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	 Microclimate air temperature varies substantially over short distances because of local 
factors such as buildings, vegetation, solar radiation, and shading. Dense observations can 
capture this variability, but long-term deployment at many target sites is costly. This study 
evaluates an long short-term memory (LSTM)-based framework for air-temperature prediction 
at data-scarce microclimate sites using a nearby public meteorological station as a reference. The 
model predicts the temperature difference between the target site and the reference station 
instead of directly predicting the target-site temperature. Transfer learning is also introduced by 
pretraining the model on other nearby microclimate sites and fine-tuning it using limited target-
site data. The framework was evaluated using observations from Wakayama University and the 
automated meteorological data acquisition system (AMeDAS) Wakayama station. Difference 
prediction reduced root mean square error (RMSE) compared with direct prediction at all 
evaluated sites. Transfer learning did not always improve the best accuracy when sufficient 
target-site data were available, but it improved robustness when fine-tuning data were limited or 
seasonally different from the evaluation period. These results suggest that difference prediction 
and transfer learning can support practical air-temperature prediction at data-scarce 
microclimate sites under conditions similar to those examined in this study.

1.	 Introduction

	 Microclimate refers to localized weather conditions near the ground surface that are strongly 
affected by surrounding environments such as buildings, vegetation, solar radiation, shading, 
and human activities. Because these local factors vary over short distances, microclimate can 
differ substantially even between nearby locations.(1) An accurate understanding of microclimate 
is important for urban environmental management, heat-risk assessment, and local-scale 
decision making. (2,3) 
	 The most reliable way to understand microclimate is dense in situ observation. However, 
high-density sensor deployment over large area and over long periods results in high cost in 
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practice. As a result, methods are needed to predict microclimate even when the volume of 
observations at a target site is limited. 
	 Recent studies on microclimate prediction have explored several directions. One major 
approach is downscaling from coarse regional data such as numerical weather prediction (NWP) 
data by incorporating urban morphology, land-cover information, or three-dimensional city 
models.(4–6) Another approach uses data collected from dense local sensor networks and applies 
deep learning to learn spatiotemporal relationships for future microclimate prediction.(7,8) These 
methods have demonstrated high prediction performance. However, they often require detailed 
auxiliary data from multiple sources, dense sensor networks, or long observation periods. These 
characteristics raise two practical issues for microclimate prediction. First, the amount of data 
available at a target site is often insufficient for training deep learning models. Second, many 
existing methods depend on complex input data that may not be readily available in practical 
applications.
	 Several studies have also investigated weather-station-based or location-transfer approaches 
for microclimate and urban air-temperature prediction. DeepMC predicts the error between 
weather-station forecasts and local microclimate observations using a multi-scale encoder-
decoder deep learning framework.(7) Yang et al. predicted urban microclimate conditions from 
local weather-station data using an artificial neural network.(9) Shen proposed a reference-
station-based machine learning framework for the spatiotemporal mapping of urban air 
temperature and urban heat island patterns.(10) In addition, Li et al. applied deep transfer 
learning to microclimate estimation using sensor readings and building morphological 
features,(11) and Deznabi et al. investigated zero-shot microclimate prediction for new or 
unmonitored locations.(12)

	 These studies show the usefulness of weather-station-based prediction, reference-station-
based air-temperature estimation, and knowledge transfer for microclimate prediction. However, 
it remains insufficiently examined whether predicting the temperature difference from a reliable 
nearby public meteorological station improves microclimate air-temperature prediction 
compared with directly predicting the target-site temperature. It also remains unclear whether 
pretraining on neighboring microclimate sites and fine-tuning with limited target-site data 
improves robustness when the amount or season of the fine-tuning data is constrained.
	 In this study, we predict air temperature at a target microclimate site from observations at a 
nearby public reference station such as Automated Meteorological Data Acquisition System 
(AMeDAS).(13) Instead of directly predicting the target-site temperature, we train a deep learning 
model to estimate the temperature difference between the target site and the reference station. 
The final target-site temperature is reconstructed by adding the predicted difference value to the 
observed temperature at the reference station. This design is motivated by the idea that large-
scale temporal variation is already captured by the reference station, while the remaining 
difference mainly reflects local deviations caused by the surrounding environment. Therefore, 
predicting the difference can simplify the learning target and stabilize training.
	 We further introduce transfer learning to improve robustness when the amount of target-site 
data is limited. The model is first pretrained using data from other nearby microclimate sites and 
is then fine-tuned for the target site. This framework is intended to support practical deployment 
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at locations where only a short observation period is available.
	 This study does not aim to propose a new forecasting architecture. Instead, it empirically 
evaluates a controlled long short-term memory (LSTM)-based framework for data-limited 
microclimate air-temperature prediction. Specifically, this study has three objectives. First, we 
evaluate whether difference prediction improves prediction accuracy compared with direct 
prediction under the same LSTM architecture. Second, we examine whether transfer learning 
improves robustness when the amount of target-site data is limited or when the fine-tuning data 
are collected in a season different from the evaluation period. Third, we analyze the effects of 
site-specific auxiliary information and source-site selection on transfer performance. Through 
these evaluations, this study clarifies the practical effectiveness and limitations of combining 
difference prediction and transfer learning for microclimate air-temperature prediction under 
realistic observational constraints.
	 This paper is organized as follows. In Sect. 2, we describe the proposed method. In Sect. 3, 
we provide evaluation methods and results to show the performance of the proposed method. 
After giving a discussion in Sect. 4, we finally conclude the work in Sect. 5.

