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Abstract. To investigate the frost damage of Zoige Plateau Peat Permafrost and the stability of engineering foundations in
seasonally frozen regions, this study builds upon previous research on the optimal mix ratio of composite stabilized peat
soil using mineral powder-steel slag and basalt fibre as primary materials, supplemented with polycarboxylate superplas-
ticizer and carbide slag. Indoor mechanical tests (unconsolidated undrained triaxial shear test, unconfined compressive
strength test, and scanning electron microscopy test) were conducted on stabilized soils subjected to varying freezing tem-
peratures and freeze-thaw cycles to explore the mechanical properties and microscopic mechanisms under freeze-thaw
action. Based on the experimental dataset, the peak strength of stabilized peat soil was predicted using a particle swarm
optimization backpropagation neural network (PSO-BP). The results indicate that the unconfined compressive strength
and residual strength ratio of stabilized peat soil are positively correlated with freezing temperature and negatively cor-
related with the number of freeze-thaw cycles. The stress-strain curve characteristics of stabilized peat soil are generally
consistent under different conditions. With increasing cycles, the peak strength and cohesion of the stabilized peat soil
first decrease and then stabilize, while the internal friction angle remains relatively unchanged. In the peak strength model
constructed using MATLAB, the PSO-BP neural network model exhibited a higher correlation coefficient (R?) and bet-
ter overfitting performance compared to the BP neural network model, enabling a more accurate strength prediction of
stabilized peat soil.

Keywords: freeze-thaw cycle; unconfined compressive strength,; unconsolidated undrained test; scanning electron mi-
croscopy, model prediction
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INTRODUCTION

The Zoige Plateau is located in the north-eastern
part of the Qinghai-Tibet Plateau and contains the
largest peat deposit in China. The region experiences
long winters with no summer, with minimum tem-
peratures reaching as low as -20°C. Additionally, the
Zoige Plateau is characterized by a relatively low
latitude, high elevation, and intense sunlight. How-
ever, peat soils in seasonally frozen regions are sub-
ject to severe freeze-thaw damage under the influence

of varying freezing temperatures, which can lead to
irreversible effects on soil strength and deformation
characteristic (Fan et al. 2023). At the same time, it
poses significant challenges to the stability of engi-
neering foundations and constitutes a critical issue
for large-scale infrastructure development in western
China. Therefore, investigating the improvement and
reuse of peat soils in seasonally frozen regions is es-
sential for mitigating permafrost-related damage.

In recent years, limited research has been con-
ducted on the mechanical properties of modified
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peat soils in seasonally frozen regions. Studies often
adopt analogical methods based on the mechanical
properties of other freeze-thaw soils to explore the
effects of freeze-thaw cycles on soil characteristics.
Ding et al. (2024a) studied the effects of freeze-thaw
(F-T) cycles on the mechanical properties and bear-
ing capacity of strongly chlorine saline soil from the
Qarhan Salt Lake region. F-T cycles cause volume
reduction in low-density soil and expansion in high-
density soil due to particle breakage and reaggrega-
tion. Compacted soil deteriorates significantly after
high-frequency F-T cycles, affecting foundation per-
formance. Ding et al. (2024b), Fan et al. (2024a), also
Zhang and Han (2024) conducted unconsolidated un-
drained (UU) tests on reconstituted soils under differ-
ent confining pressures and freeze-thaw cycles. Their
results showed that the peak strength of the samples
increased with confining pressure, while the cohesion
and peak strength decreased with more freeze-thaw
cycles, with only minimal change in the internal fric-
tion angle. In summary, existing research indicates
that freeze-thaw cycles exert detrimental effects on
both the compressive and shear strength of soils. Con-
sequently, there is a pressing need to develop innova-
tive soil improvement techniques to enhance stability
in seasonally frozen regions.

Hou et al. (2025) studied the freeze-thaw resist-
ance of HPMC-modified loess through triaxial test-
ing. The study found that stress-strain behaviour
varies with confining pressure, showing hardening
at lower pressures and softening at higher pressures.
Peak stress and shear strength initially decrease, then
increase, and stabilize. Yang et al. (2022) researched
that sludge-solidified lightweight soil undergoes rap-
id strength loss during the first two freeze-thaw cy-
cles, accounting for 78% of total attenuation. After
eight cycles, strength stabilizes as the soil structure
becomes more stable, transitioning from strong to
weak strain-softening. Feng ef al. (2010) investigated
the relationship between mixed fillers and freeze-
thaw damage with factors such as freeze-thaw cy-
cles, freezing temperature, and porosity. Their study
revealed that increased freeze-thaw cycles and lower
freezing temperatures significantly reduce the stabil-
ity and splitting strength of solidified soil. Kalkan et
al. (2022) investigated the effects of quartzite on the
freeze-thaw resistance of clayey soil from Erzurum,
NE Turkey. The study revealed that adding quartz-
ite improved mechanical properties and freeze-thaw
resistance by reducing permeability and increasing
shear strength. These findings suggest that quartzite
is an effective natural additive for stabilizing clayey
soils in cold regions, enhancing their suitability for
geotechnical applications. Shao et al. (2022) studied
the strength changes of soft soil stabilized by GGBS
(Ground Granulated Blast Furnace Slag) and alkaline
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activators (lime) under freeze-thaw cycles. The un-
confined compressive strength tests indicated that the
strength of the stabilized soil under freeze-thaw cycles
was lower than that under standard curing conditions.
Kan et al. (2024) investigated the frost resistance of
soil stabilized with slag/fly ash in an alkaline environ-
ment under freeze-thaw cycles. The results showed
that the frost resistance and compressive strength of
the modified soil improved after stabilization.

