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Abstract: This study examines the implementation of home automation systems to predict indoor air quality using real-time 

data such as temperature, humidity, pressure, occupancy status, energy consumption, and window conditions. Due to the 

superior pattern recognition performance of recurrent neural networks, the study employs deep learning techniques for air 

quality prediction. A comparative analysis of GRU, LSTM and BiGRU models highlights GRU’s superior performance 

across various metrics, emphasizing its generalization capability. The study also introduces an Air-Smart Control Device, 

enabling users to monitor predictions and control home automation systems. In conclusion, the research underscores the 

potential of home automation in air quality prediction, provides insights into neural network architectures, and contributes to 

advancements in automation technology and air quality management. 
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1. Introduction 

The origins of automation systems can be traced back to before the Common Era. However, the 

Industrial Revolution is what massively transformed human life (Usher, 1954). While the primary 

domain benefiting from automation systems has been industrial production, with the arrival of the 2000s, 

they began to transform our lives in many other areas. Automation systems are reshaping our lives in 

various fields such as automatic driving systems and transportation (Fagnant et al., 2015), energy 

management, smart grids, building automation and smart home technologies, telecommunications and 

communication systems management, healthcare, and medical technologies (Donaldson et al., 2000). 

The emergence of COVID-19 has led to global quarantine and social distancing measures, which have 

forced people to stay at home more (Brooks et al., 2020). These prolonged periods spent indoors have 

brought along comfort and health problems. Smart home technologies promise to address these comfort 

and health issues. Heating, ventilation, and air conditioning (HVAC) systems work seamlessly with 

smart home systems to automate indoor air quality. Using microcontrollers, information such as indoor 

and outdoor temperature, relative humidity, pressure, CO2 levels, occupancy status, and window status 

(open/closed) is measured in real time. 

Model Predictive Control (MPC) is an approach developed to predict and analyze future states of 

automation systems and to provide energy savings (Qin et al., 2003). MPC systems integrate automation 

systems and prediction models to form a hybrid system. The mentioned system design necessitates a 

Human-machine interface (HMI) that enables users to understand how automation systems operate and 

the mode they are operating in (Mentler et al., 2016). HMI refers to a software platform where people 

can intervene in the operation of automation systems and view data. Figure 1 illustrates the interaction 

of home automation systems with the environment. 

Dynamic systems emerge as structures that enable systems to better understand user needs and facilitate 

the creation of smarter strategies. This approach allows for the development of faster and more effective 

strategies toward goals, which can improve living standards. Proactive approaches have a significant 

impact on this improvement, and machine learning plays an important role. The generation of prediction 

data can enhance the operation of automation systems. 

Human-Machine Interface (HMI) systems developed in smart home technologies contribute to energy 

efficiency and utilize specialized technologies to improve indoor air quality (Phillips et al., 2015). These 

systems also support the development of strategies designed to mitigate the negative impacts of climate 

change. As highlighted in the study, modern sensor technologies not only measure climatic 

characteristics but also detect airborne pollutants and relay this data to smart home systems (Kumar et 
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al., 2016). However, new smart homeowners may need to adapt to the inability to open windows 

manually, which can be a significant adjustment and may pose challenges for many. 

 

                        
Figure 1.  Indoor Air Quality Automation (Schieweck et al., 2018). 

 

Research  suggests, we will need to further investigate how to create healthy living environments 

(Almeida et al., 2016). In the United States, a group of health experts has thoroughly examined how 

climate change affects our lifestyle (The Institute of Medicine, 2011). Upon reviewing the report of this 

research, it was found that climate change significantly increases health risks for the elderly, children, 

and people with cardiac/respiratory diseases. Study  also focused on the impacts of climate change on 

indoor air quality and emphasized that systems regulating indoor air quality (HVAC) are a significant 

factor affecting the prevalence of diseases (Nazaroff et al., 2013). 

Health-based smart technologies create a complex network of various technological devices, introducing 

the concept of Ambient Assisted Living (AAL) into our lives. This network integrates with personal 

healthcare monitoring and tele-health systems (Marques et al., 2016). In addition to help reduce the 

growing demands in the healthcare sector, this technology also supports improving energy efficiency 

and reducing negative environmental impacts. 

The data collected by sensors is intended to enhance user comfort. According to the study , the need for 

humidity and temperature sensors in smart home systems has increased over the years (Barmpakos et 

al., 2021). The number and placement of sensors are crucial. Sensors inside the home come in various 

types, and their measurement capacities and performance offer both advantages and disadvantages. The 

correct selection and positioning of sensors are crucial for the overall efficiency and performance of the 

system. 