2.	 Proposed Method

2.1	 Overview of the prediction method

	 The objective of this study is to predict microclimate from the observations at the nearest 
public station by using deep learning. Also, we assume a practical setting in which newly 
installed microclimate observation sites have only a limited observation period. Under this 
setting, we examine whether a transfer learning-based method can help maintain prediction 
performance when only a small amount of data is available at target sites.
	 In this study, we focus on temperature prediction. Figure 1 shows the overall framework of 
the proposed method. First, we install a sensor at the target microclimate observation point and 
measure temperature for a certain period. And, we identify the nearest public meteorological 
station to the target site as the reference station. We then use deep learning to learn the 
relationship between the temperature observed at the reference station and that observed at the 
target site.
	 A key feature of the proposed method is that the model does not directly predict the 
temperature at the microclimate site, ymicro. Instead, the model predicts the difference value ydiff, 
which is defined as the residual from the reference station temperature yref, i.e., ydiff = ymicro − yref.
	 During inference, we assume that only the observation at the reference station, yref, is 
available. The trained deep learning model estimates the difference value ŷdiff. We then compute 
the temperature at the microclimate site by using Eq. (1), as shown in the lower part of Fig. 1.

	 ˆ̂   micro diff refy y y= + 	 (1)
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	 Learning the difference values has an important advantage. By subtracting the large-scale 
temperature variation represented by the reference station in advance, the deep learning model 
can focus on estimating the deviation caused by the local environment. As a result, the range and 
distribution of the target variable become relatively simple. This property is expected to stabilize 
model training.
	 Figure 2 shows histograms of the temperature values and the corresponding difference values 
at one microclimate site over approximately one year. The left figure shows the histogram of the 
difference values and the right figure shows the histogram of the temperature values. In both 
figures, the horizontal axis represents the variable value and the vertical axis represents the 
frequency. As shown in Fig. 2, the temperature at the microclimate site is distributed over a wide 
range, whereas the difference values have a narrower distribution and are more concentrated 
around the center.

2.2	 Prediction model

	 Here we describe the prediction model used to estimate the temperature difference value ydiff 
at the target observation site. In this study, we use a prediction model based on LSTM,(14) which 
is well suited to time-series forecasting. Figure 3 shows the architecture of the prediction model. 
The input variables are meteorological observations obtained from the reference station. The 
output variable is the temperature difference value ydiff between the target site and the reference 
station. Each input sequence consists of data from the prediction time back to 24 h before that 
time. The LSTM layer receives these sequential inputs and processes 24 h of data with 144 time 
steps at a 10 min resolution. The model then converts the extracted temporal features into the 
predicted temperature difference value. We use a single-layer LSTM with 100 hidden units. We 
then place two fully connected layers after the LSTM layer. The first fully connected layer has 
50 units and the second fully connected layer has 10 units. Finally, the output layer produces a 
single predicted value of ydiff.

Fig. 1.	 (Color online) Overview of the proposed prediction method.
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2.3	 Prediction with transfer learning

2.3.1	 Introduction of site-specific feature and generation of its estimated value

	 In this subsection, we introduce illuminance as a site-specific auxiliary feature for the 
difference value prediction model described in Sect. 2.1. Microscale temperature variations are 
affected by local environmental factors such as building layout, solar radiation, shadows, and 
surface conditions. Therefore, when only meteorological variables observed at the reference 
station are used as inputs, the model may not sufficiently represent site-specific variations. In 
this study, we use illuminance as an auxiliary feature because it reflects the effects of solar 
radiation and shading, which are important factors causing inter-site differences in microclimate 
temperature.
	 In practical operation, however, we cannot always observe the site-specific feature 
continuously at the target site. If a continuous observation of the site-specific feature is required, 
we must permanently install an additional sensor at the target site. This requirement is 

Fig. 3.	 (Color online) Architecture of the prediction model based on LSTM.

Fig. 2.	 (Color online) Histograms of difference values (a) and temperature values (b) at a microclimate site (Site 1).

