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Abstract: Air temperature prediction is important for supporting weather monitoring and operational 

activities in port areas. Accurate temperature forecasting can support decision-making related to maritime 
transportation, logistics, and weather-based risk mitigation. This study compares the performance of Long 

Short-Term Memory (LSTM) and Convolutional Neural Network–Long Short-Term Memory (CNN–LSTM) 

models for daily air temperature prediction in the Tanjung Priok Port area. The dataset consists of daily 
meteorological observations collected from the Tanjung Priok Maritime Meteorological Station, Indonesia, 

covering the period from 2000 to 2025. Eight input variables were used, including rainfall, sunshine duration, 
air pressure, average humidity, average wind speed, and three lagged temperature variables. Data 

preprocessing included data cleaning, 7-day moving average smoothing, MinMaxScaler normalization, and 

sequence generation using a sliding-window approach. The dataset was divided into training (70%), 
validation (15%), and testing (15%) sets. Model performance was evaluated using Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of 
determination (R²). The results show that the LSTM model achieved the best overall performance, with an 

MAE of 0.1457 °C, RMSE of 0.1811 °C, MAPE of 0.5030%, and R² of 0.9423. In comparison, the CNN–LSTM 

model obtained an MAE of 0.2566 °C, RMSE of 0.3316 °C, MAPE of 0.8802%, and R² of 0.8065. These 
results indicate that the standalone LSTM model performed better than the CNN–LSTM model in predicting 

daily air temperature for the Tanjung Priok Port dataset. 
 

Keywords: Air Temperature Prediction; Deep Learning; LSTM; CNN–LSTM; Time Series Forecasting; 

Meteorological Data. 
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1.  Introduction 

Air temperature is an important meteorological parameter that influences various environmental, 

transportation, and maritime activities (Subyantara Wicaksana et al., 2022). Accurate air temperature 
forecasting is therefore useful for weather monitoring, operational planning, and weather-related risk 

mitigation, particularly in coastal and port environments. Port areas are affected by changing atmospheric 

conditions and interactions between land and sea, which can contribute to temporal variations in air 
temperature. Tanjung Priok Port is one of the major maritime and logistics hubs in Indonesia and is supported 

by meteorological observations from the Tanjung Priok Maritime Meteorological Station. Reliable temperature 
prediction in this area can provide useful information for weather monitoring and operational activities related 

to maritime transportation and logistics. However, the temporal characteristics of meteorological observations 

can vary according to location, season, and local atmospheric conditions, making the selection of an 
appropriate forecasting model an important consideration. 

Conventional statistical forecasting methods have been widely used for time-series prediction, but their 
ability to represent nonlinear relationships and complex temporal dependencies may be limited when 

meteorological variables interact dynamically. The development of deep learning methods has provided 
alternative approaches for time-series forecasting because these models can learn nonlinear relationships and 

temporal patterns directly from sequential observations (Lim & Zohren, 2021; Alzubaidi et al., 2021). Among 

the available architectures, Long Short-Term Memory (LSTM) networks have been widely investigated for time-
series and meteorological forecasting because their recurrent structure and memory mechanism allow the 

model to learn dependencies across sequential observations (Tran et al., 2021). LSTM is particularly relevant 
for air temperature prediction because historical temperature and other meteorological variables may contain 

information that contributes to future temperature conditions. 

In addition to standalone LSTM models, hybrid architectures have been developed to combine different 
learning mechanisms. One such architecture is Convolutional Neural Network–Long Short-Term Memory (CNN–

LSTM), which combines convolutional layers for extracting local patterns from sequential inputs with LSTM 
layers for learning temporal dependencies. CNN–LSTM has been applied to meteorological forecasting and 

other time-series prediction problems, with several studies reporting improvements over individual sequence-

learning models. However, the performance of a hybrid architecture is not necessarily consistent across 
different datasets. Model effectiveness can depend on the number and type of input variables, sequence 

length, forecasting horizon, temporal variability, and the characteristics of the geographical region being 
studied. 

