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Abstract: Accurate prediction of temperature and relative humidity is essential in Solar Dryer Dome (SDD) facilities 

to ensure strict quality of the agricultural products. Compared to traditional control models, ML-based approaches 

provide benefits in terms of adaptability, as they are capable of capturing complex and non-linear patterns in time 

series data. In this project, primary time series datasets collected from SDD facility in North Jakarta were used to 
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forecast the next hour temperature and relative humidity values within the 5-minutes resolution. There were three 

sensors placed in three different locations: outside the facility near the front door, inside the facility near the front 

door, and near the fan inlet. The collected data showed daily seasonality patterns with temperature and relative 

humidity possess an inversely correlated relationship due to their inherent physical interaction. On the modeling part, 

this research compared three different predictive models such as XGBoost, Linear Regression, and Facebook’s 

Prophet based on the RMSE and R2 scores on the test set. XGBoost and Linear Regression provided on-par 

performance, with XGBoost showing its best at temperature prediction (RMSE: 1.47°C, R2: 0.96) and Linear 

Regression showing its best at relative humidity prediction (RMSE: 3.20%, R2: 0.96). Meanwhile, Prophet exhibits 

the lowest performance in both variables with RMSE: 3.56°C and R2: 0.72 for temperature, and RMSE: 8.42% and 

R2: 0.76 for relative humidity forecasting. Despite the low performance, the Prophet model was advantageous in terms 

of consistency across horizons, while the two best models show decreasing performance in higher horizon settings. 

These findings suggest the promising application of ML techniques in SDD facilities to support sustainability in agro-

industrial business. 

Keywords: time series; temperature forecasting; humidity forecasting; climate data analysis; solar dryer dome. 

2020 AMS Subject Classification: 62M10, 68T09, 86A08, 62P12. 

 

1. INTRODUCTION 

 To reduce post-harvest losses of agricultural crops, drying has been a popular method to be 

implemented [1, 2]. The technique is known to be eco-friendly, effective in maintaining product 

quality, and cost-efficient [3], hence the wide utilizations of Solar Dryer Dome (SDD) buildings 

in various countries [2, 4]. The building itself has become a preferable infrastructure for optimal 

harvest product drying [5–7]. However, enhancements on its control systems should continuously 

be explored to further amplify its impact on agricultural products and optimize energy usages. 

Examples include smarter HVAC control using Machine Learning (ML) [8]. 

 Accurate indoor microclimate forecasting is very important to be implemented in SDDs to 

implement smart control systems. This is because such buildings must be able to maintain its ideal 

indoor environmental conditions, as the availability of solar energy is limited only at daytimes and 

the temperature may drop significantly during night, especially in remote areas with extreme 

weather conditions [9]. The microclimate variables that play an important role in maintaining ideal 

environmental conditions include temperature τi and relative humidity ηj [5, 6]. Mathematically, 

the general first-order derivative forms of the climate state variables in the SDD can be expressed 

as: 
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 𝜕𝑌𝐶

𝜕𝑡
= 𝑓(𝑌𝐶 , 𝑌𝑃, 𝑋𝐿 , 𝑋𝐸) 

(1) 

where yc ∈ YC refers to climate state variables including temperature τi and humidity ηj, yp ∈ 

YP refers to plant state variables, xl ∈ XL refers to control inputs such as ventilation rate and light 

intensity, and xe ∈ XE refers to external inputs such as solar radiation. To control such variables, 

actuators are implemented in smart SDDs which usages can be optimized to improve energy 

consumption [5]. 