(a) (b)
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inconsistent with the intended operational scenario, in which we estimate microscale 
meteorological conditions from the observations at the reference station. Therefore, in this study, 
we observe the site-specific feature only for a limited period at the target site. We then generate 
an estimated site-specific feature from that limited observation and use it as an input during 
inference. Below, we describe the estimation procedure when illuminance is adopted as the site-
specific feature.
	 In the following formulation, Lref(d, t) denotes the illuminance corresponding to the reference 
area. Ideally, this value is observed at the public reference station itself. However, some public 
meteorological stations, including the AMeDAS Wakayama station used in this study, do not 
provide illuminance. In such cases, illuminance observed at a nearby open location can be used 
as a proxy for the reference-area illuminance, provided that the location is not strongly affected 
by local shadows and represents the large-scale solar condition around the reference station. 
Therefore, Lref(d, t) in Eqs. (2) and (3) can be interpreted either as illuminance directly observed 
at the reference station or as proxy illuminance observed at a nearby representative location. 
	 Let Lref(d, t) denote the illuminance observed at the reference station and let Ltar(d, t) denote 
the illuminance observed at the target site. Here, d denotes the day and t denotes the time. To 
generate the estimated illuminance, we use the 15 days immediately before the prediction period 
as a calibration period. During the calibration period, we judge a time slot (d, t) as sunny when 
the sunshine duration observed at the reference station (AMeDAS) is 600 s at each 10 min 
interval (d, t). We then define Dsun(t) as the set of days for which time slot t is judged as sunny. 
For example, if time slot t is judged as sunny on 10 out of the 15 calibration days, then 
|Dsun(t)| = 10.
	 Next, we introduce a time-dependent illuminance ratio p(t) for each time slot t. When 
|Dsun(t)| > 0, we define p(t) as the average illuminance ratio over sunny days, as follows.

	 ( )
( ) ( )

( )
( )

,1   
,

sun

tar

refsun d t

L d t
p t

L d tt ∈

= ∑
 	 (2)

In contrast, when no sunny sample exists for time slot t, for example during night time, we set 
p(t) = 1. Using this ratio, we estimate the illuminance at the target site during the prediction 
period by

	 ( ) ( ) ( ) ˆ ,   , tar refL d t p t L d t= .	 (3)

	 This method assumes that the shading environment does not change between the calibration 
period and the prediction period. In other words, we assume that buildings, trees, and sensor 
locations remain fixed. Under this assumption, we regard the estimated illuminance ratio p(t) as 
applicable to the prediction period. We then input the generated L̂ tar(d, t) to the model together 
with the meteorological variables obtained from the reference station and estimate the difference 
value ydiff.



Sensors and Materials, Vol. 38, No. 9 (2026)	 5159

2.3.2	 Transfer learning of the prediction model

	 In this study, we apply transfer learning to stabilize training and maintain prediction accuracy 
at target sites with limited data. The purpose of transfer learning is to share knowledge obtained 
from multiple microclimate sites and reduce the amount of training data required for adaptation 
to a new site. We perform transfer learning in two stages: pretraining and fine-tuning.
	 In the pretraining stage, we train the difference value prediction model shown in Fig. 3 by 
using the temperature data from microclimate sites other than the target site. At this stage, we 
use both the meteorological variables at the reference station and the illuminance corresponding 
to each site as inputs. We use the difference value ydiff as the output variable and optimize the 
model parameters. Through pretraining, we enable the model to acquire general temporal 
patterns of meteorological variation and to learn how to incorporate the effects of the local 
environment through the use of illuminance.
	 Next, in the fine-tuning stage, we retrain the model by using the temperature data at the 
target site and adapt the model to the site-specific characteristics. In this study, we update only 
the parameters of the fully connected layers during fine-tuning and keep the LSTM layer fixed. 
We make this design choice because the LSTM layer extracts features with high commonality 
across sites, such as diurnal cycles and air mass changes. In contrast, the output layers map the 
learned representation to the difference value and therefore play a central role in site-specific 
prediction. Updating all layers with limited fine-tuning data can easily cause overfitting. 
Restricting the updated parameters to the output layers reduces the degree of freedom of the 
model and enables stable adaptation even under limited-data conditions.

2.4	 Training settings of the prediction model

	 In this subsection, we describe the training settings of the deep learning model for microscale 
meteorological prediction. Table 1 shows the settings used in this study. We use Adam as the 
optimizer. We change the initial learning rate between the two stages of transfer learning, 
namely, pretraining and fine-tuning. Specifically, we set the initial learning rate to 0.001 for 
pretraining and 0.0001 for fine-tuning. Fine-tuning uses a smaller amount of training data and 
aims to adjust only the trainable parameters in the fully connected layers. Therefore, we use a 
learning rate lower than that used in pretraining to stabilize learning.