Previous studies have reported different results regarding the relative performance of LSTM and CNN–
LSTM models. Some studies have shown that CNN–LSTM can benefit from convolutional feature extraction 

before temporal modeling, whereas other studies have demonstrated that standalone sequence models can 

achieve strong performance when the primary predictive information is contained in temporal dependencies. 
These differences indicate that increased architectural complexity does not necessarily guarantee better 

forecasting accuracy. For meteorological data from a single observation station, particularly in a coastal 
environment, the additional convolutional layers may or may not provide useful information beyond the 

temporal patterns that can already be learned by an LSTM model. Therefore, the relative performance of LSTM 

and CNN–LSTM should be evaluated empirically using the same dataset, input variables, preprocessing 
procedures, and evaluation criteria. 

The need for such a comparison is particularly relevant for long-term observations from the Tanjung Priok 
Maritime Meteorological Station. The availability of daily meteorological observations over an extended period 

provides an opportunity to evaluate whether a standalone recurrent architecture or a hybrid convolutional-
recurrent architecture is more suitable for daily air temperature forecasting in this environment. A comparative 

evaluation can also provide evidence regarding whether the additional convolutional feature extraction used 

in CNN–LSTM contributes to prediction accuracy when multiple meteorological variables and lagged 
temperature observations are used as inputs. 

This study therefore compares the performance of LSTM and CNN–LSTM models for daily air temperature 
forecasting using multivariate meteorological observations from the Tanjung Priok Maritime Meteorological 

Station. The study uses rainfall, sunshine duration, air pressure, humidity, wind speed, and lagged temperature 

variables as predictors and evaluates the models using Mean Absolute Error (MAE), Root Mean Squared Error 
(RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). The main objective 

is to determine which architecture provides better forecasting performance for the dataset and experimental 
configuration used in this study. The findings are expected to provide empirical evidence for selecting an 

appropriate deep learning architecture for daily air temperature forecasting in a coastal port environment. 
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2.  Related Work 

Air temperature forecasting has received considerable attention because of its relevance to environmental 

monitoring, transportation operations, and weather-related decision-making. Meteorological time-series data 
generally contain nonlinear relationships and temporal dependencies that can be difficult to represent using 

conventional forecasting methods. These characteristics have encouraged the use of deep learning models, 

particularly recurrent and hybrid architectures, for learning patterns from historical meteorological 
observations. Recent studies on meteorological forecasting can be broadly discussed in two related 

approaches: hybrid architectures that combine convolutional and recurrent layers, and standalone sequence-
learning models that primarily focus on temporal dependencies. CNN–LSTM is one of the commonly 

investigated hybrid architectures. The convolutional component is generally used to extract local patterns from 

sequential or multivariate inputs, while the LSTM component learns temporal dependencies from the extracted 
representations. Hou et al. (2022) and Gong et al. (2024) reported that CNN–LSTM-based approaches achieved 

lower Mean Absolute Error (MAE) than selected standalone models in their respective forecasting tasks. 
Similarly, Divyashree et al. (2025) reported that CNN–LSTM provided competitive performance in multivariate 

weather forecasting compared with traditional machine learning and standalone GRU-based approaches. 
These findings suggest that convolutional feature extraction can provide additional predictive information when 

local patterns within the input sequence are relevant to the forecasting task. 

In contrast, other studies have demonstrated that standalone recurrent architectures can provide strong 
performance without additional convolutional layers. Utku and Kaya (2025) reported high predictive 

performance from an LSTM model for daily air temperature forecasting, including a strong coefficient of 
determination (R²). Such results indicate that temporal dependencies in historical meteorological observations 

may contain sufficient information for accurate temperature prediction in some forecasting settings. The 

difference between the reported results does not necessarily indicate that one architecture is universally 
superior to the other. Instead, model performance may depend on the characteristics of the dataset, including 

the number and type of meteorological variables, temporal variability, sequence length, geographical location, 
and climate conditions. 

