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Abstract

The soil temperature controls soil biological activity, carbon and nutrient cycling, and plant 
regeneration in mountain forests, so its spatial distribution is needed for the sustainable 
management of forest soils under a changing climate; however, high-elevation monitoring 
is costly and scarce. This study evaluated whether the daily mean near-surface (2–7 cm) 
soil temperature in the snow-free season can be predicted from the air temperature alone, 
enabling low-cost monitoring from freely available data. A random forest model driven 
by the current and lagged (0–7 d) daily mean air temperature was trained on snow-free 
season (May–November) observations from 15 measurement points (11 in a single stand) 
at five forested sites in Nagano Prefecture, Central Japan (914–2082 m, 2017–2025). The 
pooled grouped cross-validation RMSE was 1.01–1.05 °C (R2  = 0.955–0.958), and the site-
level RMSE was 1.07–1.53 °C when whole sites were withheld. Replacing the observed 
air temperature with nationwide 1 km gridded data (Agro-Meteorological Grid Square 
Data) increased the cross-site RMSE only from 1.05 to 1.18 °C. Lapse rate adjustment 
barely improved the accuracy, indicating that elevation also represents snow, canopy, and 
radiation effects. Demonstration maps of the snow-free season produced with a 10 m digital 
elevation model remain unvalidated away from the monitoring points. The approach could 
provide a resource-efficient basis for soil thermal monitoring to support sustainable forest 
management and climate change adaptation in mountain regions.

Keywords: soil temperature; sustainable forest management; low-cost environmental monitoring; 
climate change adaptation; mountain forest; random forest; gridded meteorological data; soil 
thermal regime

1. Introduction
The soil temperature is a primary regulator of processes that determine how moun-

tain ecosystems and hydrological systems respond to changing climates [1,2]. It governs 
the timing of freeze–thaw cycles, controls infiltration and soil moisture recharge during 
snowmelt, and provides thermal cues for seed germination, root activity, and the onset of 
the growing season [3–7]. In seasonally snow-covered mountain regions, these processes 
are additionally modulated by snow cover itself; because snow has thermal conductivity 
that is approximately five to twenty times lower than that of mineral soil, an accumulated 
snowpack insulates the ground and can decouple the soil temperature from the atmosphere 
above it for months at a time [8]. Mountains warm faster than the global average [9,10]; 

Sustainability 2026, 18, 11293 https://doi.org/10.3390/su182111293

https://crossmark.crossref.org/dialog?doi=10.3390/su182111293&domain=pdf&date_stamp=2026-11-05
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://doi.org/10.3390/su182111293


Sustainability 2026, 18, 11293 2 of 16

therefore, the processes that the soil temperature controls are shifting along elevation gradi-
ents. Despite its central role in mountain hydrology and ecology, the spatial patterns of soil 
temperature across mountain terrain remain poorly characterized [11,12]. Spatially explicit 
soil temperature information is therefore a prerequisite for the sustainable management of 
mountain forest soils, because it underpins estimates of soil biological activity and nutrient 
cycling [7] and of the timing of plant regeneration [5,6] and helps to anticipate how these 
processes will respond to climate change [1,2]. However, the monitoring networks needed 
to provide it are costly to establish and maintain in mountain terrain, so approaches that 
rely on freely available data are needed. Because snowpack decouples the soil from the air 
temperature, this study focuses on the snow-free season.

Methods for estimating the soil temperature fall into two distinct categories: physi-
cally based models and empirical models [13]. Physically based models estimate the soil 
temperature by resolving the surface energy budget and subsurface heat transfer from me-
teorological variables such as the air temperature and solar radiation [14]. Their practical 
application is frequently hindered by their intricate structure and extensive site-specific 
parameterization, which is often unavailable [15,16]. Empirical models predict the soil tem-
perature from more widely available meteorological variables, such as the air temperature, 
radiation, and humidity, using statistical techniques [17,18]. Recently, machine learning 
models, including random forest, support vector machines, and artificial neural networks, 
have been widely applied to soil temperature prediction [19–22]. Several studies have 
shown that the predictive value of the air temperature is not confined to contemporaneous 
values [23,24]. Because thermal energy diffuses into the soil with a delay that increases 
with depth, air temperatures from the preceding days retain substantial explanatory power. 
Previous studies have also shown that the air temperature of the preceding day is effective 
for predicting the shallow soil temperature [25]. Therefore, incorporating multi-day lags 
has become a conventional approach for feature engineering in this domain.