Table 1
Training settings of the prediction model
Item Setting

Optimizer Pretraining: Adam (initial learning rate: 0.001)
Fine-tuning: Adam (initial learning rate: 0.0001)

Stopping criterion Early stopping (patience = 10)
Loss function MSE (mean squared error)
Batch size 128
Language Python version 3.12.4
Library PyTorch version 2.3.1
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3.	 Results

3.1	 Evaluation method

	 In this section, we design a deep-learning-based method for microclimate prediction and 
evaluate whether the method can achieve reasonable accuracy under the limited observational 
resources considered in this study. The prediction task is to estimate temperature at microclimate 
sites. We use the seven microclimate sites in Wakayama University shown in Fig. 4. We use the 
Wakayama station of AMeDAS as the reference station. We define the temperature difference 
between the reference station and each target sensor as the prediction target. We then estimate 
the target site temperature using the predicted difference.
	 We evaluate the method from two perspectives. First, we evaluate the accuracy of the 
difference prediction model. In this evaluation, we compare the difference prediction model 
without transfer learning with a model that directly predicts the target site temperature. Second, 
we evaluate the effect of transfer learning. In particular, we examine the prediction accuracy 
with transfer learning and its robustness when the amount of fine-tuning data is reduced.
	 In the evaluation, we use six sites as prediction targets (Sites 1–5 and Site 7). We exclude Site 
6 because it plays the special role of a proxy for illuminance at the reference station. This role 
differs from that of the other sites.
	 We conduct the evaluation by cross-validation. We divide the available observation period 
into K = 10 temporally ordered folds. For the evaluation of the difference-prediction model 
without transfer learning, we use leave-one-fold-out cross-validation. We use one fold for 
evaluation and the remaining folds for training. This setting allows us to assess the generalization 
performance over the full year.
	 For the evaluation of transfer learning, we limit the evaluation period to two seasons, namely, 
winter and summer. In principle, we use data outside the evaluation period for pretraining. We 
vary the period used for fine-tuning in accordance with each experimental setting. This design 
allows us to compare performance under reduced-data conditions. We use RMSE as the 
evaluation metric.

Fig. 4.	 (Color online) Microclimate observation sites (source: Google Earth).
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3.2	 Data

3.2.1	 Data acquisition

	 Figure 4 shows the microclimate observation sites used in this study. These seven sites are 
located around North Building No. 1 on the Wakayama University campus. At each site, we 
installed an OMRON environmental sensor (2JCIE-BL01, Fig. 5) inside a ventilation duct. The 
sensors recorded temperature, relative humidity, illuminance, and atmospheric pressure at 1 min 
intervals. The observation period lasted from February 4, 2021 to December 2, 2021.
	 We preprocess the collected microclimate data before model training. The preprocessing 
includes removing time points with missing values and converting the temporal resolution. We 
use 10 min resolution time series data for learning because 1 min resolution data are more 
sensitive to missing values and short-term noise.
	 We use the Wakayama AMeDAS station, which is the nearest public weather station, as the 
reference station. From this station, we obtain temperature, precipitation, wind speed, wind 
direction, and humidity. We use these variables as input features in the deep learning model. We 
also add time-of-day and date information as input features.
	 The AMeDAS Wakayama station does not provide illuminance. Therefore, in this 
experiment, we used the illuminance observed at Site 6 in Fig. 4 as a proxy for the reference-area 
illuminance. Site 6 was selected because it was located in a relatively open area and was less 
affected by shadows from surrounding buildings than the other microclimate sites. Since all 
observation sites were located within the same campus-scale area, we regarded the illuminance 
at Site 6 as an approximate measure of the large-scale solar condition shared by the reference 
area and the target sites. This proxy was used only because illuminance was unavailable from 
the public reference station; if illuminance is observed at the reference station or at another 
nearby representative open location, such data can be used instead. 
	 As part of preprocessing, we transform wind direction, time, and date into sine and cosine 
components because these variables have cyclic properties. We also apply min–max 
normalization to the input variables.

Fig. 5.	 (Color online) Microclimate observation device.
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3.2.2	 Dataset

	 After preprocessing the data from the observation period between February 4, 2021 and 
December 2, 2021, we obtained 156 days for which data were simultaneously available at all 
seven sites. We divide these 156 days into 10 temporally ordered subsets on a daily basis for 
training and evaluation.
	 The inputs to the difference prediction model consist of the meteorological variables observed 
at the reference station, namely, temperature, precipitation, wind speed, wind direction, and 
humidity, together with time and date information. In the transfer learning setting, we 
additionally use illuminance observed at each microclimate site as an input feature. However, in 
practical operation, illuminance at the target site may not be available. We therefore use 
estimated illuminance as the input at the inference time. In the evaluation presented in this 
section, we also use estimated illuminance when making predictions for the validation period.