The existing literature therefore provides mixed evidence regarding the additional benefit of hybrid CNN–

LSTM architectures over standalone LSTM models. CNN–LSTM may be advantageous when convolutional 
layers can identify useful local patterns in the input data, whereas a standalone LSTM may be sufficient when 

the dominant predictive information is primarily temporal. This distinction is particularly relevant for daily air 
temperature forecasting, where observations from a single meteorological station may exhibit strong temporal 

continuity. Consequently, increasing model architectural complexity does not necessarily guarantee improved 
forecasting performance. A direct comparison using the same dataset, preprocessing procedure, input 

variables, and evaluation metrics is needed to determine whether the additional convolutional component 

provides a measurable benefit. Previous studies have also considered different geographical locations and 
climate conditions, which can affect the temporal characteristics of meteorological observations and the 

generalization of forecasting models. However, the relative performance of LSTM and CNN–LSTM for long-
term daily meteorological observations from a tropical port environment remains less clear. This study 

addresses this issue by comparing LSTM and CNN–LSTM models using multivariate observations from the 

Tanjung Priok Maritime Meteorological Station. The comparison is intended to determine whether the 
additional convolutional feature extraction in CNN–LSTM provides an advantage over standalone LSTM for 

daily air temperature forecasting in the Tanjung Priok Port area. 
 

3.  Methodology 

This study used daily meteorological observations collected from the Tanjung Priok Maritime 
Meteorological Station, Indonesia, covering the period from January 2000 to December 2025. The dataset 

contained 9,497 daily observations after preprocessing and included rainfall, sunshine duration, air pressure, 
humidity, wind speed, and air temperature variables. The overall research workflow is presented in Figure 1. 
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Figure 1. Research Methodology Diagram 

 
The data preprocessing procedure consisted of missing-value handling, 7-day moving average smoothing, 

temperature lag feature generation, and MinMaxScaler normalization. A sliding-window approach with a 

window size of 60 days was then used to generate sequential inputs for next-day temperature forecasting. 
The data were divided chronologically into training (70%), validation (15%), and testing (15%) subsets to 

preserve the temporal order of the observations. Two deep learning architectures, namely Long Short-Term 
Memory (LSTM) and Convolutional Neural Network–Long Short-Term Memory (CNN–LSTM), were developed 

and compared. The LSTM model was used as the baseline architecture for learning temporal dependencies, 
whereas the CNN–LSTM model incorporated a convolutional layer before the LSTM layer to extract local 

patterns from the sequential input. Model performance was evaluated using Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination 
(R²). 

 
3.1 Data 

This study used daily meteorological data obtained from the Tanjung Priok Maritime Meteorological 

Station, Indonesia. The dataset covers the period from January 2000 to December 2025 and contains 9,497 
daily observations after preprocessing. The data were collected and maintained by the Indonesian Agency for 

Meteorology, Climatology, and Geophysics (BMKG).  Eight predictor variables were used in the forecasting 
models: rainfall (mm), sunshine duration (%), air pressure (hPa), average humidity (%), average wind speed 

(m/s), temperature lag-1, temperature lag-2, and temperature lag-3. The target variable was daily average 
air temperature (°C). The predictor variables were selected based on their expected relationships with air 

temperature and their use in meteorological forecasting. If a formal feature-selection procedure was applied, 

the procedure and selection criteria should be described in this section. Table 1 presents the predictor and 
target variables used in the study. 