Chai and Zhang (2023) conducted SEM tests on
soil modified with alkali-activated fly ash and min-
eral powder after undergoing dry-wet and freeze-
thaw cycles. The results indicated that the modified
expansive soil had limited pore expansion and crack
development, maintaining soil integrity and enhanc-
ing strength compared to the original soil. Research
by Chen et al. (2019) revealed that the fractal di-
mension of soil pore structure decreases with more
freeze-thaw cycles, simplifying the structure. Af-
ter 20 cycles, higher freezing temperatures increase
pore complexity. In the early stages, at -5°C, the pore
structure is more complex than at lower temperatures
(-10°C, -15°C). Although considerable efforts have
been devoted to analysing the effects of freeze-thaw
cycles on stabilized soils, including microstructural
changes and strength variation mechanisms, there is
still a lack of research on the strength evolution and
shear strength prediction of improved peat soils under
freeze-thaw conditions.

The applicability of novel composite materials is
often influenced by multiple interacting factors, includ-
ing material content and environmental conditions. In
ecologically fragile regions, the heterogeneity and ani-
sotropy of soil exhibit complex, multidimensional non-
linear relationships, making it difficult for traditional
orthogonal experiments to ensure accuracy. Therefore,
amore precise model is required to predict soil strength.
Li et al. (2023) explored the effects of freeze-thaw cy-
cles on the compressive strength of stabilized saline
soil. A nonlinear fitting model and a neural network-
based strength damage model were developed with
compaction, moisture content, and freeze-thaw cycle
number as influencing factors. The results showed that
the neural network model had higher fitting accuracy
and applicability. The stabilization mechanisms of silty
clay improved with optimal proportions of GGBS, FA,
and lime under freeze-thaw cycles were systematically
investigated. Based on these findings, a high-precision
predictive model for unconfined compressive strength
(UCS) was established. The PSO-BP model demon-
strated superior performance, achieving a coefficient
of determination (R?) of 0.982 on the test set, thereby
providing a reliable reference for evaluating soil sta-
bility in seasonally frozen regions (Sun et al. 2025).
A one-part geopolymer (OPG) was employed as an
alternative soil stabilizer to replace conventional ce-



ment, and its durability under freeze-thaw conditions
was systematically evaluated. A small dataset com-
prising 216 data points was utilized, and three deep
learning models were developed to simulate and pre-
dict the strength performance of OPG-stabilized soils
subjected to freeze-thaw cycles. Among the models,
the convolutional neural network (CNN) exhibited the
best predictive performance, achieving a coefficient of
determination (R?) of 0.9966. Furthermore, the model
provides the capability to interpret the influence of in-
put variables on the prediction outcomes (Yao et al.
2024).

In conclusion, many scholars have studied the me-
chanical properties and microstructure of stabilized
soil under freeze-thaw cycles and established dam-
age models to simulate the effects of freeze-thaw cy-
cles on soil strength. However, research on stabilized
peat soils in seasonally frozen regions is still limited.
Specifically, the macroscopic and microscopic dete-
rioration mechanisms under freeze-thaw cycles have
not been comprehensively elucidated, and predictive
models for shear strength under different freeze-thaw
conditions are lacking. Therefore, this study focuses
on peat soil in the Zoige Plateau of the seasonally
frozen region, simulating local climatic conditions to

conduct freeze-thaw cycle tests. The study analyzes
the mechanical strength and microstructure of stabi-
lized peat soil. Unconfined compressive strength tests
and unconsolidated undrained triaxial shear tests
are conducted to analyze the variations in mechani-
cal strength and associated parameters. Addition-
ally, scanning electron microscopy (SEM) tests are
performed to observe the micro-damage mechanisms
within the soil samples. Meanwhile, we study the
shear strength behaviour of solidified peat soil under
freeze-thaw cycles, compare the prediction models
of multiple linear regression (MLR), backpropaga-
tion (BP) neural network and particle swarm optimi-
zation-enhanced BP (PSO-BP) neural network, and
systematically evaluate their prediction accuracy and
generalization ability.

MATERIALS AND METHODS
Specimen preparation

The soil samples were collected from the peat
swamp near National Highway 213 in Zoige Coun-

ty (Fig. 1). To obtain undisturbed samples, soil was
sampled from a depth of 0 to 2 meters below the sur-
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Fig. 1 Location map of the Zoige Plateau study area in the eastern Tibetan Plateau, China. The map shows the geographic

coordinates and the position of the sampling sites
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Table 1 Physical and mechanical properties of specimens

Natural water | Optimum mois- Ma).(imum dry | Liquid limit | Plastic limit Void ratio Speci.ﬁc Organic con- PH
content /% | ture content /% | density /(g-cm?) /% 1% gravity tent /(%)
65.39 38.5~40.6 0.96 73.58 40.37 0.69 1.61 22.31 6.5
Table 2 Main chemical composition table of curing materials
ALO, SiO, CaO MgO Fe O,
Fly ash 30% 50% 10% 4.3% 3.2%
Carbide slag 2.2% 3.4% 85% 1.5 1.2%
Slag powder 16.70% 34.5% 35.3% 5.01% 1.5%
Steel slag powder 10.97% 23.65% 38.19% 7.96% 12.17%

face by using a thin-walled cylindrical sampler with a
diameter of 10 cm and height of 20 cm. The sampler
was driven into the soil layer along a vertical direc-
tion under static pressure for continuous sampling.
The materials used in the peat soil improvement study
conducted by the research team include Zoige Plateau
peat soil, steel slag, mineral powder, carbide slag, wa-
ter reducer, basalt fibre, and tap water.