 In this study, we collected data from an SDD that is aimed to assist the drying of coffee beans, 

which are required to be dried up to limit the moisture content at only below 12.5% according to 

the Indonesian standard [10]. As coffee beans are stored inside, it is crucial to continuously control 

the ideal τi and ηj. Past simple approach include the Albright’s Complete Linear Model for 

greenhouse dynamic control system [11], which is formulated as follows: 

 
𝜕𝜏𝑖𝑛(𝑡)

𝜕𝑡
=

1

𝐶𝑝𝑉
𝜌−1[𝜃(𝑡) + 𝜎(𝑡) − 𝜆 𝑓 (𝑡) − 𝜇𝛥𝑇] − 𝜔𝛥𝑇 (2) 

 
𝜕𝜂𝑖𝑛(𝑡)

𝜕𝑡
=

1

𝑉
𝜌−1[𝑓 (𝑡) + 𝜀(𝑡)] − 𝜔𝜌−1𝛥𝐻 (3) 

 𝜔 =
𝑣

𝑉
 (4) 

 ∆𝑇 = 𝜏𝑖𝑛 − 𝜏𝑜𝑢𝑡 (5) 

 ∆𝐻 = 𝜂𝑖𝑛 − 𝜂𝑜𝑢𝑡 (6) 

where τin and τout denote indoor and outdoor temperatures, ηin and ηout are indoor humidity and 

outdoor relative humidity, Cp is the air specific heat, V is the volume of the building, ρ is the air 

density, θ is the heat provided by local SDD heater, σ is the solar radiant energy, λ is the latent 

vaporization heat, f is the water capacity of the fog system, μ is the heat transfer coefficient, and ε 

is the evapotranspiration rate of the plants. However, this linear model was still unable to 

accurately accommodate the complex relationship between τi and ηj. This research is motivated by 

the idea that accurate predictions of changes in temperature and humidity can support greater 

energy savings by deactivating actuators for certain period of time according to the predicted 

environmental conditions [12]. An example to this is turning off heaters when the temperature is 

predicted to rise [5]. 

 In Machine Learning (ML) realm, predicting the future values based on the historical data is 

known as time series forecasting techniques. In the past, several studies has been conducted to 
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forecast temperature and relative humidity using ML techniques such as Multilayer Perceptron 

(MLP) and Radial Basis Function (RBF) networks [13], Least Square Support Vector Machine 

(LSSVM) [14], as well as variant of time series Deep Learning (DL) models including Long Short-

Term Memory (LSTM), Gated Recurrent Unit (GRU) and Transformer-based techniques [15–17]. 

This research has produced promising result in terms of prediction accuracy, highlighting the 

superiority of ML to make an accurate forecasting model compared to a more traditional approach 

like Albright’s Complete Linear Model. 

 However, despite the DL-based time series forecasting models' capability to learn complex 

and non-linear patter in time series sequence, they would require large and diverse datasets to 

generalize well, since they have many trainable parameters [18, 19]. Thus, a simple and traditional 

ML methods are more advantageous in small dataset availability, especially if the time-series data 

a relatively exhibit consistent seasonal patterns. Moreover, traditional models offer easier 

interpretability [20] as simple as extracting the regression coefficient for linear models or 

extracting the feature importances for the tree-based models. 

 This study was conducted using limited temperature and relative humidity data collected from 

several sensors in an SDD facility, with the goal of developing a forecasting model useful for 

sustainable agricultural practice. Given this data context, traditional ML techniques were chosen 

due to their advantages under such constraints. The paper is written in a well-structured manner 

which begin with motivation, methodology (covering dataset collection, modelling approach, and 

evaluation metrics), and discussion. A major emphasis is placed on data and model analysis, to 

provide actionable insights to farmers, rather than focusing only on gaining the best model 

performance on paper. 