Another important issue is IoT protocols. In smart home systems, data collected from sensors should be 

securely, quickly, and comprehensively transported in an appropriate format. Protocols such as Wi-Fi 

(802.11), Bluetooth, Zigbee, and Z-Wave are commonly used technologies for transmitting data in smart 

home automation systems (Stolojescu-Crisan et al. , 2021). While Wi-Fi provides broad coverage and 

high bandwidth, Bluetooth is ideal for short-range communication. Zigbee and Z-Wave, on the other 

hand, are preferred for establishing wireless communication among devices with low power 

consumption. These protocols are selected based on the features of the devices and user preferences, 

each offering different advantages. 

With all these mentioned details, IoT systems and automation systems emerge and are utilized alongside 

machine learning methods. These systems impact humans comprehensively, with effects ranging from 

health to security, and even entertainment areas. For these reasons, they will continue to be among the 

focus areas for researchers and individuals in the near future. 
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2. Background and Related Works 

As an early study, a research used multivariate analysis of variance (MANOVA) to predict the indoor 

air quality of a metro system (Kim. et al., 2012). In this study, the data was divided into three categories: 

spring and fall as the first category, summer as the second category, and winter as the third category. 

The variance analyses were conducted separately for these categories. This study indicates that indoor 

air quality varies depending on the seasons. 

Another study is based on an optimization work conducted by Priyadarshi and Naik. In this study, they 

perform regression prediction using the K-nearest neighbors (KNN) algorithm (Priyadarshi et al., 2023). 

For these predictions, they utilize a model called the Finite Difference Transient Model (FDM). The 

study thoroughly discusses the potential limits and advantages of this model. 

The study conducted by Akilan and Baalamurugan focuses on predicting indoor weather conditions in 

agriculture using GRU (Gated Recurrent Unit) and LSTM (Long Short-Term Memory) to develop a 

warning system that alerts before plants encounter unfavorable conditions (Akilan et al., 2024). This IoT 

(Internet of Things) based study is significant for understanding how GRU and LSTM models are used 

in time series analysis and how sensor data interacts. 

Another study conducted by Elnaggar and others presents a risk analysis of the indoor air quality required 

for the preservation of artworks in a museum located in the Mediterranean region (Elnaggar et. al., 2024). 

This study also provides a comprehensive examination of how risk analysis is conducted in the 

preparation of automation systems. By identifying the necessary indoor air quality parameters for the 

preservation of artworks, the study details how these parameters can be integrated into automation 

systems and how these systems can be managed effectively. 

Study conducted a classification study on air quality prediction using artificial neural networks and 

gradient-boosting models, and they developed a website to present their findings (Gururaj et al., 2024). 

This study is an important resource for our project to compare HMI (Human-Machine Interface) design 

with literature studies and to learn from current applications. 

In another study conducted by Wardana  and others, a comprehensive study was presented on the 

simultaneous display of predictive and real-time data in SCADA (Supervisory Control and Data 

Acquisition) devices (Wardana et al., 2024). This study thoroughly explores how data can be integrated 

and presented simultaneously in SCADA systems. 

Our primary objective within the project revolves around the prediction of indoor air quality, thus 

necessitating the handling of a regression problem concerning time series data. Within the existing 

literature, a range of machine learning methodologies including Dummy, Huber, Ada Boost, GBoost, 

Random Forest, XGBoost, KNN, Decision Trees, LSTM, and ARIMA are frequently employed (Korner 

et al., 2016). The outcomes of the research indicate that among these machine learning models, Recurrent 

Neural Networks (RNNs) exhibit superior performance, particularly within short-term intervals. 

Consequently, our focus has been directed towards leveraging RNNs. 

 

3. Design and Method 

In this section, factors affecting prediction ability will be explained while constructing the deep artificial 

neural network. 

 

3.1 Dataset and Data Preparation 

The study aimed at examining household energy consumption, health, and security impacts, and 

providing support to researchers, presents an open-access dataset (Wang et al., 2024). The data were 

obtained from an apartment in Beijing, China. Using a cloud-based data collection platform called IDCP, 

the data were collected covering a period from May 31, 2021, to May 31, 2022. The data were collected 

on a minute-by-minute basis, including household behaviors, thermal environment information, device 

usage quantities, and also external weather data from the nearest national weather station. This dataset 

is significant for being the first publicly accessible dataset that concurrently records household behaviors 

and electricity usage in China. The dataset is made accessible under the title CN-OBEE. 

