autonomous County 
in Siping City (125.33◦E–125.47◦E, 43.22◦N–43.33◦N). This region is 
dominated by a topography of low mountains and rolling hills, creating 
a complex and varied landscape.

Table 6 
The different spectral feature selection strategies considered in this research.

Spectral feature 
selection method

Description

PCC Measures linear correlation between spectral features.
CARS Iteratively retains wavelengths with large absolute 

coefficients in PLS models.
VIP Calculates feature importance based on regression 

coefficients and weight vectors.
SPA Iteratively selects wavelength combinations with minimal 

redundancy.
GA Performs stochastic global search for optimal feature 

subsets.
IWMPA A meta-heuristic feature selection algorithm optimized for 

SOM estimation.
WOO Employs diffraction and interference of optical waves for 

search expansion and information synergy.
AO Simulates the hierarchical hunting strategies and 

predatory behaviors of the Aquila.
NDO Hybridizes Newton-Downhill mathematical precision 

with meta-heuristic global exploration.
RLQFAO Models four core predatory stages of the Aquila within a 

meta-heuristic search framework.
BASADMO A two-stage hyperspectral feature selection method using 

hybrid Fisher-ReliefF and improved dwarf mongoose 
optimization.

GWOGA A hybrid GWO-GA feature selection method that reduces 
bands via chaotic initialization, elite learning, and 
dynamic search balance.

Table 7 
The parameters of ISMA.

Parameter ZY1-02E HyMap

SOM TP TN TK SOM

L 75 75 75 75 69
Max_Iter 300 200 200 400 100
N 30 30 30 30 30
D 75 75 75 75 69
Threshold 0.55 0.5 0.5 0.6 0.6
(ω1, ω2, ω3) (8,1,1) (8,1,1) (8,1,1) (8,1,1) (8,1,1)

Fig. 5. Spectral reflectance characteristics corresponding to the selected sampling locations after preprocessing. (a) HyMap airborne hyperspectral imagery. (b) ZY1- 
02E satellite imagery.

Table 8 
Correlations of OR and RI with soil fertility indicators.1

Data source Soil fertility indicators |ρ|max

OR RI

HyMap SOM 0.511 0.633
ZY1-02E TP 0.303 0.399

TK 0.272 0.337
TN 0.531 0.487
SOM 0.551 0.494

1 In Table 8, |ρ|max denotes the maximum absolute correlation coefficient.
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2.2. Data acquisition

2.2.1. Hyperspectral data acquisition and preprocessing
HyMap hyperspectral data was collected in early May 2017, the 

specifications of which are detailed in Table 1. Following standard 
preprocessing, the final imagery features the spatial resolution of 4.5 m 
and the spectral resolution of 10–20 nm. Six hyperspectral images ac
quired by the ZY1‑02E satellite on 29 March 2023 and 21 April 2023 
were used in this study. The specifications of the Advanced Hyper
spectral Imager (AHSI) payload are detailed in Table 2.

2.2.2. Acquisition of soil samples
Field soil sampling was conducted in two separate campaigns for the 

respective study areas. For the western Jilin study area, 100 samples 
were collected in mid-April 2023. For the Yitong Manchu Autonomous 
County study area, 93 samples were collected in May 2017. The spatial 
distributions of the sampling points for each area are depicted in Fig. 2
(a) and Fig. 2(b). The statistical characteristics of the soil properties are 
listed in Table 3.

2.2.3. Spectral transformation
As detailed in Table 4, we employed spectral scaling transformations 

to mitigate noise interference and enhance feature extractability. The 
resulting transformed spectra were subsequently combined with the 
ratio index (RI) to generate the input datasets required for the modeling 
algorithm.

where Rʹ(λ) represents corresponding calculated continuum values. 
Rλj and Rλi signify the spectral response at the specific wavelengths λi 

and λj, respectively, with λi ∕= λj.

2.3. Algorithm and modeling

2.3.1. Slime mould algorithm
The core mechanism of ISMA relies on the propagation wave of a bio- 

oscillator to generate positive and negative feedback, represented by the 
weight W ((1)). While effective, the standard position update mecha
nism heavily relies on random parameters (z, rand1st and rand2nd), which 
can lead to premature convergence and limited exploration capability 
(Li et al., 2020). 

W =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

1 + rand × log
(

bF − Sort(i)
bF − wF

+ 1
)

, i <
N
2

1 − rand × log
(

bF − Sort(i)
bF − wF

+ 1
)

, i⩾
N
2

(1) 

where bF and wF denote the optimal and poorest fitness scores, 
respectively; Sort(i) represent the ranked fitness scores; and rand rep
resents a random value in [0,1].

The mechanism for updating agent locations during spectral feature 
encircling can be formulated as: 

Xt+1
i = rand × (UB − LB)+ LB, rand2nd < z (2) 

where rand2nd is a random value in [0,1]. The algorithm performs 
best in searching for the optimal performance when z = 0.03; UB and LB 
correspond to the search space limits.

2.3.2. Improved slime mould algorithm for spectral feature selection
Building upon SMA, we developed ISMA, which is specifically opti

mized to address the feature selection challenges of soil fertility indi
cator content estimation. Fig. 3 illustrates the framework of ISMA, while 
Table 5 details its corresponding pseudocode.

1) Slime mould population initialization

Fig. 6. Feature selection results for SOM corresponding to the different feature selection methods based on ZY1-02E satellite image dataset. (a) OR. (b) RR. (c) LgRR. 
(d) CR. (e) FDR.
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Fig. 7. Scatter plots of predictions for the optimal SOM models based on ZY1-02E satellite image dataset (The heatmap represents the residuals between the 
estimated and actual values). (a) SPA-RF. (b) VIP-RF. (c) GA-SVM. (d) CARS-XGBoost. (e) IWMPA-XGBoost. (f) WOO-SVM. (g) AO-XGBoost. (h) NDO-XGBoost. (i) 
RLQFAO-XGBoost. (j) BASADMO-RF. (k) GWOGA-RF. (l) SMA-XGBoost. (m) ISMA-XGBoost.
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An a priori Chebyshev initialization (Eq. (3)) integrating PLS and 
Lasso coefficients is employed to prioritize key features. While PLS co
efficients are effective in capturing the intricate associations between 
spectral bands and soil attributes, the method is prone to incorporating 
uninformative or weakly correlated features. To counteract this, Lasso 
integration utilizes L1 regularization to induce sparsity. By shrinking the 
coefficients of redundant variables—which PLS might otherwise 
retain—to zero, the feature set is effectively streamlined, thereby 
enhancing both its parsimony and predictive generalizability. 

Xinitial = Chebyshev(Xrand)+ ρPLS + ρlasso (3) 

2) Multi-level location update strategy
Although the initialization step improves the starting population, it 

cannot solve the main difficulties of hyperspectral feature selection by 
itself. During iteration, the standard SMA often converges too quickly 
around the current best solution. To address this problem, we introduce 
the multi-level update strategy in Eq. (4). Unlike the original SMA, this 
algorithm is better equipped to navigate the high-dimensional search 
space and identify superior feature subsets. When rand2nd ≥ z, the cor
responding improved multi-level position update formula is as follows:

where R1 ∈ [0,2π], R2 ∈ [0, π], x1 = − π + (1 − τ)⋅2π, x2 = − π +

τ⋅2π, τ =
̅̅
5

√
− 1

2 ; q = 0.9; vb and vc represent interaction and retention 
factors; Xt

i , Xt
A, and Xt

B are the current and random individual positions; 
and rand1st ∈ [0,1]. In Eq. (4), ω controls the overall step magnitude and 
gradually adjusts the search intensity over iterations. R1 and R2 intro
duce sine-based modulation to diversify movement direction and 
amplitude, while vb preserves the interaction mechanism inherited from 
SMA. The golden-ratio-based variables x1 and x2 provide bounded co
efficients for the oscillatory update, so that the search around the cur
rent promising region remains structured.