 

2. RESEARCH METHODOLOGY 

2.1. Dataset Collection. The temperature and humidity time series data were acquired from a pilot 

SDD facility located in Sunter, North Jakarta using the Elitech GSP-6 temperature and humidity 

data logger (accessible at https://github.com/dioz95/SmartDomeDataset). To capture temperature 

and humidity variations within different location, three sensors were strategically positioned at 

different points within and around the dome: (1) an external sensor placed outside the room near 

the front door, (2) an internal sensor placed inside the room at the front near the air inlet, and (3) 

another internal sensor placed inside the room at the back near the ventilation fan. 
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 The sensors were configured to perform measurements at a constant time interval of five 

minutes, which provided sufficient temporal resolution for time series modeling while maintaining 

manageable data volume. Data collection was conducted continuously over a 12-day period, 

spanning from 16 October 2021 to 28 October 2021. Due to minor variations in logging duration, 

the total recording time slightly differed among the three devices: 11 days 21 hour 20 minutes for 

the outdoor sensor and 11 days 21 hour 15 minutes for the front indoor sensor and back indoor 

sensor. Despite these minor discrepancies, the dataset remained temporally aligned across all 

sensors, offering a comprehensive view of the temperature and humidity dynamics within the 

dome environment. The whole collected dataset was saved in comma separated value (.csv) format 

to ensure data transferability and analysis flexibility. Overall, this data collection procedure was 

considered sufficient to capture short-term temporal pattern of the temperature and humidity 

values, making the dataset suitable for developing and evaluating forecasting models over multiple 

prediction horizons. 

2.2. Time Series Forecasting. Time series forecasting is a statistical use case created to predict 

the future values based on the historical values of a time series dataset [21]. In our case, the 

recorded temperature and humidity data on the facility is considered as time series data, as the data 

were collected in chronological order. In this research, three distinct time series forecasting 

algorithms were employed to predict the future temperature and humidity values: (1) Extreme 

Gradient Boosting (XGBoost), (2) Linear Regression, and (3) Prophet.   

2.2.1 Extreme Gradient Boosting (XGBoost). XGBoost is an ensemble of tree-based method that 

known for its superior performance in regression and classification tasks [22, 23]. Instead of fitting 

one large tree, the model adds trees sequentially, where each new tree is trained to correct the errors 

made by the previous ones. The final prediction for a given input is the sum of contributions from 

all trees in the ensemble. As an optimized version of the standard gradient boosting algorithm, 

XGBoost includes both L1 and L2 regularization terms that penalize overly complex trees [24], to 

support better generalization. Formally, XGBoost minimizes the prediction loss L by: 

 𝐿 = ∑(𝑦𝑛 − 𝑦̂𝑛)2 + ∑ 𝛺(𝑓𝑘)

𝑘𝑛

 (7) 

where fk are regression trees, and 𝛺(𝑓)  is a regularization term (consist of L1 and L2) that 

penalizes tree complexity to prevent overfitting [25]. 

 However, this model does not inherent sequential capability, emerging the needs for feature 
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engineering, to generate relevant features for time series forecasting purpose. In this experiment, 

several feature engineering techniques were applied to generate features such as: 

• Lags: Lags features are needed to capture short-term temporal patterns that are useful to 

estimate the future values. Specifically for this research, we used several lag values L where 

𝐿 ∈ {1, 2, 3, 6, 12, 24, 48, 288} . The new features are the shifted original values 𝑦𝑡−𝑙
(𝑠)

 

where s is the unique identifier of each sensor, t is the current time index, and l is the scalar 

element of lag window values L. The lag value of 288 (as well as rolling window length) 

was specifically selected to capture daily seasonality, given that the sampling frequency of 

the data was 5 minutes. This corresponds to one full day of observations, as calculated by 

(24 hours × 60 minutes) / 5 minutes = 288. 

• Rolling statistics: Rolling statistics features are the features generated by computing 

descriptive statistics of the y values over certain time windows. In this experiment, rolling 

windows set 𝑊 ∈ {6, 12, 24, 288} are used to generate new rolling statistics features with 

statistical measures such as mean and standard deviation. 

• Calendar features: Calendar features were extracted from the timestamp index of the time 

series dataset to describe single time-related features such as hour, day of week, and 

whether the day is weekend. 