Zoige Plateau peat soil is a special type of soil,
primarily composed of organic matter and moisture,
with the organic content of peat reaching up to 90%.
It is characterized by a high porosity, high moisture
content, low bearing capacity, high compressibility,
low permeability, and poor engineering mechanical
properties. The basic physical properties of the peat
soil were determined using standard geotechnical
testing methods, and the results in Table 1 represent
the averaged values for the study area.

Based on earlier research conducted by the team
on soil improvement, the optimal mix proportions
were obtained from preliminary tests conducted by
our group (Tang et al. 2027). The optimal mix ra-
tio for stabilized peat soil was determined to be: steel
slag: GGBS: basalt fibre: water reducer: carbide slag
=10.67%:9.33%: 0.25%: 0.2%: 15%. Thus, this opti-
mal mix ratio was used for the stabilized soil samples
in the current study. The main chemical components
of the curing materials used in the experiments are
shown in Table 2.

Test methods

The collected peat soil was first ground and placed
in an oven at 50°C for low-temperature drying. After
drying, the soil was sieved through a 2 mm mesh and
stored in a sealed dry container for later use.

1. Preparation of original peat soil: A light com-
paction test was performed. Based on the liquid
and plastic limits of the peat soil, the optimal mois-
ture content of 40% and a maximum dry density of
1.0 g-cm?® were used as preparation standards. Water,
equal to 40% of the dry weight of the soil, was added
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to the dried peat soil and thoroughly mixed. Moisture
content was then measured.

2. Preparation of stabilized peat soil: The dried
peat soil, steel slag powder, mineral powder, basalt
fibre, polycarboxylate superplasticizer, and carbide
slag were mixed according to the optimal ratio in a
blender for 2 minutes. The predetermined amount of
water was then added evenly and mixed thoroughly.

3. The two types of soil samples were placed in
a mold with a diameter of 39.1 mm and a height of
80 mm in five layers. Each layer was compacted for
2 minutes using a vibrating table until no air bubbles
were visible. Once the specimens were formed, they
were sealed with plastic wrap. After 24 hours, the
mold was removed, and the samples were placed in a
standard curing box set at a temperature of 20 = 5°C
and humidity > 95% for 28 days of curing.

Experimental scheme

To investigate the effect of natural environmen-
tal conditions in seasonally frozen regions on the
mechanical strength of stabilized peat soil, a two-
factor comprehensive experiment was conducted,
with freezing temperature and freeze-thaw cycles as
experimental variables. The freeze-thaw cycles were
tested using a fully automated freeze-thaw testing
machine. Based on the temperature variations of the
Zoige Plateau seasonally frozen region, the freez-
ing temperatures were set at -20°C, -10°C, and -5°C,
with a melting temperature set at 20°C (room tem-
perature). One freezing and one melting process were
considered as one complete freeze-thaw cycle. Both
freezing and melting times were set to 12 hours. The
number of freeze-thaw cycles was setto 0, 1, 3, 5, 10,
15, 30, and 60 cycles. After each freeze-thaw cycle,
the soil samples were subjected to the following tests
Fig. 2):

1. Unconfined compressive strength test: A shear
rate of | mm/min was applied to determine the com-
pressive strength and residual strength ratio of the
samples. For each mix proportion, three replicate
specimens were tested, and the reported values are
the averages of the three tests.
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Fig. 2 Schematic diagram of sample preparation, freeze-thaw cycles, unconfined compressive strength (UCS) test, UU
triaxial test, and scanning electron microscopy (SEM) analysis

2. Unconsolidated undrained (UU) test: Since
freeze-thaw cycles primarily affect the surface layer
of the foundation, and the low permeability of peat
soil usually prevents drainage consolidation during
the melting phase, a UU test was conducted under
pre-set confining pressures of 100 kPa, 200 kPa, and
300 kPa. The strain rate was set to 0.8 mm/min. For
each confining pressure and mix proportion, three
replicate specimens were tested, and the reported val-
ues are the averages of the three tests.

3. Scanning electron microscopy (SEM) test: The
soil samples were subjected to SEM analysis after
freeze-thaw cycles. Samples were dried, polished, and
cut into 2 mm x 2 mm % 1 mm pieces for the test. For
each freeze-thaw condition, one representative speci-
men was selected, and multiple images were captured
at magnifications of 500x to 1000x to examine the
internal microstructure. The selected specimen was
representative of the corresponding mix proportion
and freeze-thaw treatment.

EXPERIMENTAL RESULTS ANALYSIS
Unconfined compressive strength

For each freeze-thaw condition, three parallel
specimens were tested, and the data presented in Fig. 3