 
Table 1. Input and Output Variables 

Variable Type 

Rainfall Input 
Sunshine Duration Input 

Air Pressure Input 

Average Humidity Input 
Average Wind Speed Input 

Temperature Lag-1 Input 
Temperature Lag-2 Input 

Temperature Lag-3 Input 

Daily Average Air Temperature Output 
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3.2 Data Preprocessing 
Data preprocessing was performed to improve data quality and prepare the meteorological observations 

for deep learning model training. Missing values were handled using interpolation to preserve the continuity 
of the time series. A 7-day moving average was then applied to the temperature series to reduce short-term 

fluctuations. The moving average is expressed as:  

 

𝑀 𝐴𝑡 = 
1

𝑘
 ∑ 𝑥𝑡 − 𝑖𝑘−1

𝑖=0          (1) 

 
Where 𝑀 𝐴𝑡 represents the moving average at time  ,𝑥𝑡𝑖 denotes the observed temperature at time t−i, 

and 𝑥𝑡𝑖 represents the window size. In this study, k=7 was used to calculate the 7-day moving average. Three 

lagged temperature variables were subsequently generated to represent recent temporal information, namely 

Temperature Lag-1, Temperature Lag-2, and Temperature Lag-3. These variables represent the temperature 
observations from the previous one, two, and three days, respectively. The use of lag variables provides 

additional historical information for predicting the following day's air temperature. The input variables were 

then normalized using MinMaxScaler, which transforms the values to a range between 0 and 1. This 
normalization reduces differences in numerical scale among the input variables and supports the training 

process of the deep learning models (Yin et al., 2020). To avoid information leakage, the scaler was fitted 
using the training data and subsequently applied to the validation and testing data using the same scaling 

parameters. [cek metode] This procedure should be verified against the actual implementation. 
The normalized observations were then transformed into sequential input-output pairs using a sliding-

window approach with a window size of 60 days. Each input sequence consisted of meteorological observations 

from the preceding 60 days, while the corresponding output represented the air temperature for the following 
day. This approach enabled the models to use historical meteorological information when forecasting the next 

day's air temperature. Finally, the dataset was divided chronologically into training (70%), validation (15%), 
and testing (15%) subsets. The chronological split was applied to preserve the temporal order of the 

observations and prevent information from future observations from being used to predict earlier observations. 

The training set was used to develop the models, the validation set was used to monitor model performance 
during training, and the testing set was reserved for the final evaluation of forecasting performance. 

 
3.3 Deep Learning Model Architecture 

Two deep learning architectures were evaluated in this study, namely Long Short-Term Memory (LSTM) 
and Convolutional Neural Network–Long Short-Term Memory (CNN–LSTM). The LSTM model was used as the 

baseline architecture to learn temporal dependencies in multivariate meteorological sequences. Meanwhile, 

the CNN–LSTM model was developed to examine whether the addition of convolutional feature extraction 
could improve daily air temperature forecasting performance. Both architectures used the same input sequence 

length of 60 days and eight predictor variables to ensure a consistent basis for comparison. Long Short-Term 
Memory (LSTM) is a type of recurrent neural network designed to learn dependencies in sequential data 

(Hochreiter & Schmidhuber, 1997). LSTM uses memory cells and gating mechanisms to regulate the flow of 

information through the network and reduce the vanishing-gradient problem commonly encountered in 
conventional recurrent neural networks. The cell state is updated through the following equation: 

 

𝐶_𝑡 = 𝑓_𝑡 ⊙ 𝐶_(𝑡 − 1) + 𝑖_𝑡 ⊙ 𝐶 _𝑡        (2) 

 
Where (C_t) is the current cell state, (C_{t-1}) is the previous cell state, (f_t) denotes the forget gate, (i_t) 

represents the input gate, and ⊙C_̃t is the candidate cell state. The hidden state is then calculated as: 

 

ℎ_𝑡 = 𝑜_𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝐶_𝑡)          (3) 

 
Where ht denotes the current hidden state, ot represents the output gate, and tanh denotes the hyperbolic 

tangent activation function. In this study, the LSTM architecture consisted of an input sequence of 60 days 
with eight predictor variables, followed by an LSTM layer with 64 hidden units, a Dropout layer with a rate of 