 The XGBoost model was trained using multiple horizon values to investigate the effect of 

horizon length to the model’s overall performance. The forecasting objective is to predict the 

values of temperature and humidity for the next horizon h time steps, where for example h = 12 

correspond to the 5 minutes  12 = 60 minutes ahead (given 5 minutes is the value of sampling 

frequency). For each horizon 𝐻 ∈ {1, . . , ℎ}, a separated supervised learning problem was defined 

as, 

 𝑦̂𝑡+ℎ = 𝑓ℎ(𝑥𝑡) (8) 

where fh is an XGBoost model trained exclusively to predict values within horizon h. The XGBoost 

models were trained using hyperparameters configuration as described in Table 1. 
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TABLE 1. Hyperparameters configuration for training XGBoost model. 

 

 

 

 

 

 

 

 

2.2.2 Linear Regression. Linear regression was employed as a model to forecast temperature and 

humidity using the collected dataset. This model is a simple yet widely used statistical method that 

assumes a linear relationship between input features and the target variable [26]. Linear regression 

predicts the unknown value by searching for regression coefficients βi  that explain the linear 

relationship between the target y and features x by, 

 𝑦̂𝑖 = β0 + ∑ βi𝑥𝑖

𝑝

𝑖=1

 (9) 

where β0 is the intercept and p is the value of the feature dimension [27]. Due to its simplicity, 

this provides a more interpretable results compared to the more complex XGBoost models. 

 Like XGBoost, linear regression was originally designed for standard regression tasks without 

sequential capabilities. To adapt the model for time series forecasting, feature engineering had to 

be performed. To promote fairness in the evaluation, the experiment conducted using similar 

feature engineering techniques as explained previously in the XGBoost section, such as generating 

lag features, rolling statistics, and calendar features. Specifically, for each timestamp, we created 

lag features (𝑦{𝑡−1}, 𝑦{𝑡−2}, 𝑦{𝑡−3}, 𝑦{𝑡−6}, 𝑦{𝑡−12}, 𝑦{𝑡−24}, 𝑦{𝑡−48}, 𝑦{𝑡−288}) , rolling means and 

standard deviations (of window sizes 6, 12, 24, and 288 steps), and time-based categorical features 

(hour, day of the week, and weekend indicator). This design allows the linear model to capture 

short- and long-term dependencies, as well as daily seasonality patterns captured in the dataset. 

The linear regression was also trained with multiple horizon strategy to observe the horizon effect 

to the model performance, as performed on the XGBoost experiment.  

2.2.3 Facebook Prophet. Facebook Prophet forecasting model was applied as a comparison model 

for our proposed XGBoost-based temperature and humidity time series forecasting. Different with 

Hyperparameters Value 

Objective Squared error regression (l2 loss) 

Evaluation metric Root Mean Squared Error (RMSE) 

Learning rate 0.05 

Maximum tree depth 6 

Subsample and column sampling 0.8 

Early stopping 50 
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other two tested models, Prophet is based on an additive model that decomposes the series into 

three interpretable components: (1) trend, (2) seasonality, and (3) holiday/events [28]. This model 

forecast the future value y(t) following this equation model, 

 𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜀𝑡 (10) 

where g(t) is the trend that modelled using long-term growth using piecewise linear or logistic 

functions, s(t) is the seasonality that modelled recurring patterns with specified periodicity using 

Fourier series, h(t) is the optional component for user-specified special events or anomalies, and 

𝜀𝑡 is the error term [29]. 

 In this research, Prophet was configured with daily seasonality enabled to reflect the strong 

diurnal cycles present in temperature and humidity data without considering holiday or any other 

anomalous events. The model was trained on the historical data up to the last two days and 

forecasts were generated for the corresponding horizon in the validation period. This approach 

allows Prophet to flexibly capture both non-linear trends and recurring daily changes without the 

need for additional feature engineering as performed in XGBoost and Linear Regression model. 

Like the other tested models, Prophet was evaluated across multiple forecast horizons to assess its 

short- and long-term predictive performance. 