3.3	 Evaluation of the difference prediction model

	 In this section, we evaluate the effectiveness of the proposed method using difference 
prediction under the condition without transfer learning. The proposed method uses 
meteorological observations at the reference station, i.e., the Wakayama station, as inputs. It 
estimates the temperature difference at the target site and reconstructs the target-site temperature 
by adding the predicted difference to the reference-station temperature. In contrast, the 
comparison method directly predicts the target site temperature from the same inputs.
	 We divide the data into 10 subsets on a daily basis and conduct leave-one-fold-out cross 
validation. For each target site, we train an independent prediction model. We do not apply 
transfer learning in this experiment.
	 Figure 6 shows the RMSE values obtained for all six target sites. In this figure, the horizontal 
axis represents the target site and the vertical axis represents RMSE (℃). The bar chart shows 
the results for the proposed method (Proposed) and the comparison method (Conventional) that 

Fig. 6.	 (Color online) Prediction accuracy of temperature at each microclimate site.
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directly predicts temperature. Figure 6 shows that the proposed method reduces RMSE at all 
sites. The t-test results from 10 repetitions at each of the prediction places 1–5 and 7 were 2.47 × 
10−4, 1.41 × 10−4, 1.16 × 10−4, 2.85 × 10−4, 5.06 × 10−4, and 2.56 × 10−4, respectively, indicating 
sufficient significance. This result confirms that temperature estimation based on difference 
prediction is consistently effective. A possible reason is that the temperature difference between 
the reference station and the target site has a smaller variation range than the absolute 
temperature at the target site. This makes the prediction task by deep learning easier.
	 Next, Fig. 7 shows the hourly RMSE at each target site. This figure presents the results for 
Sites 1–5 and Site 7. For each site, the horizontal axis represents the time of day and the vertical 
axis represents RMSE (℃). The line plots show RMSE values for the proposed and comparison 
methods. Figure 7 shows that the proposed method outperforms the comparison method at all 
sites and at all times of day. This result indicates that estimation based on difference prediction 

Fig. 7.	 (Color online) Hourly RMSE at each target site. (a) Site 1, (b) Site 2, (c) Site 3, (d) Site 4, (e) Site 5, and (f) 
Site 7.

(a) (b)

(c) (d)

(e) (f)
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is effective regardless of time period.
	 At the same time, both methods show larger errors from morning to early afternoon and 
smaller errors during night time. This tendency suggests that local temperature variations 
become stronger during the daytime because of solar radiation and surface heating. Observations 
from the reference station alone may not fully capture such site-specific variations.
	 Figure 8 shows the monthly RMSE at each target site. This figure shows the RMSE calculated 
for each month for the proposed and comparison methods. Figure 8 shows that the proposed 
method yields lower RMSE in most months. This result confirms that difference-prediction-
based estimation is effective throughout the year.
	 The comparison method shows large month-to-month variation in prediction error. In 
contrast, the proposed method shows smaller monthly fluctuation and more stable accuracy over 
the year, suggesting that temperature difference prediction is more robust to seasonal changes 
than direct absolute temperature prediction at the target site. Moreover, the RMSE of the 

Fig. 8.	 (Color online) Monthly RMSE at each target site. (a) Site 1, (b) Site 2, (c) Site 3, (d) Site 4, (e) Site 5, and (f) 
Site 7.

(a) (b)

(c) (d)

(e) (f)
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proposed method remains approximately below 1 ℃ for all sites and all months. These results 
indicate that, in the present dataset, the method achieved RMSE values of approximately below 
1 ℃ in most cases using meteorological observations from the reference station. The practical 
acceptability of this accuracy depends on the target application and should be examined in 
future deployments.