0.1, a Dense layer with 16 neurons, and a single output neuron for daily air temperature prediction. The 

architecture of the proposed LSTM model is presented in Figure 2. 
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Figure 2. Architecture of the Proposed LSTM Model 

 
The CNN–LSTM model combines the feature extraction capability of a Convolutional Neural Network (CNN) 

with the temporal sequence learning capability of an LSTM network. In this architecture, the convolutional 
layer extracts local patterns from the sequential meteorological inputs, while the subsequent LSTM layer learns 

temporal dependencies from the extracted features (Hou et al., 2022). The convolution operation can be 

expressed as: 
 

𝑍𝑡 = 𝜎(∑ 𝑊𝑖𝑋𝑡 + 𝑖 + 𝑏𝑘−1
𝑖=0 )         (4) 

 

Where Zt denotes the resulting feature representation, Xt+i represents the input sequence, Wi denotes the 
convolution kernel weights, b is the bias term, k represents the kernel size, and σ denotes the activation 

function. In this study, the CNN–LSTM architecture consisted of a Conv1D layer with 64 filters, a kernel size 

of 3, and ReLU activation, followed by a MaxPooling1D layer with a pool size of 2 and a Dropout layer with a 
rate of 0.1. The extracted features were subsequently passed to an LSTM layer with 64 hidden units to learn 

temporal dependencies. The output of the LSTM layer was then connected to a Dense layer with 32 neurons 
and a single output neuron to generate the daily air temperature prediction. The architecture of the proposed 

CNN–LSTM model is illustrated in Figure 3. 
 

 
Figure 3. Architecture of the Proposed CNN–LSTM Model 

 
3.4 Training Configuration 

To ensure a consistent comparison between the two architectures, the models were trained using the 
same general training procedure. A hyperparameter search was conducted using combinations of batch sizes 

of 16 and 32 and initial learning rates of 0.01 and 0.001. The criterion used to select the final configuration 

should be reported. The Adam optimizer was used for model optimization, and Mean Squared Error (MSE) was 
used as the loss function. The final configuration used a maximum of 200 epochs, a batch size of 16, and an 

initial learning rate of 0.001. EarlyStopping and ReduceLROnPlateau callbacks were used to improve training 
stability and reduce the risk of overfitting. EarlyStopping monitored the validation loss and stopped training 

when no improvement was observed for 20 consecutive epochs. ReduceLROnPlateau reduced the learning 

rate by a factor of 0.5 when the validation loss did not improve for 10 consecutive epochs. 
 

Table 2. Model Training Configuration 

Parameter Value 

Optimizer Adam 

Learning Rate 0.001 
Loss Function MSE 

Maximum Epochs 200 

Batch Size 16 
EarlyStopping Patience = 20 

ReduceLROnPlateau Factor = 0.5 
Learning Rate Patience 10 

 

3.5 Evaluation Metrics 
The forecasting performance of the LSTM and CNN–LSTM models was evaluated using Mean Absolute 

Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient 
of determination (R²). These metrics provide complementary information regarding prediction error and the 
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degree to which the predicted values represent variations in the observed temperature data. MAE measures 
the mean absolute difference between the predicted and observed values: 

 

𝑀𝐴𝐸 =
1

𝑛
∑  |𝑦𝑖 − 𝑦̂𝑖|

2𝑛
𝑖=1          (5) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑  (𝑦𝑖 − 𝑦̂𝑖)2
𝑛
𝑖=1          (6) 

 

𝑀𝐴𝑃𝐸 =
100%

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1          (7) 

 

𝑅2 = 1 −
∑  (𝑦𝑖−𝑦̂𝑖)

2𝑛
𝑖=1

∑  (𝑦𝑖−𝑦̅)
2𝑛

𝑖=1

          (8) 

 
Where yi denotes the observed value, y^i denotes the predicted value, yˉ denotes the mean of the observed 

values, and n denotes the total number of observations.Lower MAE, RMSE, and MAPE values indicate lower 
prediction errors, whereas a higher R² value indicates better agreement between the predicted and observed 

values. MAPE should be calculated using the original temperature scale after inverse transformation if the 
model was trained using normalized target values. All experiments and evaluations were implemented in 

Python using TensorFlow, Keras, NumPy, Pandas, and Scikit-learn. 