2.3. Evaluation. To ensure fair evaluation performance of the three models, the primary dataset 

was split into train and validation set, where train set was used for the models to learn the pattern 

of the temperature and humidity time series data while the validation set used to test evaluate the 

trained model. The last three days of the dataset collection period (2021-09-23 to 2021-09-25) 

were determined as the validation set. During the evaluation, the predicted values 𝑦̂ of each model 

were compared with the actual values y from the sensor measurement based on the root mean 

square error (RMSE) and coefficient of determination (R2) which have this following formulation, 

 𝑅𝑀𝑆𝐸(ℎ) = √
1

𝑁
∑(𝑦𝑡𝑖+ℎ

(𝑠)

𝑁

𝑖=1

− 𝑦̂𝑡𝑖+ℎ
(𝑠)

)^2  (11) 

 𝑅2(ℎ) = 1 −
∑ (𝑦𝑡𝑖+ℎ

(𝑠)𝑁
𝑖=1 − 𝑦̂𝑡𝑖+ℎ

(𝑠)
)^2

∑ (𝑦𝑡𝑖+ℎ
(𝑠)𝑁

𝑖=1 − 𝑦̅𝑡𝑖+ℎ
(𝑠)

)^2
 (12) 

3. RESULTS AND DISCUSSION 

3.1. Data Analysis. Figure 1 shows the time series data collected from the SDD facility at Sunter, 

North Jakarta. The measurements were obtained from three sensors which named according to 
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their placement: outdoor, indoor_front, and indoor_back. The figure also highlights the cutoff 

point to split the training and validation set. The graph indicates that both temperature and humidity 

exhibit clear cyclical patterns, with noticeable differences between daytime and nighttime averages. 

These cyclical behaviors are important for forecasting models, as they suggest the presence of 

strong seasonal components even at the daily scale, which must be captured to achieve accurate 

predictions. Table 2 provides a detailed summary of these measurements, grouped by each sensor’s 

unique identifier and separated by day (6am to 6pm) and night (6pm to 6am) periods. 

 The observed variation between day and night highlights the influence of environmental and 

operational conditions on the facility’s microclimate, as shown in the Table 2. External sensors 

capture fluctuations driven by ambient weather, while internal sensors reflect a more controlled 

environmental condition regulated by the local air circulation system. The average internal 

temperatures within the facility are recorded higher compared to external measurement, while 

internal humidity levels remain lower than the outside, as the dome captures solar radiation through 

its cover, traps heat inside and raises the internal temperature of the drying chamber [30].  

 

FIGURE 1. Collected (A) temperature and (B) humidity time series data from SDD facility in 

North Jakarta. 

 

(A) 

 

(B) 
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 Meanwhile, the lower relative humidity inside the dome is a natural consequence of warmer 

temperature. Warm air has a greater capacity to hold moisture, thus decreasing the relative 

humidity while sharing the same level of absolute moisture level [31]. Additionally, the controlled 

air circulation provided by inlets and fans further removes wet air and replaces it with drier air 

from outside continuously. The combination of higher temperature and lower humidity are 

desirable for drying facilities as it will accelerate moisture removal from agricultural products, 

thereby reducing overall drying time [32]. A faster drying process is also helpful to preserve 

nutritional quality and prevents microbial growth, making the overall product quality better 

compared to the traditional open-air drying methods [33]. 

TABLE 2. Average daytime and nighttime temperature and humidity for each sensor ID. 

Sensor ID Period Average 

Temperature (°C) 

Average 

Humidity (%) 

outdoor 
Day 36.24 67.46 

Night 28.46 84.45 

indoor_back 
Day 43.00 39.27 

Night 32.24 59.44 

indoor_front 
Day 43.49 40.51 

Night 32.76 60.80 

3.2. Models Performance and Analysis. Table 3 highlights the average performance of the three 

tested models over 12 horizon lengths and 3 sensor placements. One noticeable remark is that 

XGBoost and Linear Regression have quite similar performance where XGBoost was slightly 

better at temperature forecasting, while Linear Regression was slightly better at humidity 

forecasting according to the validation RMSE and R2 score recorded during the experiment. This 

highlights the capability of XGBoost to capture nonlinearities and complex interactions in the data 

makes it highly suitable for modeling the temporal dynamics of temperature and humidity within 

the facility. Linear Regression, despite using simpler modelling approach, succeed to deliver 

competitive results, suggesting that a simple linear assumption can approximate short-term 

dependencies reasonably well in small-sized dataset. 

