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Study on durability of underwater pile foundation concrete
based on SVR-SSA combined model
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(Nantong Highway Development Center, Nantong 226007, China)

Abstract: For the service life prediction problem of durability degradation of underwater pile foundation concrete in
the water level fluctuation zone caused by chloride ion erosion, traditional methods based on Fick's law have limita-
tions due to idealized assumptions and difficulty in covering complex factors. This paper proposes a hybrid SVR-SSA
model combining support vector regression (SVR) with the salp swarm algorithm (SSA) to achieve accurate prediction
of concrete service life in chloride environments under this scenario. Based on measured sample data from the river-
side and coastal waters of Nantong City, the model was constructed and training and prediction experiments were con-
ducted. The proposed model was compared with the single SVR model and the hybrid model combining SVR and
moth—flame optimization algorithm. The results indicate that the SVR—SSA model exhibits significantly superior pre-
diction accuracy, with a mean squared error (MSE) as low as 0.145, representing at least 95.87% improvement over
other models, and a standard deviation of 0.056. The comprehensive performance in terms of MSE and standard devia-
tion confirms that this method can provide effective support for durability research on underwater pile foundation con-
crete in small-sample scenarios within the water level fluctuation zone.
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Tab. 1 Actual condition table of underwater pile

foundations for bridges
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Sample set of underwater pile foundation

Ny/mm  N,/(1078 m*s™)  J/4

Tab. 2
WA NJE N,/MPa

L, 10 60 68 4.69 62
L, 10 51 48 4.18 65
L, 10 46 60 445 62
L, 10 47 56 4.95 68
L, 10 60 57 4.00 43
L 10 50 43 4.16 45
L, 10 50 62 4.65 58
L, 10 45 65 435 63
L, 10 45 62 5.16 55
Ly 10 50 44 4.08 58
Ly 18 50 62 3.97 56
L, 18 50 65 3.92 48
L, 18 45 56 3.77 63
L, 18 50 48 355 65
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Tab. 3 SVR-SSA model parameters
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Fig. 1 MSE value diagram
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Tab. 4 Comparison of prediction results between SVR-SSA

and other models

i TR PR 2 R
SVR 17.075 0 0.754
SVR-MFOA 3.515 0.202 0.941
SVR-SSA 0.145 0.056 0.998
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