3.4	 Evaluation of transfer learning

3.4.1	 Prediction accuracy with transfer learning

	 In this section, we evaluate the prediction performance of the proposed method with transfer 
learning. Our goal is to develop a method that can predict microclimate with reasonable accuracy 
even with limited observational resources. In this study, transfer learning consists of two stages. 
First, we pretrain the model using data from microclimate sites other than the target site. Second, 
we fine-tune the model using data from the target site.
	 We evaluate the method in two periods of different seasons, namely, winter and summer. The 
winter evaluation period is 16 days from February 5, 2021, to February 20, 2021. The summer 
evaluation period is 16 days from July 5, 2021 to July 23, 2021.
	 The comparison method is the difference prediction model without transfer learning 
introduced in Sect. 3.3. This model estimates the temperature difference using only data from 
the target site and reconstructs the temperature value. The proposed method is the difference-
prediction model with transfer learning. The main difference is that it incorporates data from 
other sites during pretraining. In this evaluation, we intentionally use the same LSTM-based 
architecture for both the comparison and proposed methods. The purpose of this study is not to 
propose a new forecasting architecture or to conduct an exhaustive benchmark among different 
model families. Rather, we aim to isolate the effects of the prediction formulation and the 
learning procedure, namely, direct training on the target site versus pretraining with non-target 
sites followed by fine-tuning on the target site. Therefore, changing the forecasting architecture 
would make it difficult to determine whether the observed performance differences are caused 
by transfer learning or by the model structure itself. We use LSTM as a representative and 
widely used deep-learning model for sequential meteorological data because the input consists 
of 24 h time-series sequences at 10 min resolution. Under this fixed-architecture setting, the 
comparison method serves as a controlled baseline for evaluating the effect of transfer learning.
	 We first examine the effect of transfer learning under the condition that as much training data 
as possible are used. For pretraining, we use data from the six non-target sites and from periods 
outside the evaluation period. For fine-tuning, we use data from the target site. In both stages, 
we exclude data belonging to the winter or summer evaluation period. In other words, we use all 
available data outside the evaluation period for training.
	 Figure 9(a) shows RMSE for winter prediction, and Fig. 9(b) shows RMSE for summer 
prediction. These results show that transfer learning does not produce a uniformly large 
improvement in prediction accuracy. It improves the accuracy at some sites, but it degrades the 
accuracy at others.
	 The difference between the proposed and comparison methods is whether data from other 
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sites are incorporated through transfer learning. Therefore, at the sites where accuracy decreases, 
the pretrained representation may interfere with feature extraction that is suitable for the target 
site. One possible reason is that the input features do not fully capture the differences in 
temperature variation between the target site and the other sites.
	 To address this issue, we include illuminance as a site-specific input feature. We expect 
illuminance to capture intersite differences caused by solar radiation and shading. However, 
factors other than solar radiation also affect microclimate. Examples include wind conditions 
and surface materials. If we can incorporate these site-specific factors as additional inputs, 
transfer from other sites may function more appropriately and further improve prediction 
accuracy.

3.4.2	 Prediction accuracy under reduced data availability

	 Next, we assume a situation in which only a small amount of target-site data is available. We 
then evaluate whether transfer learning can maintain prediction accuracy under this condition. 
We use the same pretraining data as described in Sect. 3.4.1. For fine-tuning, we test three 
conditions for the amount of target-site data: all available periods outside the evaluation period, 
the most recent 32 days, and the most recent 16 days.
	 Figure 10 shows the results for winter prediction under reduced data availability. Figure 10(a) 
shows the RMSE of the comparison method and Fig. 10(b) shows the RMSE of the proposed 
method. For winter prediction, the proposed method shows only a small change in RMSE even 
when we reduce the amount of fine-tuning data from the full period to 16 days. For all places 
with 32- and 16-day cases, a significant difference is observed in a t-test at the 1% significance 
level, whereas no significant difference is observed for other cases. This result indicates that the 
proposed method can maintain prediction accuracy even with limited data. In contrast, the 
comparison method shows a clear increase in RMSE as the amount of data decreases. Its 
performance becomes unstable under limited-data conditions.
	 Figure 11 shows the results for summer prediction. For summer prediction, the proposed 

Fig. 9.	 (Color online) RMSE of temperature prediction at each site with transfer learning. (a) Winter and (b) 
Summer.

(a) (b)
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method shows some degradation at a few sites as the amount of data decreases. However, the 
degree of degradation is smaller than that of the comparison method. The proposed method 
therefore provides relatively stable prediction even under limited-data conditions. Note that, at 
places 2 and 7 for the 32-day case, and places 1, 3, 5, and 7 for the 16-day case, a significant 
difference in a t-test with a significance level of 1% is observed. Overall, these results show that 
transfer learning enables prediction with reasonable accuracy even when the amount of target-
site data is limited.

3.4.3	 Prediction accuracy with fine-tuning data from different seasons

	 In the previous evaluations, we limited the fine-tuning data to the period immediately 
preceding the evaluation period. In this subsection, we assume a situation in which such recent 
data is not available. We evaluate prediction accuracy when we fine-tune the model using data 
from different seasons. We define the four fine-tuning periods shown in Table 2. We fine-tune 

Fig. 10.	 (Color online) RMSE values obtained under reduced data conditions for winter prediction. (a) Comparison 
method (without transfer learning) and (b) proposed method (with transfer learning).

Fig. 11.	 (Color online) RMSE values obtained under reduced data conditions for summer prediction. (a) Comparison 
method (without transfer learning) and (b) proposed method (with transfer learning).