The dataset includes data from 6 different rooms: cloakroom, home office, kitchen, living room, master 
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bedroom, and secondary bedroom. Data for each room, such as temperature, relative humidity, pressure, 

window status (open/ closed), location, and occupancy status, are recorded at a minute-by-minute 

frequency. External weather data, on the other hand, are recorded at an hourly frequency and include 

dry-bulb temperature (◦C), relative humidity (%), atmospheric pressure (hPa), wind speed (m/s), wind 

direction, ground temperature (◦C), horizontal total solar radiation intensity (W/m2 ), and horizontal 

diffuse solar radiation intensity (W/m2). Energy consumption data for household appliances are stored 

at a minute-by-minute frequency and include data from an electric kettle, fridge, rice cooker, computer, 

TV, upstairs water heater, downstairs water heater, washing machine, and 6 different air conditioners. 

Converting data to a numerical format is essential for training models. Categorical data in the dataset, 

such as wind direction, have been transformed into numerical values using Label Encoder. On the other 

hand, dealing with missing values presents a significant challenge. While low rates of missing data are 

generally tolerable, high rates can severely impact data quality. Therefore, a tolerance threshold of 5.5% 

was set, and missing values were imputed with the median value. Due to the high rate of missing data, 

the data from the master bedroom was excluded from the analysis. 

To optimize the processing of the data, it has been examined in 10-minute intervals. Since the external 

weather data is available at hourly frequency, it is assumed that the outdoor weather conditions remain 

constant within each hour. Therefore, the weather data for each hour is utilized to divide the data into 

10-minute intervals. 

 

3.1 Data Visualization and Feature Engineering 
Examining the characteristic features of the data before training is essential for better management of 

the process. Data visualization can facilitate the analysis of statistical information such as the arithmetic 

mean and standard deviation, as well as other issues. For example, anomaly detection is a crucial 

approach for analyzing automation systems. Upper and lower limits can be determined using 

Exponential Moving Averages to assist in analyzing abnormal behaviors. Figure 2 presents an excerpt 

from the analysis of abnormal behavior observed in the indoor temperature data from the living room. 

 

 
Figure 2.  Anomaly detection for living room interior temperature. 

 

The selection of data for training significantly impacts the performance of the training process. In some 

cases, meaningful potentials can be derived from the data, while in others, training with similar or 

identical data may exacerbate the tendency for overfitting. Guided by the insights provided by the study, 

we are incorporating seasonal information into the data numerically (Kim et al., 2012). The high 

interaction of this information, particularly with relative humidity data, suggests its potential to enhance 

predictive performance. Conversely, through the use of a correlation matrix, we investigate the 

interaction among the data, and some data with similar correlation values that are selected for prediction 

are excluded from the training process. 

 



 

Gokdeniz & Bostanci                            1 (1) 2024 
 

60 

3.2 Data Preprocessing 

In deep neural networks, normalization is a routine process applied to enhance training performance, as 

also mentioned in the study (Ioffe et al., 2015). Normalization procedures reduce the effects of outliers 

while preserving the fundamental characteristic features of the data. An implementation such as 

MinMaxScaler rescales the data to a scale between the minimum and maximum values. This process 

brings the data distribution into a range between 0 and 1, allowing the model to be trained more 

effectively and converge more rapidly. 

The function acts as a data preprocessor designed to extract training samples from a time series dataset. 

It generates sequential samples based on a specified ’lookback’ period, which determines the duration 

of the historical data each sample should consider. Additionally, it defines a ’delay’ period for the time 

lag of target values. The function supports the shuffling of samples and allows for the customization of 

batch size and step size, providing flexibility in the data preparation process for model training. 

Each sample is constructed by looking back over a period of 10 days, with a time interval of 30 minutes 

between consecutive data points. The time difference between input data and target values is 1 day. 

These parameters determine how the dataset will be processed and how far back and forward each 

sample will look. Thus, they play a crucial role in determining how the model will evaluate and predict 

time series data. 

 

3.3 Air-Smart Controller 

Air-Smart Controller is a web interface developed using Python’s Streamlit library. Through this web 

interface, users can view data for the next 44 days at ten-minute intervals. The data is collected from 5 

different rooms, and it includes temperature, relative humidity, and pressure information. Additionally, 

it shows which modes the automation system will operate in, synchronized with the data. 