However, all these approaches have common limitations. Most existing models, in-
cluding the machine learning models cited above, have been developed and evaluated 
at a single site or within a narrow elevation range, and they have been validated by ran-
dom cross-validation, which can overestimate transferability in the presence of spatial and 
temporal autocorrelation [26–28]. Therefore, it remains unclear whether such models can 
predict the soil temperature across broad elevation gradients and multiple independent 
sites. Elevation is a convenient single descriptor of a mountain climate, but it is a proxy for 
several distinct drivers: vegetation cover, snow accumulation, and the radiation load set 
by slope and aspect, which vary with elevation, although not always consistently across 
sites or mountain ranges [29–32]. Therefore, models that rely on elevation are expected to 
transfer poorly, because these drivers are decoupled from elevation. Validation across sites 
is also constrained by the scarcity of multisite, multiyear datasets, because sustained high-
elevation monitoring is costly and logistically difficult, resulting in a bias toward accessible, 
lower-elevation locations [10,31,33,34]. A final constraint concerns the application: a model 
is scalable only if its inputs are available throughout the area in which it is applied, which 
restricts usable predictors to those obtainable from gridded meteorological products.

Random forest and other machine learning models driven by a lagged air temperature 
have been applied to the soil temperature before [19–25,35,36]. The contribution of this 
study lies not in the algorithm but in three aspects. First, transferability is evaluated 
with grouped cross-period, cross-point, and leave-one-site-out validation across a 1170 m 
elevation gradient in snow-influenced mountain forests, rather than with random cross-
validation at a single site or within a narrow elevation range. Second, we test whether a 
nationally available 1 km gridded air temperature can replace on-site measurements and 
decompose the resulting bias, showing that the offset between the gridded air temperature 
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and soil temperature scales with the elevation difference at about twice the environmental 
lapse rate, so that a standard lapse rate correction does not remove it. Third, the model is 
compared with a simple linear benchmark under the same validation schemes to quantify 
what the nonlinear model adds.

This study addresses these issues by using field observations from 19 measurement 
points across six mountain sites in Nagano Prefecture, Japan, spanning 914–2082 m in 
elevation and recorded between 2017 and 2025, of which 15 points at five sites provided 
snow-free season data for modeling. This study had three objectives. First, we investigated 
whether a random forest model could predict the daily mean soil temperature from the 
current and lagged air temperatures (lags 0–7 d). Random forest was chosen because it 
captures nonlinear relationships and is robust to correlated predictors such as consecutive 
daily air temperatures. Site-specific variables such as solar radiation, the soil type, and 
vegetation cover were deliberately excluded so that the model depended only on the inputs 
obtained from gridded data. The analysis was restricted to the snow-free season, because 
seasonal snowpack decouples the soil temperature from the air temperature and cannot 
be represented using an air temperature input. Transferability was evaluated using point-
level cross-site, leave-one-site-out, and cross-period validations rather than random cross-
validation, and the model was compared with a linear benchmark. Second, we examined 
whether the same accuracy was retained when the observed air temperature was replaced 
by a 1 km gridded air temperature and whether correcting the gridded values for the 
elevation difference between the grid cell and sensor improved the prediction. Third, we 
applied the resulting model to gridded data to produce spatially continuous maps of the 
snow-free season soil temperature across the study areas, illustrating how the framework 
can be extended to terrain without loggers.

2. Materials and Methods
2.1. Research Area

The data were obtained from Nagano Prefecture, Japan. Six study sites were established in 
Central Japan across an elevation range of 914.0–2081.9 m (35.30–36.11° N, 137.62–138.21° E) 
(Figure 1, Figure S1). All sites were located within forested land cover. This selection captured 
the thermal variation driven by elevation and microtopography in snow-influenced environ-
ments. The measurements at Seba formed a dense cluster within a single forest stand between 
914 and 1035 m. The remaining five sites were measured at a single point to provide broader 
spatial coverage (Table 1). This uneven design reflects site accessibility and the availability of 
long-term records provided by the KOA Corporation at Seba; it is a spatial sampling limitation, 
and site-level validation results are therefore also reported (Section 2.4).

Table 1. Overview of the study sites.

Site Name Municipality No. of Points Altitude (m) Latitude Longitude

Seba Shiojiri 14 914–1035 36.055–36.106 137.879–137.881
Neba Neba 1 954 35.302 137.620

Yamamuro Ina 1 1271 35.918 138.146
Yotagirigawa Iijima 1 1231 35.677 137.849
Yukinagesawa Minami-Alps 1 2082 35.732 138.208

Zatosawa Ina 1 1556 35.912 138.164
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Figure 1. Location of the study area. The right panel shows the broader location of the study region 
within Japan. The left panel shows a magnified view of the study region (orange rectangle in the right 
panel), showing the locations of the six forested sites (orange circles; the 14 points at Seba form two 
groups about 5 km apart, and Yamamuro and Zatosawa, about 2 km apart, appear as two adjacent 
circles, so seven circles represent the six sites) in the mountainous terrain of Central Japan, where the 
air and soil temperatures were measured.