For intuitive interpretation, the three expressions in Eq. (4) corre
spond to three complementary search modes. The first mode performs a 
structured oscillatory search around the current promising region by 
combining the best solution with population difference information and 
sine modulation. In this mode, x1 and x2, which are determined by the 
golden ratio τ, define the relative search interval and help prevent 
excessively random displacement. The second mode combines best- 
solution guidance, individual memory, and Lévy perturbation, thereby 
balancing exploration and exploitation during the intermediate search 

C

D

B

A

E

F

Fig. 8. Spatial mapping of SOM content based on ZY1-02E satellite image dataset.

Xt+1ʹ
i =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

ω × Xt
best × |sin(R1) | + ω × R2 × sin(R1) × vb ×

⃒
⃒W ×

(
x1Xt

A − x2Xt
B
) ⃒
⃒ rand1st < p

Xt
best + vc × Xt

i + θ × Levy p⩽rand1st < q
vc × Xt

i + θ × Levy q⩽rand1st

(4) 
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stage. The third mode removes the direct dependence on the global best 
and relies on the current individual together with Lévy perturbation, 
which helps the population escape repeated convergence to the same 
local region. In this way, Eq. (4) is used to improve the search process 
after initialization, rather than leaving the algorithm confined to one 
fixed update behavior. 

p = tanh|Sort(i) − Gof | (5) 

vb = 2 × a × r − a (6) 

Fig. 9. Comparative evaluation of feature selection methods in estimation of soil fertility indicators.

Table 10 
Estimation of soil fertility indicator content using ISMA and SMA based on ZY1-02E satellite image dataset.2

Method Indicators Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

SMA TP PLSR 0.191 0.110 0.087 0.148 0.110 0.092
XGBoost 0.695 0.068 0.056 0.321 0.098 0.082
SVM 0.531 0.084 0.070 0.284 0.101 0.095
RF 0.891 0.040 0.031 0.532 0.081 0.069

TK PLSR 0.442 0.955 0.782 0.252 0.773 0.637
XGBoost 0.471 0.930 0.750 0.253 0.773 0.608
SVM 0.414 0.979 0.711 0.335 0.729 0.591
RF 0.504 0.900 0.701 0.292 0.752 0.610

TN PLSR 0.473 0.265 0.197 0.439 0.161 0.132
XGBoost 0.619 0.225 0.162 0.506 0.151 0.127
SVM 0.505 0.256 0.167 0.494 0.153 0.130
RF 0.845 0.131 0.093 0.476 0.158 0.131

ISMA TP PLSR 0.429 0.093 0.074 0.051 0.116 0.098
XGBoost 0.834 0.050 0.040 0.667 0.069 0.057
SVM 0.721 0.065 0.053 0.598 0.076 0.063
RF 0.886 0.042 0.033 0.675 0.068 0.056

TK PLSR 0.250 1.108 0.923 0.220 0.791 0.627
XGBoost 0.850 0.495 0.394 0.670 0.514 0.434
SVM 0.704 0.696 0.549 0.569 0.587 0.504
RF 0.731 0.664 0.531 0.612 0.557 0.471

TN PLSR 0.472 0.265 0.202 0.411 0.166 0.162
XGBoost 0.883 0.125 0.088 0.678 0.122 0.102
SVM 0.613 0.227 0.165 0.585 0.139 0.114
RF 0.794 0.166 0.121 0.642 0.129 0.142

2 In Table 10, the subscripts ‘c’ and ‘p’ denote metrics derived from the training and test sets, respectively. The optimal precision values are emphasized in bold.

Table 9 
The nutrient classification criteria adopted by the second national soil census of 
China.

Fertility 
indicator 
(g/kg)

Grade 
1

Grade 
2

Grade 
3

Grade 4 Grade 5 Grade 
6

SOM >40 30–40 20–30 10–20 6–10 <6
TP >1 0.8–1.0 0.6–0.8 0.4–0.6 0.2–0.4 <0.2
TK >25 20–25 15–20 10–15 5–10 <5
TN >2 1.5–2.0 1.0–1.5 0.75–1.0 0.5–0.75 <0.5
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vc = 2 × b × r − b (7) 

The expressions for a and b are as follows: 

a = arctanh
(

1 −
t
T

)
(8) 

b = 1 −
t
T

(9) 

where Sort(i) and Gof represent the ranked fitness and the global 
optimum’s fitness; t is the iteration index.

We further constructed an evolutionary curve for the inertia weight, 
and sine functions can facilitate periodic dynamic adjustments within a 
predefined range (Shu et al., 2025). Furthermore, previous research 
found that a (0.4, 0.7) uniform distribution for late-stage inertia weights 
can improve precision (Hu et al., 2022). To adapt this to our specific 
research context, the threshold interval was systematically tuned and 
ultimately established as (0.4, 0.5). Within this interval, higher values 
facilitate global exploration by enabling the slime mould to traverse new 
regions with larger step sizes, whereas lower values prioritize local 
exploitation for fine-grained position adjustment. The formulation for 
the improved weight ω is defined as follows: 

ω = 0.4+0.5 × rand+ sin
(

π +
πt

2Max Iter

)
(10) 

θ = e

(
2t

Max Iter

)3

(11) 

Even with improved initialization and multi-level updates, the 
search may still become concentrated in limited spectral regions, espe
cially in later iterations. This problem is common in hyperspectral 
feature selection because many band combinations produce similar in
termediate fitness values, which can cause stagnation. To reduce this 
risk, we add opposition-based learning (OBL) (Eq. (12)) and SSA-based 
perturbation (Eq. (15)) (Xue and Shen, 2020). 

Xt+1ʹ́
i = UB+ LB − rand × Xt+1ʹ

i (12) 

The role of OBL is to generate alternative candidate positions when 
the current population begins to cluster, so that the search can still 
examine unexplored regions of the spectral space. However, OBL mainly 
acts at a coarse scale and is not sufficient for later-stage fine adjustment. 
For this reason, we further introduce the SSA perturbation mechanism. 

Xt+1
i =

{
Xt+1ʹ́ ʹ

i if rand < pv

Xt+1ʹ́
i otherwise

(13) 

pv =
2
3

(

1 −
( t

Max Iter

)3
2
)

(14) 

Xt+1ʹ́ ʹ
i =

⎧
⎪⎨

⎪⎩

Xt+1
best +

⃒
⃒Xtʹ́

i − Xt+1
best

⃒
⃒× A+ × L if rand < 0.6

Norm × exp
(

Xt
worst − Xtʹ́

i
i2

)

otherwise
(15) 

where p is a probability factor; Norm is a Gaussian random number; 
and Xt

worst and Xt+1
best denote the coordinates of the worst-performing and 

best-performing individuals at iteration t and the subsequent step t + 1; 
A represents a randomized binary matrix (A ∈ { − 1, 1}) with the 

Fig. 10. Feature selection results for SOM using different feature selection methods based on HyMap airborne hyperspectral image dataset. (a) OR. (b) RR. (c) LgRR. 
(d) CR. (e) FDR. (f) RI.

Table 11 
Common bands selected from different images under different spectral 
transformations.

Data Source Wavelength

ZY1-02E 756.04 nm, 816.13 nm, 1750.95 nm
HyMap 754.57 nm, 817.77 nm, 1741.45 nm
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pseudo-inverse A+ = AT ( AAT)− 1, and L signifies a unit matrix of ones.
Eq. (15) follows the original SSA update rule and is used here as a 

local perturbation operator. In our framework, OBL expands the search 

when the population becomes too concentrated, whereas SSA refines the 
search or pushes individuals out of stagnant regions when further 
improvement becomes difficult. Therefore, the first two strategies 
improve the starting point and the general search trajectory, while OBL 
and SSA are added because those two steps alone still cannot fully 
prevent late-stage stagnation in a high-dimensional spectral search 
space.