Users can request changes to the modes of the automation system. Through this interface, users can 

suspend the operation of the automation system or request it to operate in different modes. These user-

initiated actions are evaluated by the automation system, and as a result of this evaluation, the request 

may be deemed valid or invalid. Figure 3 visually presents the deployment and overall operation of the 

Air-Smart Controller device. 

 

                     
Figure 3.  Air-Smart Controller Data Visualisation. 
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4. Results 

Table1, Table2 and Table3 presents a comprehensive comparison of LSTM, GRU and BiGRU models 

across different rooms and air quality parameters. Let’s analyze these results in detail. 

 

Table 1. Indoor Temperature (°C) Predictions - Results (Renormalized). 

Models Metrics Cloakroom Home 

Office 

Kitchen Living 

Room 

Secondary 

Bedroom 

Average 

Result 

 

GRU 

MAE 0.62 0.59 0.53 0.50 0.63 0.57 

MSE 0.61 0.62 0.52 0.43 0.63 0.56 

RMSE 3.06 3.10 2.70 3.24 2.81 2.98 

 

LSTM 

MAE 1.50 1.35 0.59 0.63 0.59 0.93 

MSE 3.37 2.66 0.53 0.62 0.54 1.54 

RMSE 3.77 3.14 2.70 3.15 2.83 3.12 

 

BiGRU 

MAE 0.57 0.70 0.57 0.55 0.62 0.60 

MSE 0.52 0.81 0.50 0.48 0.61 0.58 

RMSE 3.06 3.00 2.76 3.17 2.81 2.96 

 

  Table 2. Indoor Relative Humidity (%) Predictions - Results (Renormalized). 

Models Metrics Cloakroom Home 

Office 

Kitchen Living 

Room 

Secondary 

Bedroom 

Average 

Result 

 

GRU 

MAE 4.60  5.56  5.56  6.14  5.19  5.41 

MSE 40.60  51.95  106.08  69.47  41.82  61.98 

RMSE 8.00  8.68  11.69  9.52  8.14  9.21 

 

LSTM 

MAE 5.98  5.79  7.48  6.25  5.19  6.14 

MSE 56.18  51.83  51.95  70.58  70.64  60.24 

RMSE 8.78  8.53  8.68  9.37  9.72  9.02 

 

BiGRU 

MAE 5.06  6.14  10.13  9.17  4.40  6.98 

MSE 44.48  59.06  143.15  112.47  36.47  79.13 

RMSE 8.18  9.22  13.15  11.66  7.83  10.01 

                              

  Table 3. Indoor Air Pressure (hPa) Predictions - Results (Renormalized). 

Models Metrics Cloakroom Home 

Office 

Kitchen Living 

Room 

Secondary 

Bedroom 

Average 

Result 

 

GRU 

MAE 627.83  607.42  607.42  583.51  596.27  604.49 

MSE 564 216.87  535 

430.87  

535 

431.78  

510 

340.63  

521 524.22  533,388.87 

RMSE 1 085.16  1 

098.53  

1 094.52  1 

086.07  

1 081.29  1,089.11 

 

LSTM 

MAE 644.21  621.78  553.50  593.14  633.675  609.26 

MSE 612 609.11  604 

939.58  

488 

360.060  

540 

417.29  

609 777.93  571,220.79 

RMSE 1 117.02   1 

113.87  

1 036.33  1 

067.38  

1 110.68  1,089.06 

 

BiGRU 

MAE 619.87  597.79  559.47  599.15  516.10  578.48 

MSE 556 329.85  542 

965.48  

495 

574.68  

528 

724.48  

417,603.79  508,239.66 

RMSE 1 089.68  1 

098.14  

1 045.90  1 

070.45  

985.00  1,057.83 
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4.1 Temperature Predictions  

For temperature prediction, the GRU model outperforms the LSTM model in all rooms except the 

kitchen. The average MAE for GRU is 0.57°C, while for LSTM, it is 0.93°C. This indicates that GRU 

provides more accurate temperature predictions. 

In temperature predictions, GRU exhibits lower MSE values across all rooms. The average MSE for 

GRU is 0.56, compared to 1.54 for LSTM. This demonstrates that GRU has lower variance and fewer 

significant errors than LSTM. 

When considering RMSE values, GRU achieves lower results in most rooms. The average RMSE for 

GRU is 2.98°C, compared to 3.12°C for LSTM. This confirms GRU’s superior performance in 

temperature prediction. 