2.2. Soil and Air Temperature Observations and Data Processing
The air and soil temperatures were recorded at 19 points (Table 2). Fourteen data 

loggers were installed at different elevations and soil depths in the Seba area. The air 
temperature was measured at approximately 1.5 m above the ground surface using tem-
perature data loggers (TR-5i, T&D Corporation, Matsumoto, Japan). Each air temperature 
sensor was shielded from direct solar radiation. The soil temperature was measured using 
temperature probes connected to the same data loggers and buried at depths of 2, 7, or 
15 cm. Sensor recording instruments varied among study sites. At the Yotagirigawa, Zato-
sawa, and Yamamuro sites, the air and soil temperatures were measured using two-channel 
temperature data loggers (TR-71wb, T&D Corporation, Matsumoto, Japan), with one sensor 
measuring the air temperature at approximately 1.5 m above the ground surface and the 
other measuring the soil temperature at a depth of 2 cm. At the Yukinagesawa site, the 
air temperature was measured using a temperature and humidity data logger (LR5001, 
HIOKI E.E. Corporation, Ueda, Japan), where the soil temperature at a depth of 2 cm was 
measured using a temperature data logger (LR5011, HIOKI E.E. Corporation, Ueda, Japan). 
The measurements at these four sites were recorded at 10 min intervals. All measurement 
points, except Yukinagesawa, were located within forests, where the ground surface was 
shaded from direct solar radiation by the canopy. The Yukinagesawa measurement point 
was located at the forest edge adjacent to an avalanche-disturbed area, where the ground 
surface was occasionally exposed to direct solar radiation. The measurement intervals in the 
Seba area varied among the loggers, resulting in an overall recording interval of 10–60 min 
across study sites.
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Table 2. Logger identity, sensor depth, and observation period at each measurement point. IDs 4, 7, 
and 9 (15 cm) and ID 17 (no snow-free season data) were not used for modeling.

ID Site Elevation
(m)

Sensor Depth
(cm) Observation Period Days Missing Days

1 Seba 1035 7 5 June 2024–31 December 2025 332 243
2 Seba 1018 7 5 June 2024–31 December 2025 332 243
3 Seba 1030 7 5 June 2024–30 September 2024 118 0
4 Seba 1011 15 5 June 2025–29 October 2025 148 0
5 Seba 1011 7 5 June 2025–29 October 2025 148 0
6 Seba 960 7 5 June 2025–29 October 2025 148 0
7 Seba 960 15 5 June 2025–29 October 2025 148 0
8 Seba 914 7 5 June 2025–29 October 2025 148 0
9 Seba 914 15 5 June 2025–29 October 2025 148 0
10 Seba 1023 7 5 June 2024–17 November 2024 166 0
11 Seba 1017 7 5 June 2024–17 November 2024 166 0
12 Seba 1007 7 5 June 2024–17 November 2024 166 0
13 Seba 1005 7 5 June 2024–17 November 2024 166 0
14 Seba 1011 7 5 June 2024–17 November 2024 166 0
15 Neba 954 2 9 March 2024–28 September 2025 569 0
16 Yamamuro 1271 2 1 January 2018–15 September 2025 2644 171
17 Yotagirigawa 1231 2 22 January 2023–19 April 2023 88 0
18 Yukinagesawa 2082 2 3 November 2021–9 June 2023 403 181
19 Zatosawa 1556 2 16 November 2017–6 December 2025 2888 55

Sub-daily measurements were aggregated into the daily maximum, minimum, and 
mean air temperature and soil temperature for each sensor and calendar day. Daily values 
were retained only when at least half of the expected sub-daily records were available for both 
variables. The days that did not meet this criterion were treated as missing data. Readings 
outside −40 to 50 °C were discarded as physically implausible. At the Yukinagesawa site 
(2082 m), where the ground surface was occasionally exposed to direct solar radiation, soil 
temperatures exceeding 28 °C were recorded in May 2023. Because these values were likely 
caused by the direct solar heating of the sensor and did not represent the soil temperature, 
they were discarded. Seasonal snowpack holds the near-surface soil temperature close to 
0 °C for extended periods. Therefore, we retained the soil temperature near 0 °C during the 
snow-covered season as valid observations. These days were used to describe the air–soil 
relationship but were excluded from model training. The number of missing days after 
data processing is presented in Table 2.