 

4. Result and Discussion 

4.1 Results 
Table 3 presents the forecasting performance of the LSTM and CNN–LSTM models on the testing dataset. 

The models were evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean 

Absolute Percentage Error (MAPE), and the coefficient of determination (R²). 
 

Model MAE (°C) RMSE (°C) MAPE (%) R² 

LSTM 0.1457 0.1811 0.5030 0.9423 
CNN–LSTM 0.2566 0.3316 0.8802 0.8065 

 

The LSTM model achieved the best overall forecasting performance, with an MAE of 0.1457 °C, RMSE of 
0.1811 °C, MAPE of 0.5030%, and R² of 0.9423. These results indicate that the LSTM predictions were close 

to the observed daily air temperature values and that the model explained a substantial proportion of the 
variation in the testing data. The CNN–LSTM model obtained an MAE of 0.2566 °C, RMSE of 0.3316 °C, MAPE 

of 0.8802%, and R² of 0.8065. Although the CNN–LSTM model was able to produce reasonable predictions, 

its performance was consistently lower than that of the LSTM model across all four evaluation metrics. The 
results therefore indicate that, under the experimental conditions used in this study, the standalone LSTM 

model was more effective for daily air temperature forecasting in the Tanjung Priok Port area. Figures 4 and 
5 present the observed and predicted daily air temperature values generated by the LSTM and CNN–LSTM 

models, respectively. The predictions from the LSTM model generally followed the temporal pattern of the 

observed temperature series throughout the testing period. The relatively small differences between the 
predicted and observed values are consistent with the low MAE and RMSE values and the high R² of 0.9423. 

In comparison, the CNN–LSTM model was able to capture the general pattern of the temperature series but 
showed larger deviations from the observed values during several periods. These deviations are consistent 

with its higher MAE, RMSE, and MAPE values and lower R² compared with the LSTM model. The visual 
comparison therefore supports the numerical evaluation presented in Table 3. 
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Figure 4. Actual vs Predicted Temperature using LSTM 

 

 
Figure 5. Actual vs Predicted Temperature using CNN–LSTM 

 

Figure 6 presents the scatter plot of observed and predicted air temperature values generated by the LSTM 
model, which achieved the best performance among the evaluated models. Most of the prediction points are 

distributed close to the 1:1 reference line, indicating a strong agreement between the predicted and observed 
temperature values. This pattern is consistent with the R² value of 0.9423, which indicates that the LSTM 

model was able to explain a substantial proportion of the variation in the observed temperature values. 

 

 
Figure 6. Scatter Plot LSTM 

 
4.2 Discussion 

The experimental results show that the LSTM model outperformed the CNN–LSTM model across all 

evaluation metrics. The LSTM model produced lower MAE, RMSE, and MAPE values and a higher R² value than 
the CNN–LSTM model. These results indicate that the standalone LSTM was better suited to the characteristics 

of the dataset used in this study. One possible explanation is the temporal characteristics of daily air 
temperature data. Temperature generally changes gradually over consecutive days, resulting in strong 

temporal dependencies within the time series. The LSTM architecture is specifically designed to learn 
sequential dependencies through its memory and gating mechanisms. In this study, the use of a 60-day input 

sequence allowed the LSTM model to use information from previous observations when predicting the following 
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day's temperature. The close agreement between the LSTM predictions and the observed values in Figure 4 
provides further support for this interpretation. 