BiGRU performs between GRU and LSTM for temperature prediction. While its MAE, MSE, and 

RMSE values are slightly higher than GRU’s, they are significantly lower than LSTM’s. BiGRU appears 

to balance the precision of GRU with the reliability of LSTM. Detailed performance metrics are 

summarized in Table 1. 

 

4.2 Relative Humidity Predictions 

For relative humidity prediction, GRU outperforms LSTM in three rooms. GRU’s average MAE is 

5.41%, while LSTM’s is 6.14%. This indicates that GRU provides more accurate humidity predictions.  

Interestingly, LSTM has a slightly lower average MSE (60.24) compared to GRU (61.98). This suggests 

that while GRU performs better on average, LSTM might handle extreme humidity conditions better.  

The RMSE values are quite close, with GRU averaging 9.21% and LSTM 9.02%. This confirms that 

LSTM performs slightly better for humidity prediction. 

BiGRU’s performance for relative humidity prediction falls between GRU and LSTM. However, its 

MAE, MSE, and RMSE values are higher than both, indicating that BiGRU struggles more with 

humidity predictions. Detailed performance metrics are summarized in Table 2. 

 

4.3 Air Pressure Predictions 

For air pressure prediction, GRU consistently outperforms LSTM in all rooms. The average MAE for 

GRU is 604.49 hPa, compared to 609.26 hPa for LSTM. 

GRU also shows significantly lower MSE values for air pressure predictions across all rooms. GRU’s 

average MSE is 533,388.87, while LSTM’s is 571,220.79. This demonstrates that GRU’s predictions 

are more consistent. 

Despite the large difference in MSE, the average RMSE values are very close: GRU has an RMSE of 

1,089.11 hPa, and LSTM has 1,089.06 hPa. This suggests that both models have similar overall error 

magnitudes, but GRU errors are more uniformly distributed. 

BiGRU outperforms both GRU and LSTM in air pressure prediction, achieving lower MAE, MSE, and 

RMSE values. This establishes BiGRU as the strongest model for air pressure prediction. Detailed 

performance metrics are summarized in Table 3. 

 

5. Discussions 

5.1 Room-Specific Performance Analysis 

Our results reveal interesting variations in prediction accuracy across different rooms. Let’s examine 

these differences and explore potential reasons behind them: 

The occupancy frequency of the rooms is an important factor for understanding and explaining the 

performance of the prediction models. The values are provided in Figure 4, it becomes possible to 

interpret the results in more depth. For example, the living room and kitchen, which have the highest 

occupancy frequencies, generally exhibit low MAE and RMSE values for temperature predictions. This 

can be related to the fact that, with high occupancy, these areas become more stable in terms of 

environmental parameters. Specifically, the kitchen, due to its frequent and consistent temperature 

fluctuations, is an area where GRU and BiGRU models have performed well. 
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Figure 4.  Occupancy Presence Frequency Distribution. 

 

On the other hand, secondary bedroom and home office, which have lower occupancy frequencies, may 

have more challenging dynamics for prediction. The secondary bedroom has shown the highest error 

values for relative humidity predictions, which can be attributed to the fact that the lower occupancy 

frequency makes the environment more susceptible to external factors, reducing the models’ ability to 

predict accurately. The relative humidity levels in an area with low occupancy could be more variable 

and harder to model. 

A room like the cloakroom, which has a relatively low occupancy frequency, showed good performance 

with GRU and BiGRU models for air pressure predictions but higher errors for relative humidity 

predictions, particularly with BiGRU. This could indicate that the low occupancy frequency leads to 

more unpredictable environmental conditions in that room. In contrast, for parameters like air pressure, 

which tend to be more stable and less affected by occupancy, the models performed consistently. 

The home office, despite having the lowest occupancy frequency, showed relatively balanced 

performance across the parameters. This could indicate that environmental conditions in the home office 

are more consistent compared to other rooms, and the effects of low occupancy may be less significant 

there. In particular, air pressure predictions in the home office had some of the lowest error values. 

Overall, the occupancy frequencies shown in Figure 4 provide critical context for understanding the 

impact of room dynamics on environmental variables and model performance. High occupancy 

frequency tends to create more predictable and stable environmental changes, leading to better model 

performance, while low occupancy frequency can make predictions more challenging and increase error 

rates. The performance of prediction models is directly influenced by the combination of occupancy 

frequency and environmental stability, highlighting the importance of considering occupancy dynamics 

when evaluating model performance. 
 