2.3. Acquisition of 1 km Mesh Weather Data
The Agro-Meteorological Grid Square Data System, NARO [37] (https://amu.rd.naro.

go.jp/wiki_open/, (accessed on 26 August, 2026)) was used as the gridded meteorolog-
ical dataset (AMD); it provides daily meteorological variables on a 1 km grid covering 
Japan, constructed from observed, forecasted, and climatic normal data. The daily mean, 
maximum, and minimum air temperatures were extracted for the grid cell containing each 
measurement point, over the observation period of that point, extended seven days earlier 
so that lagged predictors could be computed without loss at the start of each record. The 
representative elevation of each grid cell was obtained from the AMD elevation layer. Be-
cause a single AMD value represents an entire 1 km cell, the representative elevation of 
a cell generally differs from that of the sensor within it. Therefore, the elevation-adjusted 
air temperature was calculated as

Tadj  = TAMD  + Γ(zcell − zsensor )
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where zcell  is the representative elevation of the grid cell, zsensor  is the elevation of the 
measurement point, and Γ is the environmental lapse rate, set to 0.006 °C/m. Both the raw 
and the elevation-adjusted values were used as model inputs and compared. For the spatial 
prediction, the daily mean air temperature was extracted for every AMD grid cell within 
the five rectangular areas surrounding the measurement points, and cell elevations were 
obtained from a 10 m digital elevation model (DEM) provided by the Geospatial Information 
Authority (GSI) of Japan (https://www.gsi.go.jp/kiban/, (accessed on 15 August, 2026)).

2.4. Soil Temperature Prediction Model Using Random Forest
The daily mean soil temperature was predicted using a random forest model [38] 

implemented in the randomForest package [39] in R (version 4.5.0; R Core Team). The 
explanatory variables were the daily mean air temperature on the current day and from the 
preceding one to seven days (lags 0–7). The model was trained in the snow-free season, 
defined as 1 May to 30 November. To reduce the influence of snow cover on the air–soil 
thermal linkage during model training, days with a soil temperature < 0 °C were excluded. 
This filter removed 18 site-days (approximately 0.3% of the dataset), all between 16 and 
30 November at Yukinagesawa and Zatosawa. Because the model was trained only on snow-
free conditions, its scope of applicability is limited to the snow-free season. Maps were 
produced only for June–October, when the study areas are normally snow-free. Because 
adjacent days were strongly autocorrelated, lagged predictors were computed only within 
continuous observation segments and never across missing data segments. Moreover, days 
for which a full lag window was unavailable were excluded. Yotagirigawa provided no data 
during the May–November period, and the three 15 cm sensors (IDs 4, 7, and 9) were 
excluded because they operated only in 2025, each co-located with a 7 cm sensor (IDs 5, 
6, and 8) and sharing the same air temperature record, so that a depth effect could not be 
estimated independently of the site. This yielded 5526 site-days from the 15 measurement 
points (7 cm depth at 11 Seba points and 2 cm depth at four non-Seba points). Because 
the sensor depth differed between Seba and the other sites, depth was confounded by site. 
The 2 cm and 7 cm records were therefore pooled as a single response variable without 
a depth predictor, so that the model could be applied with the gridded air temperature 
alone; the predictions represent the near-surface (2–7 cm) soil temperature. To examine 
whether combining depths biased the predictions, we trained separate models for 2 cm 
and 7 cm points using cross-site validation. These depth-specific models were compared 
with the combined model. Additionally, a linear regression model using only the same-
day and previous-day air temperatures (lags 0 and 1) was evaluated under the same 
cross-validation schemes.

Three models were compared, differing only in terms of the source of the air temper-
ature: observation, raw AMD, and elevation-adjusted values. The elevation values were 
obtained by applying a lapse rate of 0.006 °C/m to the difference between the representa-
tive of each AMD mesh and the elevation of the target location. Forests of 500 trees were 
grown for validation and of 1000 trees for the final model, with the number of variables 
tried at each split set to one-third of the number of predictors. Model transferability was 
assessed using two grouped cross-validations (Figure S2). In the cross-site validation, each 
measurement point was withheld in turn (15 times; the remaining Seba points stayed in the 
training data when one Seba point was withheld), and, in the cross-period validation, each 
calendar year was withheld in turn (nine times), with some loggers covering only parts of 
certain years. In addition, leave-one-site-out validation was applied to assess transferability 
to a new site, in which all points of a site, including all 11 Seba points, were withheld 
together (five folds). Predictions from all withheld folds were pooled before computing 
the coefficient of determination (R2 ), root mean square error (RMSE), and mean absolute 