 On the other hand, Prophet model scored the lowest overall performance among the tested 

models. This happens because Prophet relies only on additive decompositions of trend, seasonality, 

and other optional events. Such an approach is effective for stable and regularly repeating series 
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but struggles with irregularities that might occurs due to weather anomaly or sensor-specific 

dynamics within the facility. Consequently, Prophet forecasts tend to reflect the baseline cyclical 

pattern without adequately adapting to nonlinear deviations, resulting in a less accurate prediction 

compared to the other two models. 

TABLE 3. Average daytime and nighttime temperature and humidity for each sensor ID. 

Measured 

Variable 

Average RMSE Average R2 

XGBoost LR Prophet XGBoost LR Prophet 

Humidity 3.28 3.20 8.42 0.96 0.96 0.72 

Temperature 1.47 1.49 3.56 0.96 0.96 0.76 

 However, although the tested Prophet model yielded relatively low RMSE and R² scores, its 

performance trend remained stable as the forecasting horizon increased. Prophet predicts future 

values by fitting one model to trend, seasonality, and any other specific events, then extends these 

components forward. So, forecast error is relatively uniform across horizons because the same 

seasonal cycle is being projected, making a plateaued performance that appears consistent across 

horizons. Meanwhile for the XGBoost and Linear Regression which originally made for standard 

classification/regression tasks, as the horizon length increases, the target (yt+h) becomes further 

away from the reference point. Thus, the strength of engineered features (lags, rolling mean and 

standard deviation, and time features) become less informative within high horizon settings. The 

complete models’ performance trends over multiple horizons and sensor placement can be seen in 

Figure 2. 

 Comparing these results to other works, we found that our modelling approach (although 

simple and fast) could provide a comparable result to the others that utilize more complex models 

and/or larger size of dataset. For example, [13] had compare forecasting performance on 

temperature and humidity time series dataset for the next 30-minute using Bayesian optimized 

RBF model and multi-layer perceptron (MLP) and retrieve the best result of humidity forecasting 

with RMSE of 4.29% and an R2 of 0.95 and with RMSE of 1.58°C and R2 of 0.96 for temperature 

forecasting. Meanwhile, the best Linear Regression model in our experiment can exceed these 

numbers by scoring RMSE of 2.46% and an R2 of 0.98 for humidity forecasting, while scoring 

RMSE of 1.51°C and an R2 of 0.97 for temperature forecasting within the same forecasting horizon. 

Moreover the models constructed by [13] consider other variables besides historical data such as 

indoor soil temperature and light intensity, highlighting the efficiency of our proposed approach. 
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 FIGURE 2. Model performance trend across multiple horizons, measured by 

(A) RMSE and (B) R2. 

 Another research also describes an effort to predict temperature and relative humidity values 

on a greenhouse facility in the South China region [14]. The best model was least-squares support-

vector machines (LSSVM) with RMSE of 0.87°C and an R2 of 0.92 for temperature and RMSE of 

3.91% and an R2 of 0.95 for relative humidity forecasting for the next 15 minutes. Our best Linear 

Regression model can exceed all these numbers, except the RMSE of temperature prediction where 

our model scores a slightly higher value of 1.02°C within the same forecasting horizon. However, 

this can be understood since [14] collected the data in a longer period of time of 44 days. These 

 

 

 

(A) 

 

 

 

(B) 
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comparisons highlight the effectiveness of gradient boosting algorithms in capturing complex 

patterns in forecasting temperature and relative humidity in a short-term period, despite using 

relatively small-sized dataset on the experiment. 