3) Preliminary spectral feature screening strategy
To reduce the computational cost of the presented framework, PLS 

coefficients are employed for the preliminary screening of spectral fea
tures before the multi-level position update framework. To mitigate the 
influence of subjective intervention on feature selection, a stochastic 
triggering mechanism is introduced. Specifically, when the randomly 
generated value P > 0.5, the algorithm activates a weight polarization 
strategy. This process further amplifies the weights of significant fea
tures while suppressing those of redundant ones. By expanding the 

Table 12 
Estimation results for SOM based on HyMap airborne hyperspectral imagery.

Method Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

SPA PLSR 0.1479 5.9090 4.2944 0.1473 5.7211 4.4065
XGBoost 0.7033 3.4870 2.7533 0.5175 4.3034 3.5674
SVM 0.8353 2.5983 1.9484 0.5682 4.0712 3.4043
RF 0.6446 3.8164 2.9589 0.4775 4.4783 3.2935

VIP PLSR 0.4054 4.9360 4.0256 0.2561 5.3436 4.5632
XGBoost 0.9290 1.7056 1.3980 0.5988 3.9241 3.2794
SVM 0.5177 4.4455 2.7911 0.4450 4.6156 3.7763
RF 0.8925 2.0987 1.7478 0.5438 4.1846 3.4770

GA PLSR 0.4393 4.7934 3.9002 0.3090 5.1500 4.2554
XGBoost 0.9210 1.7993 1.4683 0.5577 4.1206 3.4019
SVM 0.5681 4.2070 2.7686 0.5126 4.3251 3.6742
RF 0.9033 1.9907 1.6108 0.5674 4.0749 3.2199

CARS PLSR 0.4777 4.6262 3.7786 0.2281 5.4433 4.4447
XGBoost 0.8594 2.4003 1.9833 0.5713 4.0567 3.4305
SVM 0.5388 4.3471 2.8820 0.4486 4.6005 3.9020
RF 0.9045 1.9780 1.6093 0.5717 4.0546 3.1832

IWMPA PLSR 0.4642 4.6858 3.8159 0.1047 5.8623 4.9145
XGBoost 0.9188 1.8238 1.3833 0.5824 4.0038 3.2252
SVM 0.5520 4.2847 2.7825 0.5517 4.1484 3.3948
RF 0.8803 2.2151 1.7315 0.6259 3.7893 3.1295

WOO PLSR 0.4185 4.8812 4.0114 0.0543 6.0248 5.1113
XGBoost 0.9102 1.9180 1.4722 0.7298 3.2207 2.6788
SVM 0.8577 2.4152 1.8789 0.7089 3.3425 2.8318
RF 0.8735 2.2768 1.7685 0.7190 3.2844 2.7109

AO PLSR 0.4091 4.9207 3.9754 0.3607 4.9535 4.2488
XGBoost 0.8404 2.5575 2.0120 0.6682 3.5687 2.6089
SVM 0.8008 2.8567 2.2747 0.6377 3.7290 2.9688
RF 0.8844 2.1768 1.6952 0.5853 3.9895 3.2049

NDO PLSR 0.4054 4.9362 4.0464 0.2204 5.4703 4.3934
XGBoost 0.7594 3.1398 2.4625 0.6447 3.6927 3.2064
SVM 0.7925 2.9159 2.2346 0.6383 3.7262 3.2068
RF 0.8775 2.2406 1.7491 0.6468 3.6822 3.2903

RLQFAO PLSR 0.4395 4.7926 3.8229 0.1343 5.7644 4.6694
XGBoost 0.8232 2.6916 2.0740 0.7103 3.3345 2.5552
SVM 0.7211 3.3803 2.6639 0.6892 3.4540 2.6492
RF 0.8072 2.8107 2.1896 0.7085 3.3452 2.5908

BASADMO PLSR 0.4541 4.7295 3.8303 0.3028 5.1729 4.2489
XGBoost 0.8944 2.0792 1.7045 0.4322 4.6681 3.8935
SVM 0.7747 3.0380 2.4966 0.4321 4.6686 3.9504
RF 0.8383 2.5736 2.1350 0.4424 4.6260 3.9126

GWOGA PLSR 0.4464 4.7627 3.8805 0.2833 5.2448 4.3801
XGBoost 0.7871 2.9535 2.4732 0.4108 4.7555 3.8076
SVM 0.6970 3.5233 2.8539 0.3997 4.7998 3.9005
RF 0.7733 3.0478 2.5474 0.4128 4.7475 3.8185

SMA PLSR 0.4282 4.6698 3.6935 0.3539 5.4670 4.1099
XGBoost 0.8710 2.2181 1.7700 0.6109 4.2425 3.4422
SVM 0.7749 2.9299 2.3224 0.5863 4.3743 3.3843
RF 0.8903 2.0450 1.6572 0.5299 4.6631 3.4382

ISMA PLSR 0.4091 4.9207 3.9754 0.3607 4.9535 4.2488
XGBoost 0.8783 2.2332 1.7088 0.7566 3.0563 2.4846
SVM 0.8195 2.7194 2.1929 0.6500 3.6650 2.8583
RF 0.8363 2.5898 2.0223 0.6886 3.4573 2.6616

Table 13 
Weighting schemes of the fitness function for different configurations.

Configuration w1 (Accuracy) w2 (Sparsity) w3 (Importance)

E1 0.80 0.10 0.10
E2 0.90 0.05 0.05
E3 0.70 0.15 0.15
E4 0.60 0.20 0.20
E5 0.50 0.25 0.25
No Spa. 0.90 0.00 0.10
No Imp. 0.90 0.10 0.00
Acc. 1.00 0.00 0.00
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Fig. 11. Curves of parameter variations. (a) Max_Iter. (b) N. (c) Threshold. (d) Fitness Function.

Fig. 12. Sensitivity analysis of the accuracy weight w1.
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disparity in contribution degrees among features, this approach facili
tates the retention of core spectral characteristics and the exclusion of 
irrelevant variables. A flowchart is provided in Fig. 4.

4) Calculation of the fitness function
The fitness function is considered by integrating three metrics: the 

dimensionality of selected features, their PLS-based importance weights, 
and the regression accuracy (R2). Specifically, R2 is computed via PLSR 
with 10-fold cross-validation, while the spectral features are identified 
through Eq. (16): 

Bi =

{
1 if Xi > Threshold

0 otherwise
(16) 

Eq. (17) describes the degree of adaptation: 

f(Xi) = ω1Tacc + ω2Tspa + ω3Timp (17) 

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Tacc = R2

Tspa = 1 −
n
N

Timp =
μ(|ρPLS| )

max(|ρPLS| ) + ε

(18) 

where ω1, ω2, and ω3 are the weight coefficients. In this study, we set 
ω1 = 0.8, ω2 = 0.1, and ω3 = 0.1. Specifically, the large weight assigned 
to Tacc creates the dominant selection pressure toward band subsets with 
strong predictive ability, which is necessary because the primary goal of 
the search is to maximize estimation performance. In contrast, Tspa and 
Timp are assigned smaller weights so that they function as regularization 
terms rather than competing objectives. A relatively small sparsity 
weight is sufficient because feature count is already directly controlled 

by the binary selection process and thresholding operation. If ω2 is too 
large, the search can be driven toward overly compact subsets at the 
expense of predictive information. Similarly, the importance term is 
intended to encourage preference for physically informative wavelength 
regions, but an excessively large ω3 may overemphasize locally large 
PLS coefficients and bias the search toward spectrally prominent yet not 
necessarily most predictive bands. Therefore, assigning small but 
nonzero weights to Tspa and Timp allows them to gently guide the search 
toward more parsimonious and physically plausible solutions without 
derailing the primary optimization objective defined by Tacc. Since the 
relative contribution of each term may affect the search behavior, its 
impact is systematically assessed in the ablation analysis in Section 
4.1.4.