https://doi.org/10.3390/su182111293

https://www.gsi.go.jp/kiban/
https://doi.org/10.3390/su182111293


Sustainability 2026, 18, 11293 7 of 16

error (MAE), so that points contributing more observations were weighted by their data 
volume. Because the pooled scores were weighted toward sites with long records, and the 
other Seba points remained in the training data in point-level folds, n, R2 , the RMSE, the 
MAE, and the mean bias (mean of predicted minus observed values) were also computed 
for each fold (Table S1).

Variable importance was evaluated using the permutation importance within each 
excluded fold. Each predictor was randomly shuffled ten times and the resulting mean 
decrease in R2  was recorded. These values were then averaged across folds, and their 
standard errors were calculated. Given the collinearity among lagged air temperatures, 
importance scores represent the collective contribution of the recent thermal history rather 
than strictly independent daily effects.

To map the soil temperature, the final model driven by the elevation-adjusted air 
temperature was applied to a 10 m grid. For each 10 m cell, the AMD air temperature of 
the mesh containing the cell was corrected by applying the same lapse rate to the elevation 
difference between the mesh’s representative elevation and the cell elevation derived from 
the 10 m DEM, and the corrected air temperatures for lags 0–7 were input to the model. The 
10 m grid reflects the resolution of the DEM. Spatial variation within each 1 km mesh came 
solely from elevation adjustment, and validation was performed only at observation points. 
Cells above the highest training point (2082 m) or outside forests lay outside the conditions 
represented in the training data; because a random forest cannot predict beyond the range 
of its training targets, the predictions for these cells are extrapolations of unknown accuracy.

3. Results
3.1. Predicting Soil Temperature Using In Situ Air Temperature

The predicted and observed daily mean soil temperatures agreed closely in both 
validations using random forest models (Figure 2a,b). The pooled cross-period validation 
showed R2  = 0.958, RMSE = 1.01 °C, and MAE = 0.79 °C, whereas the pooled cross-site 
validation also showed R2  = 0.955, RMSE = 1.05 °C, and MAE = 0.81 °C. The point-level 
RMSE ranged from 0.21 to 1.88 °C, the MAE from 0.16 to 1.68 °C, and the bias from −1.16 to 
+0.96 °C (Table S1). Because the other Seba points remained in the training data when 
one Seba point was withheld, the mean point-level RMSE was lower for the 11 Seba points 
(0.68 °C) than for the four other points (1.18 °C; RMSE 1.08–1.39 °C, MAE 0.88–1.19 °C, bias 
−1.16 to +0.30 °C). When all points of a site were withheld together (leave-one-site-out 
validation), the site-level RMSE ranged from 1.07 to 1.53 °C and the pooled RMSE was 
1.30 °C (R2  = 0.936); withholding Seba as a whole gave the largest error (RMSE = 1.53 °C, 
bias = +0.67 °C; Table 3). Permutation importance was concentrated in the shortest air 
temperature lags (Figure 2c). Under cross-site validation, the same-day air temperature 
was the largest contributing factor (0.222), followed by the air temperature of the previous 
day (0.099). All the remaining lags contributed 0.029 or less. The cross-period validation 
shows the same order for the two leading predictors (0.233 and 0.081). A linear regression 
model using only lags 0 and 1 resulted in RMSEs of 1.27 °C (cross-site) and 1.20 °C (cross-
period), which were approximately 0.2 °C higher than those of the random forest model 
(Table S3); under leave-one-site-out validation, the difference narrowed to 0.04 °C (1.34 vs. 
1.30 °C; Table S2). Furthermore, the combined model showed almost no depth-dependent 
bias (+0.06 °C at 2 cm and +0.07 °C at 7 cm), and depth-specific models yielded similar 
RMSEs (2 cm: 1.16 vs. 1.16 °C; 7 cm: 0.73 vs. 0.81 °C; Table S4), indicating that pooling 
the two depths introduced no substantial depth-related bias. The predicted values show 
the seasonal course of the observed air temperature at the low, middle, and high elevation 
points (Figure S3).
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Figure 2. Random forest prediction of daily mean soil temperature from in situ air temperature. 
(a,b) Predicted versus observed daily mean soil temperature under a (a) cross-validation grouped by 
year and (b) by site. Hexagonal shading indicates the observed count (log scale), and the dashed line 
represents a 1:1 relationship. The insert in each panel reports the coefficient of determination (R2 ), 
RMSE, MAE, and number of daily observations. (c) Permutation importance of the air temperature 
lag features (lags 0–7) under the cross-site (left) and cross-period (right) schemes.