3.2.1. XGBoost Model Analysis. Table 4 presents the five most important features of the XGBoost 

model for forecasting temperature and humidity values across the three sensors with a six-step-

ahead horizon, which is equivalent to 30 minutes. The results indicate that short-term lag variables 

(lags 1 and 2) and hour of the day provide the highest predictive contribution for temperature 

forecasting. These are followed by rolling statistics features such as the six-point rolling mean and 

the 24-point rolling standard deviation, along with the day of week and lag 48 which also plays a 

notable role in capturing daily patterns.  

TABLE 4. Feature importances of XGBoost model to forecast temperature and humidity. 

Variable Sensor ID I II III IV V 

Humidity 

outdor lag_1 lag_2 hour roll_mean_6 dayofweek 

indoor_back lag_1 lag_2 hour roll_std_24 lag_48 

indoor_front lag_1 lag_2 hour lag_48 roll_std_24 

Temperature 

outdor lag_1 lag_2 hour roll_mean_6 dayofweek 

indoor_back lag_1 lag_2 hour roll_mean_6 is_weekend 

indoor_front lag_1 lag_2 hour roll_mean_6 dayofweek 

 The humidity forecasting model shares quite similar feature importance, except the 24-point 

rolling standard deviation and lag 48 features do not appear on the list. These results demonstrate 

that the temperature and humidity changes around the facility are influenced by both short-term 

dependencies and repeated daily cycles, which the XGBoost model effectively captures for 

improved forecasting accuracy. 

3.2.2. Linear Regression Model Analysis. Table 5 presents the ranking of regression coefficients 

for temperature and humidity forecasting across six horizons. Slightly different from the XGBoost 

model, our linear regression model forecast future humidity and temperature value by considering 

wider range of features, including short-term lags (e.g., lag 1 and lag 2), temporal indicators 

(weekend and day-of-week), as well as rolling statistics such as rolling means (6, 12, and 24 

windows) and rolling standard deviations with (12 and 24 windows). One advantage of ranking 

feature importances based on the regression coefficients is that it provides better interpretability 

since regression coefficients directly indicate both the magnitude and the direction of influence, 

although it relies on simple linear assumptions between the independent and dependent variables. 
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TABLE 5. Feature importances of linear regression model to forecast temperature and humidity. 

Variable Sensor ID I II III IV V 

Humidity 

outdor lag_1 roll_std_24 lag_2 roll_mean_24 dayofweek 

indoor_back lag_1 lag_2 roll_mean_6 roll_mean_12 roll_mean_24 

indoor_front lag_1 lag_2 roll_mean_6 roll_mean_12 roll_mean_24 

Temperature 

outdor lag_1 roll_std_24 roll_std_12 lag_2 lag_12 

indoor_back lag_1 lag_2 roll_std_24 roll_std_12 roll_mean_24 

indoor_front lag_1 lag_2 roll_mean_6 roll_mean_12 roll_std_24 

3.2.3. Facebook Prophet Model Analysis. Analysis on the trained Prophet model performed by 

extracting the decomposed time series features such as trend and daily seasonality as illustrated on 

Figure 3 (A) and (B) for both temperature and humidity forecasting for indoor_back sensor. The 

level shows a smoothed estimate of the current value of the series, the trend shows the estimated 

rate of change in the level, and seasonality reveals the cyclical pattern of the time series value. For 

temperature, the level shows values ranging from +- 20 °C to +- 40 °C with sudden drops around 

the time index of 1000. The seasonality plot displays a strong cyclical pattern with a clear daily 

periodicity where peaks and valleys occur at regular intervals. Interestingly, the extracted humidity 

level and seasonality components exhibit the similar but inverted pattern compared to the 

temperature ones. This behavior occurs due to the physical relationship between temperature and 

relative humidity: as the temperature increase, the air capacity to hold moisture also increases, 

making the relative humidity measurement decrease. 