are the average values of the three replicate tests. The
error bars represent the dispersion of the test results.
As shown in the figure, a relatively small error range
indicates good repeatability of the experiments, and
thus the variation trend of the residual strength ratio
can be considered reliable. Figure 3 shows the uncon-
fined compressive strength (UCS) of peat-stabilized
soil under different freeze-thaw cycle counts (1, 3, 5,
10, 15, 30, 60) and various freeze-thaw temperatures
(-20°C, -10°C, -5°C). Under the same freeze-thaw
cycle count but different freezing temperatures, the
UCS of the peat-stabilized soil decreased rapidly in
the early stage and then gradually approached a stable
level as the number of freeze-thaw cycles increased.
For instance, at a freezing temperature of -20°C, af-
ter 1, 3, 5, 10, 15, 30, and 60 freeze-thaw cycles, the
UCS decreased by 26.6%, 11.7%, 8.6%, 7.8%, 3.6%,
1.4%, and 1.3%, respectively. The results indicate
that after a single freeze-thaw cycle, the soil expe-
rienced significant strength loss, with the greatest
disturbance to the internal structure. However, as the
number of freeze-thaw cycles increased, hydration re-
actions occurred within the soil, and the cementitious
substances formed by volcanic ash reactions adhered
to the pore surfaces, slowing down the deterioration
caused by freeze-thaw damage. After one freeze-
thaw cycle at -5°C, the strength of the stabilized peat
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soil decreased from 1051.62 kPa to 847.33 kPa, a
reduction of 19.9%. Similarly, after one freeze-thaw
cycle at -10°C and -20°C, the UCS decreased to
823.46 kPa and 771.57 kPa, with reductions of 21.7%
and 26.6%, respectively. These results show that the
UCS of stabilized soil decreases as the freezing tem-
perature decreases under freeze-thaw cycles. Shi ef
al. (2024) demonstrated that the unconfined compres-
sive strength (UCS) of cement-fly ash-stabilized or-
ganic soils decreases continuously after freeze-thaw
cycles, accompanied by a significant loosening of
the pore structure. They attributed this deterioration
mechanism to pore expansion and the weakening of
cementitious structures induced by the frost heave-
thaw settlement process. A 2024 study by Zhao et al.
(2024) on cement-fly ash-stabilized organic soils also
confirmed that freeze-thaw action leads to a reduction
in the soil strength parameters, with the deterioration
and damage being particularly pronounced during the
initial cycles. The conclusions of the above studies
are fundamentally consistent with the experimental
laws obtained in this paper.

Figure 4 illustrates the variation in the residual
strength ratio under different freeze-thaw tempera-
tures and cycle counts. Residual strength refers to the
final strength that stabilizes after the peak in the stress-
strain curve of soil or rock, and the ratio of residual
strength to the compressive strength at room tempera-
ture is defined as the residual strength ratio (Wan et
al. 2018). For example, at a freezing temperature of
-20°C, after 1, 3, 5, 10, 15, 30, and 60 freeze-thaw cy-
cles, the residual strength ratio was 63.33%, 59.24%,
56.56%, 54.48%, 53.86%, 52.97%, and 51.23%, re-

1250

[ Original Soil

[[_] Freezing temperature of -20 °C

(L] Freezing temperature of -10 °C
I [[.] Freezing temperature of -5 °C

1000 =

927.33

823.46 R

771.57
721.34
| || es1.29

~
a
°
|

654.08  coo94  577.34
584.35 73,34 557.03
553.450 54%.} H540.25- —

UCS(kPa)
[41]
g
T Tk 1
i
B
o D
Mo
B C e
_ H g
]
1]
— |

0 1 3 5 10 15 30 60

Freeze-Thaw Cycles/N

Fig. 3 Unconfined compressive strength (UCS) under dif-
ferent freeze-thaw cycles and freezing temperatures. Error
bars represent the standard deviation (SD) of three inde-
pendent replicates

46

spectively. During freeze-thaw cycles, the water in
the soil particle pores freezes and expands, leading to
structural swelling and the formation of micro-cracks.
Repeated freeze-thaw cycles further propagate these
micro-cracks, loosening the soil structure, which is
manifested macroscopically as reduced strength and a
lower residual strength ratio. Previous studies on im-
proved soils subjected to freeze-thaw conditions have
also reported the same phenomenon: repeated freeze-
thaw cycles reduce the peak strength and post-peak
bearing capacity through microcrack propagation and
pore expansion. Therefore, the gradual decrease in
the residual strength ratio observed in this study fur-
ther reflects the continuous degradation of structural
integrity under freeze-thaw cycles.

Furthermore, the results demonstrate that the stabi-
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lization treatment can effectively improve the freeze-
thaw durability of peat soil. Despite the reduction in
unconfined compressive strength (UCS) and residual
strength ratio under repeated freeze-thaw cycles, the
stabilized peat soil retained considerable strength and
exhibited a clear stabilization trend in the later cycles.
These findings indicate that the stabilization treatment
can mitigate freeze-thaw-induced structural degrada-
tion of peat soil and provide a useful reference for its
engineering application in foundations and subgrades
in seasonally frozen regions.

Figure 5 presents the shear strength evolution of
improved peat soil under various freezing tempera-
tures as a function of freeze-thaw cycles at confining
pressures of 100, 200, and 300 kPa, respectively. Er-
ror bars denote the standard deviation (SD) of tripli-
cate tests. The standard deviation is modest for most

groups, and no conspicuous fluctuations in error bars
occur during the whole test period, suggesting satis-
factory repeatability. Furthermore, the mean values
exhibit highly significant intergroup differences, con-
firming that the experimental results are sufficiently
reliable for academic research.

Stress-strain behaviour

Figure 6 presents the stress-strain curves of modi-
fied peat soil under freeze-thaw cycles. From the fig-
ure, it can be observed that, under different confin-
ing pressures, freezing temperatures, and freeze-thaw
cycle counts, the trends of the stress-strain curves are
similar. Specifically, under varying freeze-thaw cy-
cles, the effects of different freezing temperatures and
confining pressures on the shear strength of the modi-
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fied peat soil samples are consistent, and the curves
all exhibit strain-softening behaviour. After failure,
the samples still retain some residual strength, and
the failure mode is brittle failure, with shear failure
surfaces forming, leading to a rapid drop in strength.
The effect of confining pressure on the shape of the
stress-strain curve is the most significant. As the
confining pressure increases, the peak strength also
increases, and the curve gradually transitions from
strain-softening to strain-hardening behaviour. At
low confining pressures, the specimen reaches peak
strength, followed by a rapid strength decline, while
under high confining pressure, the curve enters the
elastoplastic phase, and the slope becomes relatively
gentle.

