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Progress in machine learning for quantifying coastal blue carbon

KANG Binyue, LI Jiaxu, NING Yuanli, LI Hongyuan "
College of Environmental Science and Engineering, Nankai University, Tianjin 300350, China

Abstract: Accurately quantifying the carbon sequestration capacity of coastal blue carbon ecosystems ( mangroves, salt
marshes, and seagrass beds) is essential for developing nature-based solutions to mitigate global climate change. These
ecosystems act as significant carbon sinks, yet traditional field-based assessments are often labor-intensive, time-
consuming, and spatially limited. In recent years, the integration of multi-source remote sensing data with machine learning
(ML) techniques has gained increasing attention, offering new possibilities for large-scale, high-resolution blue carbon
quantification. However, there are limited reviews focusing on machine learning algorithms for quantifying blue carbon and
the types of remote sensing data sources that can be used presenting a need for a systematic summary of pathways for
applying multi-source data and machine learning algorithms to blue carbon ecosystems. This study systematically reviews the
applications of machine learning in coastal blue carbon quantification from the recent five years, focusing on the utilization
of classification and prediction frameworks. Utilizing multi-source datasets—including satellite, airborne, and drone-based
sensors—these frameworks harness the strengths of various machine learning algorithms. Classification methods, such as
Random Forest (RF), Support Vector Machines (SVM) , and deep learning models, are primarily employed for mapping
vegetation types and assessing spatial distributions. Prediction models, such as XGBoost, CatBoost, and Cubist, estimate
carbon stocks as continuous variables by incorporating spectral, structural, and environmental features. Each approach
presents distinct advantages—classification excels in large-scale ecosystem mapping, while prediction models provide high-

accuracy stock assessments when reliable and sufficient training data is available. Combining these methods in a
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classification-first, then prediction” framework enhances both spatial and quantitative precision. Despite significant
progress, challenges persist in feature selection, data heterogeneity, and the interpretability of machine learning outputs,
limiting model accuracy and applicability. Spectral signature variability, particularly in distinguishing similar vegetation
types, and radiative saturation in dense biomass areas like mangrove forests introduce classification errors. The integration of
Synthetic Aperture Radar (SAR), LiDAR, and hyperspeciral imaging can mitigate these limitations by improving structural
and biochemical feature extraction. Additionally, underwater remote sensing technologies such as autonomous underwater
vehicles (AUVs) with optical sensors offer promising solutions for monitoring submerged seagrass meadows. Advancements
in hybrid machine learning models and explainable artificial intelligence ( Al) techniques can further enhance model
reliability, ensuring more accurate and interpretable blue carbon quantification. As Al and remote sensing continue to
evolve, their synergy presents new opportunities for refining carbon accounting methodologies and informing climate policy.
Strengthening interdisciplinary collaboration between ecologists, data scientists, and policymakers will accelerate progress in

this field, ensuring that machine learning-driven approaches contribute meaningfully to global carbon neutrality efforts.

Key Words: coastal blue carbon; machine learning; multi-source remote sensing data; carbon stock
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Table 3 Typical cases of blue carbon quantification based on machine learning prediction approach
RGN g \ N -

) URIUE =g FEA ) ; IR e AR R ) .
F R 2% ] e E = 3Wq
RELRL Predictive Sample mzﬁ% jjﬂ# Optimal model performance 5CHk
Coastal blue carbon Lo Machine learning method References

indicators volume for test set
ecosystems
AR R*=0.809
Sl SOC(1 m) 85 PSO-CatBoost ) [35]
Mangrove RMSE=9.30 Mg C/hm
, R*=0.857
AGC 50 RF, SVM, GA-XGBoost * . s [26]
RMSE=15.4 Mg C/hm
X R*=0.596
AGB 25 PCA-SVM" , PCA-MLPRN, log,o RMSE=0.187 [25]
PCA-RBFNN,PCA-GP,PCA-RF
log,)MAE =0.123
~ . s o 2 —
AGB 227 PS‘O-nghtGBM‘ ,PSO-RF, R*=0.7807 [36]
PSO-KNNR, PSO-XGBoost RMSE =24.69 Mg/hm?
R*=0.81
AGC 88 RF”* ,SVM,ANN FAXF RMSE=0.2 [58]
AAX MAE=0.14
AGC 90 RBF R*=0.87 [59]
R*=0.95
SOC — RF™, SVM, XGBoost RMSE=0.025 Mg C/hm” [60]
MAE=0.01 Mg C/hm?
SOC(1m) 10331 Stacking( LDA, CART,SVM) R*=0.44—0.82 [61]
- p.= 0.78
SOC(30 cm) 205 CUBIST ) [62]
RMSE=0.2 Mg C/hm
2 —
AGB 97 RF R=0.62 [40]
RMSE=50.36 Mg/hm?
AGB 57 XGBoost * , LightGBM, R*=0.8338 [32]
CatBoost, AdaBoost RMSE =1.55 Mg/hm”
R*=0.7237
AGB 96 XGBoost ) [37]
RMSE=21.7 Mg/hm
AGB 64 XGBoost © \GBM ,RF ,SVM | R*=0.8319 [63]
GP DT ET KNN RMSE =22.7638 Mg/hm?
- - -C: S R*=0.683
AGB 104 (2A XGBoost ‘ , GA-CatBoost . f64]
GA-GB, GA-SVM | GA-RF RMSE =25.08 Mg/hm
. R*=0.7512
AGB 227 RF, KNN,XGBoost * ) [65]
RMSE =27.494 Mg/hm
g -CatBoost * -RF R*=0.74
R R TOC (50cm) 5 GWO-CatBoost * ,GWO-RF, i 66]
Seagrass bed GWO-XGBoost, GWO-RoF RMSE =10.64 Mg C/hm
p.= 0.78
SOC(30 cm) 285 CUBIST [62]
RMSE=0.2 Mg C/hm?
Thyd v 2_ o
EIRTERITEL I AGC 409 RF R*=0.36—0.63 [43]
Saltmarsh RMSE=3.1 Mg C/hm
. R*=0.90
AGB 60 RF* ,GBM,ANN,KRLS 5 [67]
RMSE =1.0 Mg/hm
2 =
AGB 74 RF k=072 [48]
RMSE =1.66 Mg/hm”
2 _
AGB 74 RF k= 0843 s [39]
RMSE = 1.47 Mg/hm
R*=0.43
AGB 84 RF [68]

MAE = 2.573 Mg/hm®

TOC ; B A HLiK Total Organic Carbon; RMSE ;¥ 7 #Ri%2% Root Mean Square Error ; MAE EY4%F iR 7% Mean Absolute Error;p, , W HIAH5E 2%
( Concordance Correlation Coefficient) , f& WA TN 5 BLSEAH — B0ME B9 25 A 3845, BE M R 8 ( Pearson A1 2C R L) F1— S0k (22 ) 2 ] B9 AH )

P s BRI S I A TT AR TR 22 R A Y X DR 22 VA SRt T 280 1 A4 0 — Ak, X R A5 R b A0 B

TEFI ik 728
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Table 4 Comparison of classification and prediction approaches

&

Comparison dimension

SR

Classification approach

T A
Prediction approach

H b
Objective

TS

Data requirement

B

Data source

CILEARS
Common algorithms
W
Feature selection
RZEVAL 7 vk

Error assessment method

bR 2

Error range

I
Applicability
g

Advantages

gy

Limitations
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ERAADCIEHE B E B AR AESE T T
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