 

(A) 

 

(B) 

FIGURE 3. Visualization of level, trend, and seasonality components of the (A) temperature and 

(B) relative humidity time series of the indoor_back sensor. 
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3.3. Further Research Direction. Future further research investigation could provide additional, 

deeper insights by using larger data sets crossing multiple years and involving multiple sensor 

locations, so the model may capture temperature and humidity patterns from multiple seasons (dry 

and wet), different years, and additional sensor locations. This would allow the utilization of data-

hungry architecture such as LSTM and self-attention-based models. Moreover, a longer dataset 

also allows safer use of train/validation/test splits that preserve temporal order and still leave 

sufficient held-out data for robust evaluation. 

 With recent smart agricultural trends involving more and more technologies being integrated 

with greenhouses such as Smart Dryer Dome (SDD) in agricultural complexes in Indonesia [4, 15], 

United States [34–37] and other agricultural-based economies all around the world, the potential 

of the use of data-driven approach might be increasing too and so will its potential impacts for 

agricultural productivity be for the said economies. The current study paves the way and opens 

possibilities for further, richer, more exciting research investigations enabling smarter and more 

productive agriculture for the economies and for the betterment of our societies. For instance, when 

photovoltaics (PV) is integrated with an agricultural greenhouse [37], the same plot of land that 

previously is just used for agricultural productivity, has now become productive too for renewable 

energy production [34] which is critical for energy transition and averting the climate crisis in the 

United States. The use of data-driven approach here would be enabled for not only increasing 

agricultural productivity (by more precise temperature and humidity prediction/control inside the 

greenhouse, etc.), but also for saving the energy use for the agricultural operations (by allowing 

more optimum battery charging cycles [38] and hence increase its lifetime) and thus allows for 

more sustainable agriculture and energy transition in our modern world [39, 40]. 

 Another research use case such as probabilistic forecasting with prediction intervals and 

anomaly detection for sensor fault identification could be leveraged to enrich the impact of the 

research. Probabilistic forecasting is especially useful in the case where uncertainty factors are 

present. For example, when weather/climate anomaly occurs during a certain period or when the 

drying chamber is less occupied due to operational break. Anomaly detection on the other hand is 

practically helpful to know whether the recorded values are subject to sensor fault. However, this 

approach would require an additional effort in labelling the time series data to distinguish the 

period where the sensor operates normally from those affected by faults. Together, these strategies 

would lead to more resilient decision-support tools that ensure consistent drying performance and 

operational efficiency even under uncertain environmental conditions. 
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4. CONCLUSION 

 This report presents original research in applying a time-series machine learning approach for 

forecasting temperature and relative humidity values from the primary data collected by three 

sensors installed in a SDD facility in the North Jakarta region. Data-wise, recorded temperature 

and humidity data exhibit distinct seasonal patterns, fluctuating upwards and downwards within a 

relatively consistent interval on a daily basis. Moreover, the recorded temperature values were 

inversely proportional to the recorded relative humidity values, suggesting an explainable physical 

interaction among these physical measures. 

 Multiple algorithms were evaluated to forecast such variables within the interval of 5 minutes, 

up to the duration of 1 hour such as XGBoost, Linear Regression, and Facebook Prophet. Since 

XGBoost and Linear Regression were not designed for time series forecasting, several features 

need to be engineered to produce independent variables, while the Prophet model automatically 

decomposes the time series into trend and seasonality values. From the experiment, XGBoost and 

Linear Regression were the top performing models with the highest average RMSE and R2 score 

across 12 horizons, while Prophet was the lowest performing model. However, despite inferior 

performance of Prophet among the tested algorithms, this model recorded a steady performance 

across increasing prediction horizon, while XGBoost and Linear Regression recorded a decreased 

performance trend in higher horizon values. These findings highlight the superiority of XGBoost 

and Linear Regression in short-term forecasting with seasonal time-series dataset, as well as 

highlight the consistency of Prophet forecasting model in long-horizon settings. 
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