Table 3. Site-level results of the leave-one-site-out validation with in situ air temperature (all points 
of the withheld site excluded from training).

Withheld Site Points n (Site-Days) RMSE (°C) MAE (°C) Bias (°C)

Seba 11 1903 1.53 1.26 +0.67
Neba 1 365 1.38 1.19 −1.15

Yamamuro 1 1516 1.08 0.88 +0.23
Zatosawa 1 1681 1.17 0.92 +0.16

Yukinagesawa 1 61 1.07 0.90 +0.29
Pooled 15 5526 1.30 1.05 +0.27

3.2. Comparison of In Situ Data and 1 km Mesh Temperature Data
The 1 km mesh air temperature agreed closely with the observed air temperature 

(Figure S4a). The site-level offset was explained by the difference between the 1 km mesh 
cell elevation and sensor elevation (Figure S4b; slope = −0.0079 °C/m, R2  = 0.794, p < 0.001) 
at a rate close to the environmental lapse rate. At Seba, where 14 measurement points fell 
within a single 1 km grid cell, the observed soil temperature was separated according to 
the sensor elevation, while the mesh value was identical for all of them (Figure S5), and 
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elevation adjustment reduced the offset where the mismatch was large. By contrast, at some 
sites, the raw values were nearly unbiased (Figure S4c).

The 1 km mesh air temperature deviated from the observed soil temperature (Figure 3a). 
A dense cluster of observations near 0 °C reflected the snow-covered period, during which 
the soil temperatures remained close to 0 °C, while the mesh air temperature fell to −10 °C 
or below (Figure S6). The site-level offset between the mesh and observed soil temperature 
was also related to the difference in elevation (Figure 3b; slope = −0.0183 °C/m, R2  = 0.677, 
p < 0.001). Sites located above their cell elevation showed offsets of +1.4 to +3.9 °C, whereas 
the highest site, 206 m below its cell elevation, showed an offset of −5.0 °C. The fitted slope 
was approximately twice the environmental lapse rate. The elevation adjustment shifted 
the site-level offsets but did not remove them (Figure 3c).

Figure 3. Comparison of 1 km mesh air temperature with observed soil temperature. (a) Observed 
daily mean soil temperature and mesh air temperature, raw and elevation-adjusted. Hexagon shading 
indicates observed count (log scale); the dashed line represents a 1:1 relationship. The data points 
near 0 °C correspond to snow cover days, which were excluded from model training. (b) Site-level 
offset versus elevation difference between mesh and sensors. Point size is proportional to site-days. 
The line denotes a linear fit with a 95% confidence band. (c) Site-level offsets before and after 
elevation adjustment.

3.3. Predicting Soil Temperatures Using 1 km Mesh Temperature Data
The predicted and observed daily mean soil temperatures were similar under both vali-

dations using the random forest model with 1 km mesh air temperatures (Figure 4a). Cross-
period validation showed R2  = 0.955, RMSE = 1.04–1.05, and MAE = 0.82, whereas cross-site 
validation showed R2  = 0.942–0.944, RMSE = 1.18, and MAE = 0.92. Elevation adjustment 
slightly improved the predictive performance under cross-period validation, reducing the 
RMSE from 1.05 to 1.04, but had a negligible effect under cross-site validation. Permutation 
importance was again concentrated in the shortest air temperature lag (Figure 4b). Under cross-
site validation, the same-day air temperature was the largest contributing factor (0.290–0.292), 
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followed by the air temperature of the previous day (0.097–0.103). All remaining lags con-
tributed 0.025 or less. The cross-period validation showed the same order for the two leading 
predictors (0.267–0.275 and 0.073–0.087, respectively). 

Figure 4. Random forest prediction of soil temperature from 1 km mesh air temperature. (a) Ob-
served versus predicted values for holding-out folds, pooled, for raw and elevation-adjusted mesh air 
temperature under cross-site (by site) cross-period (by year) validation. Hexagon shading indicates 
observed count (log scale); the dashed line represents a 1:1 relationship. (b) Permutation importance 
under the same four combinations, given as the mean decrease in R2  across folds.