Ultimate strength and shear strength

Effect of freeze-thaw cycles on the shear strength
of stabilized peat soil

To evaluate the impact of freeze-thaw cycles on
the mechanical properties of solidified soil, the peak
strength values from the stress-strain curves are se-
lected, and the trends in peak strength variation are
analyzed to discuss changes in the mechanical prop-
erties of the modified soil (Fig. 6). When the freezing
temperature was -20°C, the average reduction in peak
strength after 1, 3, 5, 10, 15, 30, and 60 freeze-thaw
cycles at different confining pressures was 11.74%,
6.73%, 5.85%, 3.61%, 3.56%, 3.39%, and 0.11%,
respectively. The experimental results indicate that
during the initial freeze-thaw cycles, the deviation
in the failure stress of the modified peat soil is sig-
nificant. However, as the number of cycles increases,
the strength decrease becomes less pronounced. This
phenomenon occurs because during the freeze-thaw
cycles, the water within the sample undergoes a water-
ice phase transition, leading to the formation of per-
meation channels and microcracks within the sample.
The cementation and interlocking forces between soil
particles weaken (Fang et al. 2013). As the number
of cycles increases, the internal structure of the sam-
ple gradually stabilizes, and the corresponding peak
strength also stabilizes (Chen 2024). Similarly, after
one freeze-thaw cycle at different freezing tempera-
tures of -5°C and -10°C, the average peak strengths
decreased by 1.82% and 1.22%, respectively, com-
pared to the -20°C samples. This suggests that both
an increase in freeze-thaw cycles and a decrease in
freezing temperature reduce the shear strength of the
stabilized soil. This reduction is primarily due to the
transformation of water into ice within the sample,
which leads to an increase in volume, and while some
pore water does not freeze during the freeze-thaw
process, this water also gradually decreases as the
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freezing temperature drops. Consequently, the soil
experiences more rapid expansion than contraction,
and during melting, the soil structure cannot return
to its initial condition. This trend is generally consist-
ent with previous studies on the freeze-thaw deterio-
ration of organic soils, in which the most significant
strength loss typically occurs during the initial cycles,
followed by a gradual stabilization of mechanical
properties. Nevertheless, compared with untreated
peat or weakly bonded soils reported in the literature
(He et al. 2023; Wei et al. 2025), the stabilized peat
soil in this study still maintained a relatively high
peak strength after repeated freeze-thaw actions, indi-
cating that the combined application of stabilizer and
fibre reinforcement can effectively mitigate structural
damage and retard the accumulation of damage in-
duced by freeze-thaw cycles.

Effect of confining pressure on the shear strength
of stabilized peat soil

Figure 7 shows that the differences in peak shear
strength of the modified soil under various freezing
temperatures are not significant, and the variation
trends are consistent. Therefore, the shear strength
variation at a freezing temperature of -20°C is fur-
ther analyzed. Under confining pressures of 100 kPa,
200 kPa, and 300 kPa, after one freeze-thaw cycle,
the peak strengths were 1149.89 kPa, 1510.31 kPa,
and 1844.83 kPa, respectively. After 60 freeze-thaw
cycles, the peak strengths decreased to 931.88 kPa,
1127.85 kPa, and 1512.38 kPa, respectively. The
increase in confining pressure enhances lateral con-
finement, which in turn improves particle compac-
tion, leading to higher overall strength and partially
mitigating the damage caused by freeze-thaw cycles.
Similar to findings for cement-stabilized or fiber-re-
inforced frozen soils, increasing confining pressure
enhances shear strength mainly by strengthening in-
terparticle contacts and restraining crack propagation
(Bao et al. 2024; Li et al. 2019; Mahya et al. 2015;
Qiu et al. 2024). Nevertheless, strength degradation
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Fig. 7 Variation of failure strength under different freeze-
thaw cycles



induced by freeze-thaw cycles was observed under all
confining pressures, suggesting that confining pres-
sure can alleviate such damage to a certain extent but
cannot fundamentally eliminate the internal structural
deterioration caused by repeated freeze-thaw cycles.

Variation of shear strength parameters

As shown in Fig. 8, with increasing freeze-thaw
cycles, the cohesion and internal friction angle de-
crease under different freezing temperatures. For
example, at a freezing temperature of -20°C, after
the first freeze-thaw cycle, the cohesion exhibits the
greatest decrease, with a drop of 10.03%, and after
30 freeze-thaw cycles, the cohesion gradually stabi-
lizes. This result is consistent with the findings from
the stress-strain curve analysis. The internal friction
angle fluctuated with a maximum variation of 6.72%,
but it remained relatively unchanged. These results
suggest that the freeze-thaw cycle has the greatest im-
pact on cohesion (Fan et al. 2024b). Between 1 and 30
freeze-thaw cycles, as the number of cycles increases,
internal structural damage occurs, and the water in
the pores generates freezing expansion forces, caus-
ing the pore volume to increase and weakening the
inter-particle bonding. After 30 freeze-thaw cycles,
the internal structure of the soil gradually stabilizes,
and cohesion also stabilizes. During the freeze-thaw
cycle, the water inside the sample undergoes a cy-
clic process of liquid-solid-liquid phase transitions,
which results in volume expansion and contraction.
This expansion-contraction action disturbs the soil
skeleton, damaging the particle bonds, reducing the
contact area between particles, and macroscopically
manifesting as a reduction in cohesion (Peng et al.
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2024). The test results are consistent with numer-
ous previous freeze-thaw studies (Wang et al. 2024;
Zheng et al. 2025), which indicate that soil cohesion
is more sensitive than the internal friction angle under
freeze-thaw cycles. This is because cohesion mainly
depends on interparticle bonding and structural con-
tinuity, which can be readily impaired by ice crystal
growth, pore expansion, and elevated pore water pres-
sure. In contrast, the internal friction angle is more
closely related to particle shape and frictional contact
characteristics, and is therefore less affected unless
severe particle rearrangement occurs.