(a) (b)

(a) (b)
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the model using only the data from each period.
	 Figure 12 shows the results for winter prediction. Overall, the proposed method yields a lower 
RMSE than the comparison method. This result indicates that transfer learning improves 
prediction accuracy. However, compared with the case of using data from P1, which is the period 
immediately after winter, RMSE tends to increase when we use data from more temporally 
distant periods such as P2, P3, and P4. The p-values of the t-test indicate a significant difference 
at the 1% significance level in all cases of P1, while those for the other cases are relatively lower, 
where places 2 and 4 with P2, place 3 with P3, places 1, 5, and 7 with P4 do not have sufficient 
significance. This result suggests that transfer learning remains beneficial even when the fine-
tuning data come from different seasons. At the same time, for winter prediction, fine-tuning 
with data closer to the evaluation period appears to be more effective.
	 Figure 13 shows the results for summer prediction. In the comparison method, RMSE 
becomes substantially worse at some sites when we train with data from P1 or P4, which 
correspond to seasons different from the evaluation period. In contrast, the proposed method 
does not show such large collapse when using data from P1 to P4. It maintains approximately 
stable accuracy across data of different fine-tuning periods, although the t-test results are weaker 
than the winter case, e.g., place 1 with P1, places 1 and 3–5 with P2, places 1 and 4 with P3, and 
places 2, 4, and 5 with P4 do not show significance at the 1% significance level. These results 
indicate that transfer learning suppresses performance degradation and enables robust estimation 
even when the season of the fine-tuning data does not match that of the evaluation period.

3.4.4	 Ablation study of illuminance under different fine-tuning periods 

	 We conducted an ablation study to evaluate the effect of illuminance as a site-specific 
auxiliary feature. The experiment was conducted under the same setting as in Sect. 3.4.3, where 
the model was fine-tuned using one of the four periods P1–P4. We compared the transfer-
learning model with illuminance and the same model without illuminance. The model 
architecture, pretraining data, fine-tuning periods, and evaluation periods were kept unchanged.
	 Figures 14 and 15 show the RMSE values for the winter and summer evaluation periods. 
Overall, the model with illuminance tended to achieve a lower RMSE than the model without 
illuminance in most combinations of target site and fine-tuning period. This result suggests that 
illuminance can provide useful site-specific information when the fine-tuning data are limited 

Table 2
Definitions of fine-tuning data periods.
Symbol Period Days
P1 2021.02.21–2021.04.30 32
P2 2021.05.01–2021.07.04 32
P3 2021.07.24–2021.10.26 30
P4 2021.10.27–2021.12.02 30
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Fig. 12.	 (Color online) RMSE values for winter prediction with different fine-tuning periods (P1–P4). (a) 
Comparison method (without transfer learning) and (b) proposed method (with transfer learning).

Fig. 13.	 (Color online) RMSE values for summer prediction with different fine-tuning periods (P1–P4). (a) 
Comparison method (without transfer learning) and (b) proposed method (with transfer learning).

Fig. 14.	 (Color online) Ablation comparison for winter prediction with different fine-tuning periods (P1–P4). (a) 
Comparison method (without illuminance) and (b) proposed method (with illuminance).

Fig. 15.	 (Color online) Ablation comparison for summer prediction with different fine-tuning periods (P1–P4). (a) 
Comparison method (without illuminance) and (b) proposed method (with illuminance).

(a) (b)

(a) (b)

(a) (b)

(a) (b)
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or seasonally different from the evaluation period.
	 However, the improvement was not statistically significant in all cases. The paired t-test 
showed significant differences at the 1% level in approximately half of the comparisons. 
Therefore, illuminance should not be regarded as a universally effective feature. Rather, its 
effectiveness depends on the target site, season, and fine-tuning period. This is reasonable 
because illuminance mainly represents solar radiation and shading, whereas local temperature is 
also affected by wind conditions, surface materials, vegetation, and surrounding building 
geometry.

3.4.5	 Exploratory analysis of source-site selection for pretraining

	 In this subsection, we conduct an exploratory analysis of how the choice of source sites 
affects transfer learning. Thus far, we have used data from all six non-target sites for pretraining. 
We refer to this setting as all-site pretraining. We compare it with a setting that uses data from 
only one non-target site, which we refer to as single-site pretraining. The purpose of this analysis 
is not to determine the generally required amount of pretraining data, but to examine whether 
the source site used for pretraining affects prediction performance in the present dataset.
	 Here, pretraining means the stage in which we train the model using data from microclimate 
observation sites other than the target site. Fine-tuning means the stage in which we adapt the 
model using data from the target site. As in the previous subsection, we use the most recent 32 
days of target-site data for fine-tuning.
	 Figure 16 shows the results. Each subfigure corresponds to one target site. The horizontal 
axis represents the site used for pretraining and the vertical axis represents RMSE. The bar chart 
includes both the winter and summer prediction results. For single-site pretraining, we evaluate 
all candidate source sites for each target site.
	 The results show that some single-site pretraining settings achieved RMSE values close to 
those obtained with all-site pretraining. In some cases, single-site pretraining even yielded a 
lower RMSE than all-site pretraining. These results suggest that, in the present dataset, adding 
more source-site data did not always lead to a lower RMSE. A possible reason is that source sites 
differ in their local environmental characteristics, and a source site that is more compatible with 
the target site may provide more useful transferable information than a heterogeneous mixture of 
all available sites.
	 Although local environments such as illuminance differ across sites, the gap between all-site 
pretraining and single-site pretraining remains small in most cases. This result indicates that the 
model can retain a certain level of prediction performance even when we reduce the pretraining 
data to a single site. This property is favorable for practical deployment under operational 
constraints.
	 At the same time, the site-specific feature introduced in this study is mostly limited to 
illuminance. Microclimate variation is affected not only by solar radiation but also by wind 
conditions, surface materials, surrounding vegetation, and building arrangement. If the model 
cannot sufficiently capture these intersite differences, transfer learning may even degrade 
prediction accuracy. Therefore, an important future issue is the analysis of site compatibility and 
optimization of the set of source sites used for pretraining.
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4.	 Discussion