5.2 Overall Model Comparison 

GRU demonstrated the best performance, particularly in the living room, achieving better results in 

temperature predictions compared to other models. Unlike the other models that struggled with complex 

data patterns, especially in relative humidity predictions, LSTM performed better in the kitchen. BiGRU 

generally exhibited an average level of performance but outperformed other models in air pressure 

predictions, with this success being more pronounced in the cloakroom and secondary bedroom. Overall, 

the model’s performance varies based on the data structure of the room and the complexity of the 

predicted parameter, suggesting that different models may be more effective in specific situations. 

In conclusion, our analysis suggests that the GRU model is generally more suitable for predicting indoor 

air quality parameters in home automation systems. However, the choice between GRU, LSTM and 

BiGRU may depend on specific requirements, such as the relative importance of different air quality 

parameters or computational constraints in the deployment environment. 
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5.3 Limitations and Future Work 

This study focuses on the application of predictive algorithms in smart homes, analyzing data from a 

single household in Beijing over one year. Due to the limited dataset, the generalizability of the findings 

may be restricted. Additionally, other machine learning techniques were excluded to maintain the study's 

scope. Future research could address these limitations by using larger, more diverse datasets and 

exploring advanced transformer-based architectures to provide broader insights. 

 

6. Conclusion 

This study has demonstrated the potential of deep learning techniques, specifically GRU, LSTM and 

BiGRU models, in predicting indoor air quality parameters within the context of home automation 

systems. Our comprehensive analysis across different rooms and air quality metrics (temperature, 

humidity, and air pressure) revealed that GRU models generally outperformed LSTM and BiGRU 

models in terms of overall performance. GRU models exhibited particularly strong results in temperature 

and air pressure predictions, achieving lower error rates across various evaluation metrics (MAE, MSE, 

RMSE). The BiGRU model, on the other hand, delivered average performance overall but excelled in 

air pressure predictions, with this success being especially notable in rooms such as the cloakroom and 

secondary bedroom. Meanwhile, the LSTM model, though less effective in handling complex data 

patterns, achieved better results in specific scenarios, such as in the kitchen. These findings suggest that 

different models may be more effective depending on the data structure of the room and the complexity 

of the parameter being predicted. 

This study observes interesting variations in prediction accuracy across different rooms. The results 

indicate that the occupancy frequency of rooms significantly impacts prediction model performance. 

Rooms with high occupancy frequencies, such as the living room and kitchen, tend to exhibit more stable 

environmental conditions, which typically results in lower MAE and RMSE values. These rooms are 

particularly where GRU and BiGRU models performed well in temperature predictions. On the other 

hand, rooms with lower occupancy frequencies, such as the secondary bedroom and home office, are 

areas with more variable and unpredictable environmental dynamics, making predictions more 

challenging and resulting in higher error rates. The secondary bedroom, for instance, showed the highest 

error values for relative humidity predictions, which could be attributed to the room’s lower occupancy 

frequency leading to more variable conditions. The cloakroom, with a relatively low occupancy 

frequency, demonstrated good performance in air pressure predictions but higher errors in relative 

humidity, indicating that lower occupancy may lead to less predictable environmental conditions. 

Despite having the lowest occupancy frequency, the home office displayed relatively balanced 

performance across parameters, suggesting that environmental conditions in this room may be more 

consistent. Overall, occupancy frequencies are a critical factor influencing the predictability of 

environmental variables and model performance, highlighting the importance of considering occupancy 

dynamics when evaluating model performance. 

The development and implementation of the Air-Smart Controller interface mark a significant step 

towards practical application of our research findings. This user-friendly interface allows residents to 

view air quality predictions and interact with their home automation systems, bridging the gap between 

advanced predictive models and everyday user experience. By enabling users to monitor predictions and 

adjust system settings, the Air-Smart Controller enhances the adaptability and user-centricity of smart 

home systems. This integration of predictive analytics with user control exemplifies the potential for 

machine learning to enhance living environments while maintaining user autonomy and comfort.  

While our study provides valuable insights, it also reveals areas for future research and development. 

The performance variations across rooms suggest that incorporating room-specific features or 

developing tailored models for different spaces could further improve prediction accuracy.  

Additionally, exploring hybrid models that leverage the strengths of both GRU, LSTM and BiGRU 

architectures could yield even more robust predictive systems. Lastly, long-term studies on the real-

world impact of these predictive systems on energy efficiency, occupant comfort, and overall air quality 

management would be invaluable in quantifying the practical benefits of this approach. As we continue 
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to refine these technologies, the ultimate goal remains to create smarter, more responsive living 

environments that prioritize both human comfort and environmental sustainability. 
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