Accuracy Term (Tacc): R2 is the mean coefficient of determination 
from ten-fold cross-validation. Sparsity Term (Tspa): n is the number of 
selected bands and N is the total number of spectral variables. Signifi
cance Term (Timp): μ(|ρPLS| ) represents the mean of the absolute PLS 
coefficients for the selected subset, normalized by the global maximum 
absolute coefficient max(|ρPLS| ) of the entire spectrum. This term le
verages the global sensitivity information of the PLS model to guide the 
algorithm toward wavelength regions with high physicochemical rele
vance.ε = 10-6 is a small positive constant to preclude division by zero. 

f(Xi) =

⎡

⎢
⎢
⎢
⎢
⎢
⎣

f(X1)

f(X2)

⋮

f(XN)

⎤

⎥
⎥
⎥
⎥
⎥
⎦

(19) 

2.3.3. Comparison of spectral feature selection methods
A comparative analysis was conducted on a diverse set of feature 

selection algorithms, specifically including Pearson correlation coeffi
cient (PCC) (Rodgers and Nicewander, 1988), competitive adaptive 
reweighted sampling (CARS) (Li et al., 2009), variable importance in 
projection (VIP) (Teofilo et al., 2009), successive projections algorithm 
(SPA) (Araújo et al., 2001), genetic algorithm (GA) (Che et al., 2025), 
and improved weighting marine predators algorithm (IWMPA) (Tan 
et al., 2025), wave optics optimizer (WOO) (Peng et al., 2025), aquila 
optimizer (AO) (Abualigah et al., 2021), Newton’s downhill optimizer 
(NDO) (Xiao et al., 2026), reinforced quantum aquila optimizer 
(RLQFAO) (Yang et al., 2026), binary adaptive weight dwarf mongoose 
optimization (BASADMO) (Lv et al., 2025) and grey wolf optimizer- 

Table 14 
The results of retrieval performance driven by nonlinear feature importance (IXGB).

Indicators Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

SOM PLSR 0.296 4.298 3.476 0.214 5.175 4.119
XGBoost 0.830 1.657 1.228 0.692 2.444 1.941
SVM 0.803 1.784 1.334 0.684 2.475 2.088
RF 0.823 1.694 1.259 0.688 2.459 2.039

TP PLSR 0.368 0.097 0.075 0.304 0.099 0.082
XGBoost 0.910 0.036 0.029 0.434 0.089 0.075
SVM 0.721 0.065 0.051 0.487 0.085 0.071
RF 0.858 0.046 0.037 0.569 0.078 0.067

TK PLSR 0.451 0.947 0.792 0.421 0.680 0.570
XGBoost 0.833 0.512 0.434 0.598 0.571 0.489
SVM 0.764 0.636 0.529 0.603 0.565 0.480
RF 0.804 0.562 0.479 0.592 0.577 0.491

TN PLSR 0.337 0.297 0.222 0.192 0.193 0.160
XGBoost 0.671 0.209 0.158 0.500 0.152 0.116
SVM 0.846 0.143 0.096 0.482 0.155 0.121
RF 0.793 0.167 0.125 0.602 0.135 0.101

SOM 
(HyMap)

PLSR 0.377 5.050 4.161 0.232 5.426 4.312
XGBoost 0.919 1.817 1.490 0.551 4.147 3.432
SVM 0.859 2.400 1.977 0.550 4.155 3.508
RF 0.785 2.961 2.433 0.516 4.307 3.659

Table 15 
Design of the ablation study for ISMA with different strategy combinations.

Variant Initial strategy (M1) Pre-screening (M2) Multi-layer update (M3)

ISMA ✓ ✓ ✓
M1 ✓ − −

M2 − ✓ −

M3 − − ✓
M1 + M2 ✓ ✓ −

M1 + M3 ✓ − ✓
M2 + M3 − ✓ ✓
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Fig. 13. Results of the ablation study for ISMA with different strategy combinations based on the optimal prediction model. (a) SOM. (b) TP. (c) TK. (d) TN. (e) 
SOM (HyMap).

Table 16 
SOM estimation accuracies under alternative module execution sequences.

Method Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

M132 PLSR 0.352 3.625 3.021 0.305 4.316 3.597
XGBoost 0.721 2.327 1.939 0.651 2.872 2.393
SVM 0.752 2.194 1.828 0.685 2.643 2.203
RF 0.783 1.876 1.563 0.718 2.421 2.018

M213 PLSR 0.361 3.573 2.978 0.312 4.258 3.548
XGBoost 0.711 2.368 1.973 0.646 2.913 2.428
SVM 0.745 2.036 1.697 0.679 2.695 2.246
RF 0.777 1.902 1.585 0.712 2.476 2.063

M321 PLSR 0.330 3.714 3.095 0.288 4.405 3.671
XGBoost 0.703 2.401 2.001 0.638 3.015 2.513
SVM 0.729 2.292 1.910 0.672 2.784 2.320
RF 0.769 2.053 1.711 0.706 2.562 2.135

Table 17 
TP estimation accuracies under alternative module execution sequences.

Method Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

M132 PLSR 0.352 0.105 0.084 0.305 0.112 0.091
XGBoost 0.724 0.073 0.060 0.551 0.092 0.075
SVM 0.768 0.066 0.054 0.583 0.082 0.067
RF 0.815 0.056 0.046 0.622 0.071 0.059

M213 PLSR 0.361 0.101 0.082 0.312 0.109 0.089
XGBoost 0.719 0.074 0.060 0.548 0.093 0.076
SVM 0.773 0.065 0.053 0.577 0.084 0.069
RF 0.802 0.058 0.048 0.613 0.074 0.061

M321 PLSR 0.330 0.108 0.087 0.288 0.117 0.095
XGBoost 0.709 0.076 0.062 0.539 0.094 0.077
SVM 0.766 0.067 0.055 0.571 0.086 0.071
RF 0.797 0.059 0.049 0.605 0.076 0.063
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genetic algorithm (GWOGA) (Shang et al., 2025). The different selection 
methods are listed in Table 6. Multiple experiments demonstrated that 
the optimal hyperparameters vary across the soil fertility indicators 
within ISMA, as shown in Table 7.

2.3.4. Modeling method
In soil property inversion modeling, statistical approaches based on 

multivariate relationships, such as PLSR (Li et al., 2024), are widely used 
due to their proficiency to establish correlations between soil attributes 
and spectral signatures. With the rapid advancement of machine 
learning, including support vector machine (SVM) (Liu et al., 2025), 

random forest (RF) (Wang et al., 2024), and extreme gradient boosting 
(XGBoost) (Aksoy et al., 2024), all of which exhibit strong capabilities in 
nonlinear modeling.

2.3.5. Evaluation methods
To validate the effectiveness of ISMA for soil property inversion, we 

adopted the evaluation criteria outlined in Eqs. (20)–(22), R2, the root- 
mean-square error (RMSE), the mean absolute error (MAE) are intro
duced in this paper (Mena et al., 2025). 

R2 = 1 −

∑n
i=1(yi − ŷ)2

∑n
i=1(yi − y)2 (20) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(yi − ŷ)2

n

√
√
√
√
√

(21) 

MAE =

∑n
i=1|yi − ŷ|

n
(22) 

2.3.6. Statistical significance test
To determine whether the performance improvements of ISMA over 

baseline and state-of-the-art algorithms are statistically significant, the 
Wilcoxon Signed-Rank Test was conducted (Şan, 2025). As a non- 
parametric statistical test, it does not require the assumption of 
normality. In this study, a p-value of less than 0.05 was utilized as the 
threshold for statistical significance, thereby providing an objective 
validation of the effectiveness of the proposed improved mechanisms.