3.4. Spatial Distribution of Predicted Soil Temperature
The daily mean soil temperature on the 15th of each month was predicted across the five 

areas from June to October 2025 (Figure 5) using a random forest model. The predictions 
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relied only on AMD air temperature data and 10 m digital elevation data from GSI. Soil 
temperatures exhibited clear seasonal variations across all areas, peaking in August and 
declining to their lowest values by October, the final month of the mapped period. In Seba, 
Neba, and Yotagirigawa, the mean temperatures peaked in August at 12.3, 12.2, and 12.2 °C, 
respectively, declining to 4.7–5.2 °C in October (Table S5). Yamamuro and Zatosawa followed 
a similar pattern. Lower temperatures were consistently observed at higher elevations. 
Yukinagesawa recorded lower values, averaging 2.6 °C in August and 0.8 °C in October, and 
was the only area where the mean predicted temperature remained below 3 °C throughout 
the period. As described in Section 2.4, these maps were not validated away from the 
monitoring points; they illustrate the workflow rather than providing validated estimates 
for unmonitored cells.

Figure 5. Mapped soil temperature predicted from 1 km mesh air temperature. Predicted snow-free 
season daily mean near-surface (2–7 cm) soil temperature, estimated with the random forest driven 
by the 1 km mesh air temperature, from 15 June to 15 October 2025, for each study area. The orange 
points indicate the soil and air temperature sensors; overlapping points represent sensors installed at 
the same or nearby locations (e.g., co-located sensors at different depths at Seba), and white lines are 
contour lines at 1000 m intervals. Color scales were set independently for each area. The scale bars 
represent 10 km for the upper four rows and 5 km for the Yukinagesawa area. The 10 m grid reflects 
the DEM resolution, and the maps have not been validated away from the sensors.
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4. Discussion
This study investigated whether an empirical model based on air temperature data 

could predict the daily mean soil temperature. The results show that, across middle-to-high-
elevation sites in Central Japan, the soil temperature can be predicted with high accuracy 
only from the air temperature outside snow-covered periods.

The observed data model showed high accuracy (Figure 2). This result indicates that 
a monitoring network spanning five sites and up to eight years of records can achieve 
the accuracy range reported for other tree-based soil temperature models. Similar re-
sults have been reported in multiple studies conducted across different regions. Random 
forest and gradient-boosted models trained across seven Chinese climate areas reached 
R2  = 0.96–0.97 and RMSE = 1.73–1.99 at the soil surface [35]. Another study indicated that 
a nine-depth random forest for the Tibetan Plateau’s Three River region reached RMSEs 
ranging from 1.7 near the surface to 2.3 °C at 160 cm [36]. These studies, however, used 
additional predictors such as the soil depth, radiation, humidity, and wind and different 
validation strategies; their RMSE values are therefore not directly comparable with those 
of this study, although the errors fall within a similar range. Unlike earlier approaches to 
the spatially distributed soil temperature that relied on topographic or surface cover vari-
ables [12,13], the present model uses only the air temperature, which makes transferability 
across sites the critical test. The air temperature was consistently the primary predictor of 
the soil temperature, similar to other machine learning models across diverse climates [40]. 
Across all models, the same-day air temperature and its one-day lag accounted for 74–91% 
of the total importance assigned to lags 0–7. This result is consistent with heat transfer 
theory, which represents soil heat propagation as a damped phased-lagged response to 
surface forcing [13].

Replacing the observed air temperature with 1 km AMD data caused little loss of 
accuracy. However, the variable importance in the AMD models shifted further toward the 
same-day air temperatures. This shift suggests that spatial averaging over 1 km grid cells 
smooths the local short-term variability that lag terms would otherwise capture. The AMD 
air temperature closely tracked the observed air temperature, with a site-level offset scaled 
with elevation at close to the environmental lapse rate. Its divergence from the observed soil 
temperature, however, was larger as the site-level offset scaled with the elevation difference 
at approximately −0.018 °C/m, which is more than twice the environmental lapse rate. 
The standard elevation adjustment shifted these offsets without resolving them, yielding 
a negligible improvement in the cross-site RMSE.

The effect of the random forest trained depends on the validation scheme. The cross-site 
RMSE remained essentially unchanged, whereas the cross-period RMSE improved slightly. 
Therefore, these results indicate that elevation adjustment corrects the systematic site-level 
air temperature bias more effectively than it corrects the soil temperature transferability 
differences between sites. This pattern is consistent with elevation acting as a proxy for 
several covarying drivers, including snow cover, the canopy, and the radiation load, rather 
than a single physical correction term. The accuracy of this approach was also affected by 
the accuracy of the AMD data. AMD is the least constrained in complex terrain and at high 
elevations, where AMeDAS stations are sparse. Therefore, the input error is expected to be 
largest in settings where soil temperature prediction is most challenging.