Microstructure of improved peat soil subjected to
freeze-thaw cycles

Figure 9 shows the SEM images of cured peat soil
under freezing temperatures of -5°C, -10°C, and -20°C
after 10 and 30 freeze-thaw cycles. The images reveal
significant effects of freeze-thaw cycles on the micro-
structure of cured peat soil. In samples that have not
undergone freeze-thaw cycles (Fig. 9 (g)), the inter-
nal structure is compact, with smaller pores between
the soil particles, exhibiting a net-like interconnected
structure. Macroscopically, the soil appears hard-
ened, dense, and strong. After 10 freeze-thaw cycles,
the internal structure begins to loosen. Larger particle
aggregates break apart, forming smaller soil particles
and debris, and the pores between particles expand.
The contact mode between particles shifts to point-to-
point and point-to-plane contact (Fig. 9a, b, c). After
60 freeze-thaw cycles, the microstructure shows the
development of continuous cracks, creating an open-
framework structure. The predominant contact mode
becomes point-to-point contact (Fig. 9d, e, f). Moreo-
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Fig. 8 The variation of shear strength parameters with the number of cycles: (a) The variation law of cohesion under
freeze-thaw cycles. (b) The variation law of internal friction angle under freeze-thaw cycles
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Fig. 9 SEM images of specimens with different freezing temperatures and different numbers of freeze-thaw cycles: (a)
Freeze-thaw cycles at-5 °C for 10 times. (b) Freeze-thaw cycles at -10 °C forl0 times. (¢) Freeze-thaw cycles at -20 °C
for 10 times. (d) Freeze-thaw cycles at -5 °C for 60 times. (e) Freeze-thaw cycles at -10 °C for 60 times. (f) Freeze-thaw

cycles at -20 °C for 60 times. (g) Freeze-thaw cycle 0 times

ver, as the freezing temperature decreases, the size
and number of internal pores in the soil increase, and
the cracks inside the sample grow larger in the later
stages of freeze-thaw cycles. The previously existing
continuous cracks progressively converge, forming
larger and more prominent fissures.

This is because, during freeze-thaw cycles, the
mechanical properties of the soil change. The cyclic
phase transition of the water molecules inside the soil
destroys the sample’s original stable structure, leading
to sliding at the particle connections and weakening
the bonding ability. This is macroscopically reflected
in the reduced soil strength, although the sample still
maintains relatively high mechanical strength (Gao et
al. 2024).

Peak strength prediction based on PSO-BP
neural network

BP neural network
A neural network is a data mapping model that

simulates the principles of human brain activity and
uses error backpropagation for training. The topol-
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ogy of this model primarily includes an input layer,
hidden layer, and output layer (Niu et al. 2018). This
structure enables the network to systematically learn
from a large number of samples and map complex
functional relationships with multiple independent
or dependent variables. By adjusting the weights and
biases of the network, it can approximate complex
nonlinear functions without the need for an explicit
mathematical expression (Yan ef al. 2014). As shown
in Figure 10, the BP neural network topology adopted
in this study was established using the alkali-activated
stabilized peat soil dataset. A total of 63 experimental
conditions were considered, and three parallel tests
were conducted for each condition, resulting in 189
data points in total. Among them, 80% of the dataset
(151 samples) was used for model training, while the
remaining 20% (38 samples) was used for model test-
ing. The input variables comprised freezing tempera-
ture, freeze-thaw cycles, and confining pressure, and
the output variable was peak strength. Based on these
variables, a three-layer feedforward BP neural net-
work, consisting of an input layer, one hidden layer,
and an output layer.

The BP neural network used in this study was con-
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structed as a three-layer feedforward network, con-
sisting of an input layer, a hidden layer, and an output
layer. The number of neurons in the hidden layer was
set to 20. The hidden layer and the output layer used
the tansig and purelin transfer functions, respectively.
The network was trained using the Levenberg-Mar-
quardt algorithm (trainlm). The maximum number of
training epochs was set to 1000, the learning rate was
0.01, and the training goal was set to 1 x 10, The
momentum coefficient was 0.01, the minimum per-
formance gradient was 1 x 10°%, and the maximum
number of validation failures was set to 6.

The number of hidden nodes is determined as 7
by Formula (1), with 20 hidden neurons set. Prior to
model training, all samples were randomly shuffled,
all samples were randomly shuffled, and 80% of the
dataset was used as a training set, while the remaining
20% was used as a testing set to evaluate the predic-
tive performance of the model. Before the data train-
ing begins, the independent variables of the sample
data are normalized, converting them into the [0,1]
range (Shen, Xu 2019).

S=vm+n+y 1)
Xi — X
X:: L min (2)

Ximax — Xmin
In the formula, m represents the input neurons, n
represents the output neurons, X; and X are the nor-

malized and original data, respectively, and X and
X . denote the maximum and minimum values of the
sample data.

After normalization, the BP neural network input
and output data are set, and the hidden layer variables
are processed using the Sigmoid function as the ac-
tivation function for the hidden layer neurons. The
Sigmoid function formula is as follows:

1
f(1)=m

n
= Za)iXi -T
i=1

Information is first transferred from the input layer
to the hidden layer, with the hidden layer function F1
being:

3)

4)

Fi = f(Xio1 0iX;) Q)

The information is then passed from the hidden
layer to the output layer, with the output layer func-
tion F2 being:

wij = wij + NF1g(Tig wyFq) (6)

The BP neural network adjusts and updates the
weights in the direction of the negative gradient. The
error is adjusted in reverse until the algorithm con-
verges, producing the output result. The weights o,
and v, are calculated as:
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wij = Wy +NF1(1 = F)Xg Tl wgey 7)

Vij = (Vit, Vi2, Vi3 «» Vim) (8)

In the formula, £ € N, I represents the number
of input nodes, F, (x) is the activation function for
the hidden layer, F, (x) is the activation function for
the output layer, and 1 is the number of hidden layer
nodes.