3. Results

3.1. Spectral transformations and correlations

Fig. 5 illustrates the spectral reflectance characteristics correspond
ing to the selected sampling locations for both the HyMap and ZY1-02E 
images. The results of the correlations of OR and RI with soil fertility 
indicators are listed in Table 8. The constituent bands of RI are the 
original reflectance that exhibit statistically significant (p < 0.05) cor
relations with the soil fertility indicators. RI was selectively incorpo
rated based on its correlation enhancement relative to OR. For ZY1-02E 
data, it was used only for TP and TK, but for HyMap imagery, its use was 
extended to SOM, for which it also showed a notable benefit. The 
numbers of spectral features input to the ISMA from the ZY1-02E sat
ellite data were 500, 370, 418, and 413 for TP, TK, TN, and SOM, 
respectively; for the HyMap airborne imagery, 529 spectral features 
were used for SOM estimation.

3.2. Spectral feature selection for SOM based on ZY1-02E satellite image 
dataset

Fig. 6 presents the spectral feature selection results for SOM based on 
ZY1-02E satellite image dataset. Compared to the five conventional 
feature selection algorithms and the original SMA, ISMA selects a rela
tively reduced number of spectral features (57 features). This demon
strates its efficacy in hyperspectral dimensionality reduction. Although 
SPA selects the minimum features, its inversion accuracy, as presented 
in Fig. 7, is suboptimal. This suggests that the strategy of using 
orthogonal projection to eliminate multicollinearity has limitations in 
capturing the essential spectral features for soil fertility indicators. The 
efficacy of the ISMA method is further substantiated by the physical and 
chemical significance of its selected features. Specifically, features 
around 2200 nm can be primarily attributed to vibrations of O–H 
functional groups (Wang et al., 2020).

Table 18 
TK estimation accuracies under alternative module execution sequences.

Method Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

M132 PLSR 0.237 1.113 0.852 0.150 1.194 0.985
XGBoost 0.540 0.810 0.607 0.357 0.701 0.583
SVM 0.766 0.633 0.525 0.565 0.591 0.611
RF 0.752 0.642 0.539 0.426 0.667 0.533

M213 PLSR 0.231 1.186 0.953 0.150 1.374 1.160
XGBoost 0.636 0.730 0.571 0.459 0.849 0.676
SVM 0.770 0.580 0.479 0.316 0.970 0.809
RF 0.527 0.908 0.761 0.350 0.887 0.760

M321 PLSR 0.218 1.162 1.089 0.150 0.979 0.876
XGBoost 0.632 0.790 0.662 0.419 0.682 0.651
SVM 0.723 0.677 0.539 0.293 0.911 0.801
RF 0.644 0.701 0.593 0.335 0.866 0.730

Table 19 
TN estimation accuracies under alternative module execution sequences.

Method Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

M132 PLSR 0.579 0.236 0.164 0.307 0.181 0.172
XGBoost 0.725 0.173 0.098 0.602 0.167 0.157
SVM 0.675 0.206 0.152 0.631 0.133 0.150
RF 0.825 0.139 0.066 0.654 0.125 0.125

M213 PLSR 0.493 0.259 0.198 0.421 0.167 0.168
XGBoost 0.507 0.256 0.168 0.606 0.157 0.123
SVM 0.658 0.213 0.157 0.617 0.132 0.147
RF 0.782 0.173 0.132 0.633 0.133 0.151

M321 PLSR 0.441 0.272 0.217 0.321 0.177 0.170
XGBoost 0.612 0.230 0.163 0.584 0.141 0.156
SVM 0.515 0.254 0.182 0.602 0.131 0.149
RF 0.704 0.198 0.141 0.665 0.125 0.121

Table 20 
SOM estimation accuracies based on HyMap airborne hyperspectral imagery 
under alternative module execution sequences.

Method Model Train Test

R2
c RMSEc 

(g/kg)
MAEc 

(g/kg)
R2

p RMSEp 

(g/kg)
MAEp 

(g/kg)

M132 PLSR 0.287 5.659 4.460 0.164 5.882 4.989
XGBoost 0.611 3.928 2.883 0.482 4.322 3.584
SVM 0.536 4.461 3.578 0.364 4.549 3.664
RF 0.542 4.418 3.328 0.368 4.673 3.920

M213 PLSR 0.267 5.554 4.064 0.192 5.670 4.292
XGBoost 0.621 3.807 3.130 0.441 4.448 3.474
SVM 0.441 4.889 4.114 0.350 5.337 4.369
RF 0.660 3.419 2.783 0.476 4.581 3.806

M321 PLSR 0.348 5.409 4.638 0.215 5.772 4.544
XGBoost 0.657 3.638 3.119 0.508 4.474 3.357
SVM 0.458 4.508 3.778 0.331 5.167 4.099
RF 0.568 3.905 3.231 0.374 5.150 4.149
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3.3. Accuracy assessment and spatial distribution of SOM based on ZY1- 
02E satellite image dataset

Based on the ZY1-02E dataset, we performed a random 3:1 partition 
to generate training and testing subsets. For SOM prediction using ZY1- 
02E satellite imagery (Fig. 7), ISMA achieved the highest performance 
when implemented within the XGBoost framework (R2 = 0.752). These 
results demonstrated notable improvements over the comparable meta- 
heuristic algorithms such as GA and IWMPA for soil property estimation. 
Additionally, when the 92-feature subset selected by VIP was utilized, 
the RF model’s R2 value declined to 0.721. This performance is likely 
attributable to the linear assumptions of VIP being ill-suited for 

capturing the sensitive features within the non-linear spectral response 
of SOM. Among the evaluated algorithms, WOO, AO, NDO, and RLQFAO 
achieved competitive R2 values for SOM retrieval (0.716, 0.703, 0.711, 
and 0.691, respectively). While outperforming SMA (R2 = 0.597), they 
fell short of ISMA (R2 = 0.752) due to their specific feature selection 
limitations (Fig. 6). Although WOO and AO primarily emphasized the 
vis–NIR region (500–900 nm), they underrepresented the 1800–2400 
nm range, thereby overlooking critical C–H and O–H absorption fea
tures. Similarly, NDO clustered its 78 selected features mainly in the NIR 
region, lacking complementary SWIR wavelengths. Conversely, 
RLQFAO retained only 37 features, and this over-compression discarded 
informative features, leading to its relatively lower accuracy. These re
sults indicated that effective retrieval requires a careful balance between 
dimensionality reduction and the retention of physically relevant spec
tral features.

The optimally trained model was applied to ZY1-02E imagery to map 
the spatial distribution of SOM content across western Jilin Province 
(Fig. 8). The majority of the region falls under Grade 4 and Grade 5 
according to China’s Second National Soil Survey (Table 9). Low SOM 
content is concentrated in lacustrine areas near Dabusu Lake (A), Hua’ao 
Pao (B), Zhangjia Pao (F), and Shuangliao City Baihe Nature Reserve (E). 
This is likely attributable to lower biological activity and reduced 
organic matter accumulation in these relatively enclosed aquatic and 

Fig. 14. Fitness convergence curves of all module combinations under the three-stage ablation study. (a) SOM. (b) TP. (c) TK. (d) TN. (e) SOM (HyMap).

Table 21 
Statistical comparison of ISMA and SMA (10 independent runs).3

Dataset ISMA (Mean ± SD) SMA (Mean ± SD) p-value

SOM 0.2393 ± 0.0089 0.2031 ± 0.0137 0.002**

TN 0.2992 ± 0.0200 0.2555 ± 0.0145 0.002**

TK 0.1757 ± 0.0139 0.1595 ± 0.0107 0.037*
TP 0.2499 ± 0.0132 0.2368 ± 0.0089 0.049*
SOM (HyMap) 0.2243 ± 0.0154 0.2049 ± 0.0129 0.014*

3 In Table 21, ** p < 0.01, * p < 0.05.

Fig. 15. Box plots of final fitness values from 10 independent runs. (a) SOM. (b) TP. (c) TK. (d) TN. (e) SOM (HyMap).
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Table 22 
Statistical comparison for the competing algorithms over 10 independent runs.