	 The results indicate that difference prediction is effective for the microclimate air-temperature 
prediction task considered in this study. A possible reason is that the nearby public reference 
station already captures the large-scale temporal variation in air temperature. Therefore, by 

Fig. 16.	 (Color online) Prediction accuracy values for different source sites used in pretraining (winter and 
summer). (a) Site 1, (b) Site 2, (c) Site 3, (d) Site 4, (e) Site 5, and (f) Site 7.

(a) (b)

(c) (d)

(e) (f)



5172	 Sensors and Materials, Vol. 38, No. 9 (2026)

predicting the temperature difference between the target site and the reference station, the model 
can focus on local deviations caused by the surrounding environment rather than learning the 
entire temperature sequence directly. This interpretation is consistent with the experimental 
results, where difference prediction improved accuracy compared with direct prediction under 
the same LSTM-based architecture.
	 The effect of transfer learning should be interpreted mainly in terms of robustness under 
limited-data conditions. Transfer learning did not always produce the lowest RMSE when 
sufficient target-site data were available. However, it was useful when the amount of fine-tuning 
data was limited or when the fine-tuning data were collected in a season different from the 
evaluation period. This suggests that pretraining on nearby microclimate sites can provide 
temporal representations that help stabilize prediction when target-site observations are 
insufficient. At the same time, the benefit of transfer learning depends on the relationship 
between the source and target sites, and it should not be assumed to improve accuracy in all 
conditions.
	 The ablation study of illuminance showed that illuminance can provide useful site-specific 
information in many cases, especially under limited or seasonally mismatched fine-tuning 
conditions. However, the improvement was not statistically significant in all comparisons. 
Therefore, illuminance should be regarded as a useful auxiliary feature, not as a universally 
effective feature. This is reasonable because illuminance mainly reflects solar radiation and 
shading, whereas microclimate air temperature is also affected by other local factors such as 
wind conditions, surface materials, vegetation, and surrounding building geometry. In addition, 
when illuminance is not observed at the public reference station, the representativeness of proxy 
illuminance should be carefully considered.
	 Another observation from the source-site selection experiment is that all-site pretraining did 
not always yield the lowest RMSE. Some single-site pretraining settings achieved performance 
comparable to, or better than, that of all-site pretraining. This suggests that source-site 
compatibility may affect transfer performance and that increasing the number of source sites 
does not necessarily improve prediction accuracy when the source sites have heterogeneous 
characteristics. However, this result should be interpreted only as an exploratory finding within 
the present campus-scale dataset. It does not imply that one source site is generally sufficient for 
pretraining.
	 This study has several limitations. The experiments were conducted using data from one 
campus environment with a limited number of target sites and observation days. Therefore, the 
findings should be validated using datasets from different urban forms, land-cover conditions, 
and climatic regions. In addition, this study used a fixed LSTM-based architecture to isolate the 
effects of difference prediction and transfer learning, and did not aim to conduct an exhaustive 
comparison of forecasting architectures. Future work should examine whether the same findings 
hold for other models and should incorporate additional site-specific features such as wind 
exposure, sky-view factor, vegetation, surface materials, and building geometry. A systematic 
method for selecting suitable source sites for pretraining is also an important future direction.
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5.	 Conclusion

	 This study evaluated an LSTM-based framework for microclimate air-temperature prediction 
under limited observational resources. The framework combines difference prediction from a 
nearby public reference station with transfer learning from neighboring microclimate sites. The 
objective was to examine whether these strategies improve prediction accuracy and robustness 
in a data-limited microclimate prediction setting.
	 The results show that difference prediction improved accuracy compared with direct 
prediction under the same model architecture. Transfer learning was useful mainly when target-
site data were limited or seasonally different from the evaluation period, although it did not 
always improve the best accuracy. The results also suggest that illuminance and source-site 
selection affected transfer performance, but these effects were not uniform across all sites and 
conditions.
	 These findings suggest that the proposed framework can support air-temperature prediction 
at newly installed or data-scarce microclimate sites under conditions similar to those examined 
in this study. Future work should validate the framework using more diverse datasets, 
incorporate additional site-specific features, and develop a systematic method for selecting 
suitable source sites for pretraining.
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