PSO-BP neural network

Although the traditional BP neural network has
strong expressiveness and computational capabilities
and can replicate the given input-output relationships
through repeated learning, this algorithm may lead to
overfitting. That is, it performs well on the training data
but exhibits poor generalization ability when faced with
the test set. The BP neural network’s solution process
always descends in the direction of the negative gradi-
ent, which may result in a local minimum instead of a
global minimum. This could prevent finding the opti-
mal solution, and when the network scale is large or
the training data is abundant, the training time becomes
prolonged, increasing the computational cost.

Therefore, in this study, particle swarm optimiza-
tion (PSO) was introduced to optimize the key hy-
perparameters of the BP neural network before final
model construction. Specifically, PSO was used to op-
timize the number of hidden neurons and the learning
rate, and the optimized parameter combination was
then adopted to establish the final PSO-BP model.

Particle swarm optimization (PSO) is an intelligent
evolutionary algorithm inspired by the social behavior of
bird flocks or fish schools, where particles communicate
information with each other. Each particle seeks its local
optimal solution, and ultimately, by merging the local
optimal solutions of all particles, the global optimal so-
lution can be found (Wang ef al. 2024). Compared with
the traditional BP neural network, PSO neural network
has a faster convergence speed. PSO has a faster con-
vergence speed, and many studies have shown that this
algorithm has good applicability in practical engineer-
ing (Bao et al. 2014; Shariati et al. 2019).

Assuming that in an M-dimensional space, a par-
ticle swarm consists of N particles searching for the
optimal solution within the area, each particle has an
initial position X, and velocity V,, represented as:

Vi= Vi1, Vi2, Vi3 o) Vim) )

(10)

The position and velocity of each particle are
substituted into the objective function, and through
continuous iteration, the particle’s new position X,
and velocity Vik are updated to determine its fitness

Xi = (Xi1, Xi2) Xi3 +vv» Xim)
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value. The fitness value determines the quality of the
particle and identifies the best position P, within the
search space (Ma et al. 2018; Shao et al. 2024).

V';.H'l :a)XV{-{'l'Cl Xry X [xllgesti_xﬂ + (11)
+cy X1y X [xllgesti - XH

X = x4 afr 12

Prestj = (Py1D; 2Py +:D;n) (13)

Qbest.j = (qi,l‘ q; 243 qi_n) (14)

In the formula, X} e[—x,

x> Fonax J3 V7 € [V Vi ]
ke N'; v*'and X' represent the position and ve-
locity of the i-th particle in the (k + 1)-th iteration;
P, is the best position for each particle; 0, repre-
sents the best position of the particle swarm; ¢, ¢, are
the learning factors for each particle and the particle
swarm, respectively; and r, r, are random parame-
ters uniformly distributed in the interval [0,1]. In the
PSO-BP model, the swarm size was set to 25, and
the maximum number of PSO iterations was 30. The
inertia weight (w) was set to 0.7, while both cognitive
and social learning factors (¢, and c,) were set to 1.5.
The search range for the number of hidden neurons
was defined as 1-50, and the learning rate was set
within the range of 0.001-0.1.

Compared to the BP network’s gradient descent
algorithm, the PSO algorithm is more likely to avoid
getting trapped in a local minimum rather than a glo-
bal minimum, thus achieving the global optimal so-
lution. The flowchart of the PSO-BP neural network

algorithm is shown in Fig. 11.
Comparison of failure strength simulation

This study introduces k-fold cross-validation
(k = 10) into the neural network model to evaluate
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and compare its accuracy, stability, and generaliza-
tion ability. Specifically, the entire dataset was ran-
domly divided into ten approximately equal subsets.
In each iteration, one subset was used as a testing set,
while the remaining subsets were used as a training
set. This process was repeated ten times. The final
generalization performance of the model was repre-
sented by the average of the results from the ten vali-
dations. This approach helps to minimize the influ-
ence of random data partitioning and provides a more
objective evaluation of the model’s reliability.

On this basis, a multiple linear regression (MLR)
model was introduced to compare the predictive per-
formance of the neural network. For the MLR model,
80% of the samples were used for training, while the
remaining 20% were used for testing.

The model performance was evaluated using four
statistical indicators, namely MAE, MAPE, RMSE,
and R2. Among them, MAE, MAPE, and RMSE were
used to quantify prediction errors, whereas R? was
used to assess the goodness of fit between predicted
and measured values (Qu et al. 2023). The corre-
sponding equations are given as follows:

Y=,80+,8121+,8222+"'+,8f2f+8 (15)
Y=XB+e (16)
g =XTX)"1XxTy (17)

where Y is the predicted strength B, is the intercept,
B(i= ,.f) are the regression coefﬁc1ents Z are
the standardlzed input variables, § represents the es-
timated vector of regression coefficients, and ¢ is the
random error term.

In the formula, ;" is the predicted failure strength,
Y is the average of the actual failure strength, and Y,
represents the actual failure strength for the i-th sam-
ple.

The smaller the values for MAE, MAPE, and
RMSE and the closer R? is to 1, the stronger the re-
lationship between the actual compressive strength
and the model’s predicted value. Smaller error values
and higher R? indicate a more precise fitting of the
model, and vice versa for lower correlations (Ma et
al. 2023).