Dataset RLQFAO NDO AO WOO BASADMO GWOGA

Mean±
SD

p-value Mean±
SD

p-value Mean±
SD

p-value Mean±
SD

p-value Mean±
SD

p-value Mean±
SD

p-value

SOM 0.2221±
0.0211

0.0322* 0.2124±
0.0310

0.0186* 0.2075±
0.0367

0.0137* 0.2174±
0.0260

0.0244* 0.1985±
0.0285

0.0125* 0.1820±
0.0332

0.0102*

TN 0.2823±
0.0296

0.0420* 0.2656±
0.0383

0.0186* 0.2575±
0.0320

0.0106* 0.2737±
0.0297

0.0322* 0.2450±
0.0312

0.0102* 0.2410±
0.0354

0.0101*

TK 0.1677±
0.0145

0.0420* 0.1625±
0.0221

0.0403* 0.1599±
0.0287

0.0389* 0.1651±
0.0186

0.0410* 0.1520±
0.0205

0.0210* 0.1440±
0.0241

0.0165*

TP 0.2305±
0.0221

0.0244* 0.2251±
0.0279

0.0137* 0.2216±
0.0220

0.0118* 0.2283±
0.0247

0.0186* 0.2110±
0.0238

0.0108* 0.1990±
0.0276

0.0102*

SOM (HyMap) 0.2143±
0.0181

0.0420* 0.2058±
0.0217

0.0244* 0.2010±
0.0264

0.0186* 0.2087±
0.0190

0.0322* 0.1920±
0.0224

0.0135* 0.1780±
0.0268

0.0105*

Fig. 16. Convergence curves of ISMA and SMA. Solid lines represent the mean fitness over 10 independent runs; shaded bands indicate ± 1 standard deviation. ISMA 
consistently converges to a higher final fitness with comparable or lower variance. (a) SOM. (b) TP. (c) TK. (d) TN. (e) SOM (HyMap).
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catchment environments. Conversely, high SOM content is primarily 
observed in western Yong’an Township, northern Sanqingshan Town 
(D), and the south of the Chagan Lake scenic area (C). This high con
centration is probably due to artificial factors, such as the imple
mentation of scientific cultivation and utilization of local saline-alkali 
land.

4. Discussion

4.1. Application capability analysis of ISMA

4.1.1. Multi-indicator applicability analysis
In this study, ISMA was initially applied to estimate SOM. Following 

this primary validation, its application was extended to other soil 
fertility indicators to evaluate its performance using ZY1-02E satellite 
imagery, as shown in Fig. 9. An analysis of the feature selection resulting 
from the different spectral transformations indicated that, since the 
visible light region can reflect soil color and iron oxide absorption 
(Camargo et al., 2015; De Souza Bahia et al., 2017), the feature bands for 
TP in the 600–800 nm range selected by ISMA may exhibit weak char
acteristic signals through indirect associations with organic matter and 
iron oxides. ISMA selected feature bands for TK predominantly 
concentrated in the SWIR range. The bands were essentially consistent 

with larger regression coefficients mentioned in the literature (Aksoy 
et al., 2024), including 450, 680, 960, 1410, 2370 nm, and their 
nearby bands. This consistency may be attributed to the incorporation of 
PLS-based weighting in ISMA. For TN estimation, the algorithm identi
fied important bands within the NIR region, which were likely associ
ated with overtones and combination bands related to soil constituents, 
as well as to the characteristic absorptions of N–H, O–H, and C–H groups 
concentrated within this spectral range (Thissen et al., 2004). In addi
tion, Fig. 9 further shows substantial differences among feature selection 
methods in the number of selected features for different soil fertility 
indicators, highlighting distinct strategies for feature compression and 
information retention. Overall, conventional methods such as GA, WOO, 
and AO tended to retain more features, whereas ISMA produced a more 
compact feature subset for TP, TK, TN, and SOM. This suggests that 
ISMA can effectively reduce spectral redundancy while preserving 
informative features closely related to the target variables.

The estimation accuracies for the soil fertility indicator content using 
ISMA and SMA are listed in Table 10. The results demonstrate that ISMA, 
when integrated with XGBoost and RF, achieves superior predictive 
performance to SMA for TP, TK, and TN, with accuracies of 0.675, 0.670, 
and 0.678, respectively. The results highlight that the XGBoost model, 
by leveraging its gradient boosting mechanism, can more effectively 
capture the complex non-linear relationships within the spectral data, 

Fig. 17. Band selection frequency profiles of ISMA (blue, solid fill) and SMA (red dashed) across 10 independent runs. (a) SOM. (b) TP. (c) TK. (d) TN. (e) SOM 
(HyMap). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 18. Band selection frequency profiles of WOO, AO, NDO, RLQFAO, BASADMO and GWOGA across 10 independent runs. (a) SOM. (b) TP. (c) TK. (d) TN. (e) 
SOM (HyMap).

Fig. 19. Run-by-run band selection maps for ISMA (blue, left) and SMA (red, right) across 10 runs. Each dot indicates selection of the corresponding wavelength in 
that run. Orange frequency curve (right axis) overlays the per-band selection frequency. (a) SOM. (b) TP. (c) TK. (d) TN. (e) SOM (HyMap). (Red boxes indicate 
wavelength regions with high cross-run selection consistency.). (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
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compared to the other models.

4.1.2. Cross-platform applicability analysis
To evaluate ISMA’s applicability across remote sensing 

platforms—from satellite to airborne—an additional validation experi
ment was conducted. This experiment utilized an independent HyMap 
airborne hyperspectral dataset from 2017, partitioned at a 3:1 ratio for 
SOM estimation. Fig. 10 presents both the wavelength positions and the 
numbers of features selected by different methods for the HyMap im
agery. In each subfigure, the left panel shows the spectral locations of 
the selected bands (x-axis: wavelength; y-axis: feature selection 
methods), while the right panel shows the corresponding number of 
selected features. Notably, SPA selected only three features, suggesting 
that its rigid sequential search struggled to find effective predictors 
within the HyMap dataset. This outcome highlights the advantage of 
adaptive optimization over fixed statistical rules, especially when 
seeking feature selection across different sensors. Furthermore, as 
shown in Table 11, the model identified several common spectral bands 
for SOM estimation across both HyMap and ZY1-02E hyperspectral 
imagery, notably at 754–756 nm, 816–817 nm, and 1741–1750 nm 
further validating the algorithm’s effectiveness. The 816–817 nm band 
lies within the 800–1000 nm NIR interval, where organic matter can 
influence iron-oxide-related spectral responses and where soil structural 
properties contribute to light scattering (Heller Pearlshtien and Ben-Dor, 
2020). The 1741–1750 nm range falls within a C–H overtone-related 
region in the SWIR-I zone (Stenberg et al., 2010). These common 
bands suggest that ISMA can identify physically meaningful spectral 
regions under different observation conditions. Although the difference 
in spatial resolution between the two sensors (30 m vs. 4.5 m) introduces 
variation in pixel mixing degree, our imagery was acquired over large 
freshly ploughed bare soil fields, ensuring the radiometric signals of 
both sensors are dominated by the soil surface and minimizing mixed- 
pixel interference on feature selection. The consistent features identi
fied are not artifacts of overlapping spectral ranges or local soil types, 

but correspond to meaningful absorption features of key soil constitu
ents. Table 12 demonstrates that the SOM estimation model constructed 
with ISMA-selected feature bands (22 features) achieved substantial 
accuracy gains on the HyMap airborne hyperspectral imagery (R2 =

0.757, RMSE = 3.056 g/kg, MAE = 2.485 g/kg).