Snowpack insulation caused the largest single divergence between the air and soil 
temperatures. The soil temperature stayed near 0 °C, while the air temperature fell to −10 °C 
or below. The air temperature input could not directly represent this insulation. Random 
forest can learn this insulation effect only empirically and only when the training data span 
snow-covered periods. This limitation is inherent in any air temperature-based framework 
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and is not specific to the random forest. Because snow cover weakens the relationship 
between the air and soil temperatures, this model is applicable only to the snow-free period.

This study had several limitations. First, spatial replication was uneven. Eleven of the 
15 modeled points were in a single forest stand at Seba (914–1035 m), whereas each of the 
other four sites had one point; three of these were at higher elevations, while Neba (954 m) 
lay within the Seba range. Consequently, the point-level cross-site score mainly reflects 
interpolation within Seba, and the leave-one-site-out results (site-level RMSE 1.07–1.53 °C; 
Table 3) are the more appropriate indication of the uncertainty expected at a new forested 
site within the sampled elevation range (914–2082 m). Although more rigorous than 
random cross-validation [41], these errors reflect the features of individual sites rather 
than a systematic elevation gradient, and transferability to unmonitored terrain above the 
highest training point, in non-forested settings or in other mountain ranges, has not been 
tested. Second, the number of days used for modeling varied from 61 to 1681 per point. 
Cross-period validation confounds the interannual climate variability with incomplete 
seasonal sampling. In addition, daily values were screened only by the number of available 
sub-daily records. The distribution of missing records within each day was not assessed; 
daily means on days with uneven coverage may be biased. Third, because the sensor depth 
coincided with the site, the depth comparison cannot fully separate depth effects from site 
effects; thermal damping and lag increase with depth, so the model should not be applied 
to depths outside the 2–7 cm range represented in the training data. Finally, all the areas 
were located on forested land in Central Japan. However, the model’s transferability to 
non-forested, exposed, or geologically distinct mountain environments remains untested.

The model achieved this accuracy from the air temperature and elevation alone, with 
errors in a similar range to those of more input-intensive models in previous studies [38,39]. 
The required inputs, the 1 km AMD data and 10 m DEM, are available nationwide for 
Japan. As a demonstration, the model produced spatially continuous snow-free season 
soil temperature maps for five study areas (Figure 5), although their spatial accuracy away 
from logger sites has not yet been validated. As elevation-dependent warming accelerates, 
scalable soil temperature monitoring is increasingly required in mountains [9]. Using open 
data, this approach may help to link sparse reference sites to ungauged mountain terrain, 
which is consistent with digital soil mapping efforts across Japan [42]. Future work should 
validate spatial predictions away from logger sites, extend the training networks to non-
forested and high-elevation sites, and incorporate snow cover indicators. Such expanded 
models could then be applied to historical reconstructions and future climate projections. 
Coupled with snow cover information, such estimates could eventually inform assessments 
of freeze–thaw activity and its role in soil erosion in mountain catchments.

5. Conclusions
This study showed that the daily mean near-surface (2–7 cm) soil temperature in the 

snow-free season at forested mountain sites in Central Japan can be predicted from the 
current and lagged air temperature alone. With the in situ air temperature, the pooled 
RMSE was about 1.0 °C under point-level cross-site and cross-period validation and 1.30 °C 
when entire sites were withheld (site-level RMSE 1.07–1.53 °C); with the 1 km gridded air 
temperature, the cross-site RMSE was 1.18 °C. The lapse rate adjustment of the gridded 
data did not remove the site-level bias, indicating that elevation acts as a proxy for several 
covarying drivers. Because 11 of the 15 modeled points were in a single stand, these results 
apply most directly to forested sites within the sampled elevation range. In addition, the 
2 cm and 7 cm records were combined, and, because the sensor depth coincided with the 
site, depth-specific effects could not be separated. Therefore, the results apply only to 
the near-surface (2–7 cm) soil temperature. The 10 m maps are presented as an example 
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of applying the model. Their accuracy at locations without measurements has not been 
validated. The model applies only to the snow-free season and should not be used for 
snow-covered periods. Extending the approach to the snow-covered season will require 
snow cover predictors, and denser sampling at high elevations and in non-forested terrain 
is needed. From a sustainability perspective, the use of freely available nationwide data 
may reduce the reliance on dense sensor networks and the cost and effort of monitoring 
soil thermal conditions in mountain forests. Once validated more widely, such estimates 
could support sustainable forest management and climate change adaptation planning that 
accounts for soil biological activity in a warming climate.
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