As shown in Fig. 12, among the three models, the
PSO-BP network exhibited the best predictive per-
formance, followed by the BP model, while the MLR
model performed the worst. The relatively low R?
values of the MLR model (R? = 0.8984 for the train-
ing set, and R? = 0.8878 for the testing set) can be
attributed to its limitation to simple linear relation-
ships. In contrast, the mechanical behaviour of alka-
li-activated stabilized soil under freeze-thaw cycles
involves a staged evolution associated with ice-water
phase transitions, which cannot be captured by a li-
near model.

Compared with the MLR model, the BP neural net-
work substantially improved the prediction accuracy,
with R? values exceeding 0.9 for both the training and
testing sets. However, the predictive performance
on the testing set was noticeably lower than that on
the training set. Under small-sample training condi-
tions, although the BP network is capable of handling
complex nonlinear relationships, it is prone to being
trapped in local optima, exhibits a limited generaliza-
tion capability, and is sensitive to the division of the
dataset.

— m .
MAE = —=%% |Y; - Y| (18) Compared with the BP neural network, the PSO-
BP model achieved superior predictive performance.
= m L . .
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values were 0.9760, 32.9617 kPa, 43.2382 kPa,
RMSE = J Lym (¥, = ¥7)? (20) and 2.5633_%, respectively. For the testing set, the
m ST corresponding values were 0.9625, 41.5050 kPa,
S (-7 50.0286 kPa, and 3.3911%, respectively. Compared
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Fig. 12 Comparison of prediction results from different models: (a) MLR prediction results. (b) BP network prediction

results. (¢) PSO-BP network prediction results
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and 14.1%, respectively, while increasing the R? val-
ue from 0.9367 to 0.9625.

The particle swarm optimization (PSO) algorithm
enables the search for more suitable parameter com-
binations within a defined range by incorporating
both individual best and global best solutions. The
difference between the R? values of the training and
testing sets is only 0.0135, indicating that the PSO-
BP model exhibits a better generalization capability
than the conventional BP neural network.

Although the R? value of the PSO-BP training set
reaches as high as 0.9936, which may raise doubts
about the model validity, the R?value of the test set
remains high at 0.9625, close to that of the training
set. A small difference between the two R? values in-
dicates that the model does not exhibit serious over-
fitting and has a good generalization ability.

Residual analysis (Fig. 13) was further conducted
to clarify the differences in fitting performance and
generalization ability among the three models. The
residuals of the MLR model exhibit significant fluc-
tuations and high dispersion for both the training and
testing sets, indicating that a simple linear model is
insufficient to accurately predict the actual failure
strength. Compared with the MLR model, the BP
neural network shows some degree of convergence
in the residuals; however, the residuals in the testing
set still display considerable scatter and large fluctua-
tions.

In contrast, the PSO-BP model demonstrates
relatively small residual variations in both the train-
ing and testing phases, with residuals distributed
symmetrically around zero. Considering the MAE,
RMSE, R?, and residual analysis together, the particle
swarm optimized neural network not only improves
the fitting accuracy but also confines the prediction
errors within a relatively narrow range. Therefore, it
exhibits superior accuracy and generalization capabil-
ity for predicting the strength of stabilized soil under
complex conditions with limited sample data.

The dataset used in this study is relatively small,
which may raise concerns regarding the applicability

of the model to future scenarios. To address this is-
sue, a simpler model, namely multiple linear regres-
sion (MLR), was employed as a baseline for compari-
son. In addition, a 10-fold cross-validation strategy
was adopted to enhance the reliability and stability of
the models.

Although neural network models generally require
larger datasets, the results of this study demonstrate
that they can effectively capture the complex nonlin-
ear relationships among variables, which are difficult
to describe using traditional linear approaches. There-
fore, the application of the PSO-BP model to simulate
the shear strength of stabilized peat soil under freeze-
thaw conditions is considered reasonable.

Nevertheless, a limited sample size may still af-
fect the generalization capability of the model. To
mitigate this limitation, future studies should expand
the experimental dataset to further improve the pre-
dictive accuracy of the model.

CONCLUSIONS

Through freeze-thaw cycle tests, unconfined com-
pressive strength tests, consolidated-undrained shear
tests, scanning electron microscope (SEM) tests, and
PSO-BP neural network strength predictions of cured
peat soil, the following conclusions were drawn:

1. Both the unconfined compressive strength and
the shear strength of stabilized peat soil exhibit vary-
ing degrees of degradation under freeze—thaw cycles.
With an increasing number of freeze-thaw cycles, the
strength further deteriorates, with the most significant
reduction occurring in the early stages, followed by a
relatively stable and higher strength in the later stag-
es. This indicates that alkali activation has a positive
effect on enhancing the freeze-thaw resistance of the
soil.

2. The scanning electron microscopy (SEM) results
provide a microscopic perspective on the freeze-thaw
damage mechanism. With increasing freeze-thaw cy-
cles, the stabilized peat soil undergoes repeated ice-
water phase transitions, leading to a progressively
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looser internal structure, the expansion of cracks and
pores, and the weakened interparticle bonding. These
microstructural changes are reflected macroscopical-
ly as a reduction in strength.

3. In this study, a multiple linear regression (MLR)
model, a BP neural network model, and a PSO-BP
neural network model were employed, with the neural
network models incorporating the 10-fold cross-val-
idation. Comparative results show that the PSO-BP
neural network achieves superior prediction accuracy
and generalization capability compared with the other
two models. This indicates its strong application po-
tential and provides a useful reference for predicting
the shear strength of peat soil in seasonal frozen re-
gions.
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