4.1.3. Parameter settings analysis
The weighting schemes of the fitness function for different configu

rations are summarized in Table 13. Fig. 11 (a) shows that each dataset 
reaches peak R2 at a specific iteration count, after which accuracy either 
fluctuates within a narrow range or declines. Meanwhile, the number of 
selected features stabilizes near its minimum at the optimal iteration, 
serving as a reliable convergence indicator. During the early phase, the 
algorithm explores the search space, improving accuracy and reducing 
the feature count as irrelevant features are eliminated. In the later stage, 
the algorithm mainly focuses on refining the current solutions, which 
causes small fluctuations in performance. Crucially, further iterations 
yield diminishing returns as accuracy does not consistently improve. 
Fig. 11 (b) demonstrates a consistent unimodal pattern across all in
dicators. Accuracy rises from N = 10 to N = 30 and subsequently pla
teaus or slightly declines for N > 30. When N < 30, the population lacks 
sufficient diversity to escape local optima, resulting in premature 
convergence and higher feature counts. Conversely, when N > 30, 
additional individuals improve neither prediction accuracy nor feature 
compactness. Fig. 11 (c) reveals that accuracy is non-monotonic with 
respect to the threshold, peaking between 0.50 and 0.60 for all in
dicators. The optimal values are 0.55 for SOM, 0.50 for TP and TN, and 
0.60 for TK, suggesting that the optimal threshold depends on soil 
composition and sensor characteristics. At low thresholds in Eq. (16), 
too few features are retained, and spectrally important wavelengths are 
discarded, causing a sharp drop in accuracy. At high thresholds, the 
relaxed selection criterion leads to feature over-selection, allowing 
spectral noise and correlated features into the model, thereby inflating 
feature counts and degrading performance through multicollinearity. As 

Fig. 20. Run-by-run band selection maps for SOM, TP, TK, TN and SOM (HyMap) across 10 runs. Each dot indicates selection of the corresponding wavelength in 
that run. Orange frequency curve (right axis) overlays the per-band selection frequency. (a) WOO. (b) AO. (c) NDO. (d) RLQFAO. (e) BASADMO. (f) GWOGA. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

L. Tian et al.                                                                                                                                                                                                                                     International Journal of Applied Earth Observation and Geoinformation 152 (2026) 105395 

20 



shown in Fig. 11 (d), the choice of fitness weights is a key factor affecting 
both accuracy and feature compactness. The proposed configuration 
(E1) consistently achieves the highest R2 across all indicators while 
maintaining a compact subset of 22 to 69 features, compared to 88 to 
183 features for ablated variants. Removing sparsity regularization in
creases the feature count by 50% to 160% with negligible or negative 
accuracy gains. Finally, removing the PLS weight evaluation term de
grades relative accuracy by 3% to 22%. This confirms that rewarding 
subsets with higher average absolute coefficients, relative to the global 
spectral baseline, successfully guides the search toward wavelength re
gions with stronger physicochemical relevance. To examine the sensi
tivity of model performance to the accuracy weight w1, a two-stage 
analysis was conducted. A coarse initial scan (Fig. 11 (d)) revealed a 
notable improvement in R2 when w1 ≥ 0.7, motivating a fine-grained 
search over the interval w1 ∈ [0.70, 0.90] with a step size of 0.02. As 
shown in Fig. 12, the R2 values of all five datasets remain highly stable 

across this range, with a maximum coefficient of variation (CV) of less 
than 1.5%. Notably, w1 = 0.80 lies within a stable plateau region (w1 ∈

[0.76, 0.84]) rather than at an isolated optimum, confirming that the 
selected weight is not coincidental.

To evaluate whether consolidating the feature selection and regres
sion steps under a unified nonlinear wrapper framework could yield a 
superior feature subset, an alternative variant (IXGB) was implemented 
by replacing the ρPLS term in the original fitness function (Eq. (17)) with 
a nonlinear feature importance metric derived from XGBoost. This 
metric represents the relative contribution assigned to each spectral 
feature during the tree-building process of the XGBoost algorithm. As 
shown in Table 14, the nonlinear integration consistently yielded infe
rior retrieval accuracy compared to the proposed ISMA across all eval
uated indicators. This performance deterioration is fundamentally 
driven by two factors. First, given the extreme dimensionality and 
limited sample size of soil hyperspectral datasets, placing a high- 

Fig. 21. Spatial distribution for TP, TK and TN in western Jilin Province based on ZY1-02E satellite image dataset. (a) TP. (b) TK. (c) TN.
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Fig. 22. Spatial distribution of SOM in Yitong Manchu Autonomous County based on HyMap airborne hyperspectral image dataset. (a) SPA-XGBoost. (b) VIP- 
XGBoost. (c) GA-RF. (d) CARS-RF. (e) IWMPA-RF. (f) WOO-XGBoost. (g) AO-XGBoost. (h) RLQFAO- XGBoost. (i) NDO-RF. (j) BASADMO-RF. (k) GWOGA-RF. (l) 
SMA-RF. (m) ISMA-XGBoost.
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capacity model like XGBoost inside the inner optimization loop severely 
exacerbates overfitting. Second, by compressing these correlated inputs 
into orthogonal latent components, PLSR produces stable fitness scores 
across iterations, enabling the population to build reliable search tra
jectories. XGBoost, by contrast, assigns feature importance through a 
greedy tree-splitting process that is sensitive to small sample fluctua
tions, preventing the algorithm from consistently reinforcing promising 
spectral regions.

4.1.4. Ablation study of ISMA
To clarify the contribution of each proposed design, a factorial 

ablation study was conducted by decomposing ISMA into three func
tional modules, as shown in Table 15. The ablation study demonstrated 
that M1, M2, and M3 play distinct but complementary roles, as sum
marized in Fig. 13. For TP, M1 + M2 achieved the best test performance 
with XGBoost (R2 = 0.6044, RMSE = 0.0752, MAE = 0.0613), sug
gesting a strong synergy between the initialization strategy and pre- 
screening. For TK, variants containing M2 + M3 were generally more 
competitive, and M1 + M2 and M1 + M3 yielded the strongest results. 
For TN, M2 and other M2-related variants performed particularly well, 
showing that pre-screening is highly effective when redundant or 
weakly informative features strongly interfere with model learning. For 
SOM based on the ZY1-02E dataset, M2 yielded the lowest prediction 
error, highlighting the complementary effect of pre-screening and iter
ative optimization. For SOM on the HyMap airborne hyperspectral im
agery, M1 + M3 produced the most favorable results, suggesting that 
improved initialization and search dynamics jointly enhance model 
stability. Overall, M1 improved the initial population quality, M3 
strengthened the iterative exploration–exploitation balance, and M2 
reduced the dimensional burden and suppresses irrelevant information. 
Their interaction explained the performance advantage of the complete 
ISMA framework.

To validate whether the three stages possess a strict hierarchical 
dependency, rather than operating as independent add-ons, we con
ducted a sequence inversion experiment. As shown in Tables 16–20, any 
violation of the prescribed M1 → M2 → M3 order leads to measurable 
degradation in retrieval accuracy across all fertility indicators. The 
resulting convergence curves (Fig. 14) reveal structurally distinct pro
files for each combination, demonstrating that no partial combination 
replicates the full system’s behavior. In the early iterations, variants 
incorporating M1 begin from a visibly higher fitness level than all M1- 
absent configurations, reflecting the role of Chebyshev-based spectral 
initialization in biasing the starting population toward informative 
features through PLS–Lasso integration. In the mid-stage iterations, M2- 
containing variants exhibit a pronounced upward bend in slope that is 
absent in M2-absent curves, which flatten into a near-plateau. This 
divergence arises because the PLS-based stochastic weight mechanism 
amplifies discriminative features while suppressing redundant ones, 
thereby sustaining meaningful population search progress across the 
high-redundancy spectral regions where convergence would otherwise 
stall. In the late iterations, M1 + M2 curves level off into a characteristic 
plateau while ISMA continues to rise. That is a direct consequence of the 
absence of M3’s multi-level position update, whose Lévy-perturbed and 
OBL-diversified search modes prevent the population from converging 
repeatedly to the same locally optimal feature subsets. The performance 
advantage of ISMA stems from the coordinated interaction among all 
three stages rather than the independent contribution of each.