The CNN–LSTM model, despite incorporating an additional convolutional layer, did not provide better 
forecasting performance. The convolutional component was intended to extract local patterns from the 

sequential meteorological inputs before the information was processed by the LSTM layer. However, the results 

indicate that these additional features did not provide sufficient predictive benefit for the dataset used in this 
study. One possible explanation is that the daily temperature series contains relatively smooth temporal 

variations, meaning that the temporal information learned directly by the LSTM may already provide sufficient 
information for next-day temperature prediction. 

The 7-day moving average applied during preprocessing may also have affected the relative performance 
of the two architectures. By reducing short-term fluctuations in the temperature series, the smoothing 

procedure may have reduced some local variations that could otherwise provide useful information to the 

convolutional layer. However, this explanation should be interpreted cautiously because the present 
experiment does not include an ablation comparison between models trained with and without smoothing. 

Therefore, the effect of smoothing on the CNN–LSTM performance cannot be established directly from the 
current results. The scatter plot in Figure 6 further illustrates the performance of the LSTM model. The 

concentration of points around the 1:1 reference line indicates that the predicted values were generally close 

to the observed values. This observation is consistent with the R² value of 0.9423 and the relatively low MAE 
and RMSE values obtained on the testing dataset. 

The results also indicate that increasing architectural complexity does not necessarily lead to better 
forecasting accuracy. In this study, the additional convolutional component in the CNN–LSTM architecture did 

not improve the prediction results compared with the standalone LSTM. Therefore, under the experimental 
conditions and dataset used in this research, the LSTM model provided the more accurate forecasting approach 

for daily air temperature prediction in the Tanjung Priok Port area. The findings are consistent with previous 

studies reporting the effectiveness of LSTM for meteorological forecasting tasks (Fang et al., 2021; Utku & 
Kaya, 2025). However, they differ from studies reporting better performance from CNN–LSTM architectures 

(Divyashree et al., 2025; Hou et al., 2022). This difference suggests that the relative performance of LSTM 
and CNN–LSTM may depend on dataset characteristics, forecasting objectives, and the temporal behavior of 

the observed variables. Consequently, model selection should be based on empirical evaluation using the 

target dataset rather than assuming that a more complex hybrid architecture will always produce better 
forecasting results. 

 

5.  Conclusion and Recommendations 

This study compared the performance of LSTM and CNN–LSTM models for daily air temperature 

forecasting using multivariate meteorological data from the Tanjung Priok Maritime Meteorological Station. 
The dataset contained 9,497 daily observations covering the period from 2000 to 2025, with rainfall, sunshine 

duration, air pressure, humidity, wind speed, and lagged temperature variables used as predictors. The results 
showed that the LSTM model consistently outperformed the CNN–LSTM model across all evaluation metrics. 

The LSTM model achieved an MAE of 0.1457 °C, RMSE of 0.1811 °C, MAPE of 0.5030%, and R² of 0.9423, 

while the CNN–LSTM model obtained an MAE of 0.2566 °C, RMSE of 0.3316 °C, MAPE of 0.8802%, and R² of 
0.8065. These results indicate that the LSTM model was better able to capture the temporal patterns of daily 

air temperature in the Tanjung Priok Port area under the experimental conditions of this study. The addition 
of convolutional feature extraction in the CNN–LSTM architecture did not improve forecasting performance. 

Based on these findings, the LSTM model provided the best forecasting performance among the two 
architectures evaluated in this study and may be considered a suitable approach for daily air temperature 

forecasting at the Tanjung Priok Port area. Future research could evaluate the models using additional 

meteorological variables, different preprocessing strategies, and longer forecasting horizons. Further studies 
could also investigate alternative architectures, such as ConvLSTM and Graph Neural Networks (GNN), 

particularly when data from multiple meteorological stations are available. Comparative experiments using 
multiple locations and ablation studies could also be conducted to examine the effects of spatial information, 

feature selection, and 7-day smoothing on forecasting performance. 
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