4.2. Comparison of ISMA and SMA

4.2.1. Statistical comparison analysis
We conducted 10 independent runs for both ISMA and the baseline 

SMA. Each run used a different random seed to ensure genuine inde
pendence. For each algorithm and soil fertility indicator, we reported 
the mean and standard deviation (SD) of the final fitness value across all 
10 runs (Table 21). Additionally, box plots illustrate the distribution of 

final fitness values and include significance annotations (Fig. 15). 
RLQFAO, NDO, WOO, and AO were each independently run 10 times. 
Table 22 reports the statistical comparison from the Wilcoxon signed- 
rank tests for these competing algorithms. Furthermore, we provided 
convergence plots displaying the mean ± 1 SD band across 10 runs for 
both ISMA and SMA (Fig. 16), clearly visualizing consistency and sta
bility. We applied the two-sided Wilcoxon signed-rank test (α = 0.05) to 
the paired 10-run results for each dataset. The statistical test results are 
reported in Table 21. ISMA achieved statistically significant superiority 
over SMA on all indicators (p < 0.05).

4.2.2. Spectral feature selection analysis and algorithm stability
As shown in Fig. 17 and Fig. 19, ISMA consistently yields higher and 

more structured frequency peaks than SMA in physically meaningful 
spectral regions. Fig. 18 and Fig. 20 present the feature selection results 
of RLQFAO, NDO, WOO, and AO across 10 independent runs. For SOM, 
ISMA preferentially activates bands in the vis–NIR transition zone 
(550–900 nm), particularly near 670 nm and 720 nm. Secondary peaks 
appear in 1900–2200 nm, consistent with C–H and O–H overtone ab
sorptions linked to humic substances. SMA produces diffuse, low- 
frequency activation across the full spectrum without these physically 
interpretable clusters. For TK, selection is concentrated almost entirely 
in the 1850–2400 nm range, with ISMA achieving frequency peaks of 
approximately 0.30 near 2000 nm and 2200 nm. This pattern aligns with 
the spectral response of clay minerals and feldspars that co-vary with 
potassium availability in soils (Galvao et al., 1997). For TN, ISMA shows 
moderate, distributed selection across 540–780 nm and 1400–1600 nm, 
with the frequency reaching 0.25 near 700 nm. For TP, selection fre
quencies remain relatively low (≤0.25) but consistently higher for ISMA 
than SMA across both 500–800 nm and 2000–2400 nm. The relatively 
low selection frequency magnitude is consistent with phosphorus having 
a weak direct spectral response, primarily detectable through its asso
ciation with organic matter and iron oxides (Fink et al., 2016).

To visualize the within-algorithm reproducibility of band selection 
across independent stochastic runs, Fig. 19 presents run-by-run scatter 
maps for ISMA and SMA across all soil parameters. ISMA demonstrates 
superior band selection stability relative to SMA, as evidenced by (i) 
higher and physically interpretable frequency peaks; (ii) greater run-to- 
run coherence in band selection maps. ISMA exhibits visibly denser 
vertical alignment of dots compared to SMA, indicating that the same 
wavelength regions are reliably selected across different runs. This run- 
to-run coherence is especially pronounced in the vis–NIR region for SOM 
and TN, and in the SWIR for TK, consistent with the frequency peaks 
observed in Fig. 20. SMA selection maps are more horizontally scattered, 
with individual runs selecting different wavelength clusters. For SOM 
across both ZY1-02E and HyMap platforms, ISMA generates dense, 
reproducible selections in the 800–1300 nm and 1900–2100 nm regions, 
accurately capturing C–H overtones. Similarly, ISMA also captures the 
spectral features of TN within the 800–1000 nm and 1400–1600 nm 
regions. For TK, ISMA confines nearly all selections to the 1800–2400 
nm range with high run-to-run overlap, whereas SMA activates sparse, 
scattered bands across the full spectrum with little cross-run consensus. 
For TP, ISMA maintains a discernible clustering preference near 
600–750 nm and 2100–2300 nm that is absent or inconsistent in SMA.

4.2.3. Spatial distribution analysis of the soil fertility indicator content
Fig. 21 illustrates the spatial mapping for fertility indicators with 

ZY1-02E imagery. TP exhibits a west-to-east increasing gradient, with 
hotspots concentrated near Xinmiao and Chagan Lakes in Qian Gorlos. 
In contrast, TK levels are generally high (Grade 2), displaying a 
northeast-low to southwest-high pattern in the continuous mapping. The 
elevated TK in southwestern Qian’an is likely attributed to better 
drainage facilitated by the rising terrain, which minimizes leaching 
losses. Both TN and SOM share a similar west-low, east-high trend. 
Meanwhile, superior SOM levels in Qian Gorlos compared to Changling 
are driven by the prevalence of fertile chernozems and meadow soils.
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As depicted in Fig. 22, the SOM content in Yitong Manchu Autono
mous County is predominantly classified as Grade 2 or Grade 3. Regions 
exhibiting elevated SOM content are primarily aggregated along the 
Yitong River. This is likely because the alluvial soils on the riverbanks 
are in a phase of rapid accumulation, leading to higher SOM content. In 
contrast, mountainous areas tend to exhibit lower SOM. Factors such as 
higher elevations, abundant sunlight and well-drained conditions likely 
enhance microbial activity, thereby accelerating SOM decomposition.

It should be noted that the present spatial distribution analysis is 
based on two-dimensional hyperspectral imagery and therefore mainly 
reflects the horizontal variation in soil fertility indicators. Some of the 
mapped differences may also be associated with terrain-related condi
tions, such as drainage and surface heterogeneity, which cannot be fully 
characterized in a two-dimensional framework. In future work, hyper
spectral LiDAR may provide a useful extension by integrating spectral 
reflectance with three-dimensional structural information, thereby 
supporting a more complete analysis of soil-property distribution under 
complex surface environments (Qian et al., 2021; Bai et al., 2026). A 
potential limitation of this study is the theoretical discrepancy between 
the heuristic selection metric and the nonlinear evaluation model. 
Although integrating the model’s internal feature importance into the 
fitness function could theoretically achieve consistency between the 
search objectives and the model’s learning mechanism, our preliminary 
tests indicated that such a strategy increased the risk of overfitting and 
reduced generalization stability. Future research will explore the inte
gration of lightweight nonlinear constraints to further optimize the 
search-evaluation consistency. While the consistency of the algorithm 
across different spatial resolutions observed in this study is promising, a 
more robust validation would require multi-resolution imagery acquired 
over the same time period, so as to isolate the algorithm’s performance 
from confounding spatial and temporal variability. Likewise, although 
the current evaluation covers four soil properties and two sensor plat
forms, further validation across more diverse soil types, sensors, and 
geographic regions would strengthen the generalizability of the find
ings. Accordingly, prospective research will design satellite-ground 
synchronization experiments to systematically investigate algorithmic 
consistency across multi-resolution imagery, and extend the evaluation 
to a broader range of environmental settings.

5. Conclusion

This study proposes ISMA for hyperspectral feature selection, vali
dated on ZY1-02E satellite and HyMap airborne datasets. Instead of 
relying on isolated search enhancements, ISMA organizes the optimi
zation process into three coordinated stages: spectrally-informed 
initialization and pre-screening for redundancy reduction, a multi- 
level position update for balancing exploration and exploitation, and a 
stagnation-avoidance strategy for improving late-stage search robust
ness. A customized fitness function was also designed to balance esti
mation accuracy with feature sparsity. Experimental results with 
XGBoost demonstrate ISMA’s superior performance in retrieving TP, TK, 
TN, and SOM on ZY1-02E imagery, achieving accuracy of 0.675, 0.670, 
0.678, and 0.752, respectively. Furthermore, its cross-platform robust
ness was confirmed on independent HyMap data (R2 = 0.757 for SOM), 
providing a reliable framework for rapid soil quality assessment and 
sustainable land management.
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