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Abstract

Monitoring and predicting indoor PMj; 5 levels is critical
for ensuring healthy indoor environments. However, the
integration of real-time data acquisition and instant PM 5
forecasting within digital twin systems remains underde-
veloped in practical applications. This study presents a
CNN-BiLSTM hybrid model for forecasting indoor PM; 5
concentrations over a 72-hour horizon. In a real-world
case study, the model achieved a root mean square er-
ror (RMSE) of 4.884 pg/m? and a Mean Absolute Error
(MAE) of 4.092 ug/m3. The integration of the model
into a digital twin platform demonstrates its potential to
enhance indoor air quality management through real-time,
data-driven interventions.

Introduction

Indoor air quality monitoring and prediction have become
increasingly critical as people reportedly spend 80% to
90% of their time indoors (Cai et al., 2023). PM; 5 refers to
fine particulate matter with a diameter of less than 2.5 mi-
crometers, which is small enough to penetrate deep into the
respiratory system and even enter the bloodstream. Pro-
longed exposure to these particles has been linked to a
range of serious health issues, including respiratory con-
ditions such as asthma and chronic bronchitis, as well as
cardiovascular diseases such as heart attacks and strokes.
These health risks make PM, 5 a critical concern for air
quality management and public health initiatives (Fara-
hat, 2016). However, indoor PM, 5 concentrations are in-
fluenced by multiple factors, including outdoor pollution
levels, ventilation systems, and human activities (Syafei
and Kurnianto, 2023). Accurately forecasting PM; 5 re-
quires capturing several interacting and time-varying fac-
tors, such as pollutant sources, ventilation dynamics, and
human activities.

Machine learning techniques, including support vector
machines (SVMs), random forests (RF), and artificial neu-
ral networks (ANNs) have been widely used in both out-
door and indoor air quality prediction (Dong et al., 2016;
Shi et al., 2023; Xu et al., 2020). Convolutional Neural
Networks (CNNs) and Long Short-Term Memory (LSTM)
networks are also widely used in PM; 5 prediction. CNNs
excel at capturing spatial dependencies in time series data,
while LSTM networks are adept at learning temporal dy-

namics (Putri et al., 2024). Bidirectional LSTM (BiL-
STM) networks further enhance this capability by learning
from past and future data points in a sequence (Sutskever
et al., 2014). These advances in predictive modeling cre-
ate opportunities to forecast indoor PM; 5 and improve in-
door environmental quality. However, as recommended
by the U.S. Environmental Protection Agency (EPA), the
Air Quality Index (AQI) for PM, 5 is calculated based on
a 24-hour average due to the long-term health risks posed
by continuous exposure to PMj; s in the environment (U.S.
Environmental Protection Agency, 2021). To this end, a
long-term PM; 5 prediction model, based on hourly re-
ported PM; s data, is necessary to capture AQI changes
in the near future.

A Digital Twin is a virtual representation of physical en-
vironments that continuously updates with real-time data.
It enables the analysis of current conditions, forecasting of
future changes, and visualization of data in an accessible
and interactive format. By providing actionable insights,
a Digital Twin supports informed decision-making aimed
at optimizing and improving the associated physical envi-
ronments (Kanna et al., 2022). By integrating the PM, 5
prediction model, which forecasts indoor air quality based
on various environmental factors, the Digital Twin lever-
ages real-time and historical datasets collected through IoT
sensing platforms. This combination provides the poten-
tial to enhance the system’s ability to monitor, analyze, and
predict indoor air quality trends effectively (Opoku et al.,
2024). Coupled with advanced visualization tools, these
predictions can be presented in an intuitive and interactive
manner, allowing occupants and decision-makers to easily
interpret data and make informed decisions to enhance in-
door air quality and occupant well-being (Gunatilaka et al.,
2022).

This study develops a predictive model for indoor PM, 5
concentrations using a hybrid CNN-BiLSTM architecture.
Building on the Digital Twin platform previously proposed
by the authors (Zheng et al., 2025), the integration of this
model enhances the system’s capabilities for dynamic and
reliable indoor air quality monitoring and control. By in-
corporating multiple data streams, such as temperature,
humidity, and outdoor PM, 5 levels, the hybrid predictive
framework delivers accurate 72-hour forecasts of indoor
PM, 5 concentrations, offering a robust tool for proactive



air quality management.

Related Work
Indoor PM,; 5 Prediction

Indoor air quality (IAQ) management has garnered in-
creasing attention in the post-pandemic era, with PM; 5
being one of the most critical indoor pollutants. Various
machine learning models have demonstrated their effec-
tiveness in predicting indoor PM, s levels, as shown in Ta-
ble 1.

Table 1: Performance of Different Prediction Models for Indoor
PM, 5 Concentrations

Forc?cast Models Best performing
Source horizon . . .
investigated model*
(steps)
(Heetal,, 1(lstep=5 Ié?\IjI“\IIYILg’lISI\[/IJ, RMSE =3.118
2025) min) BiLSTM* MAPE = 0.086
LSTM with — \iop _0.152
(Leeand 1 (1 step =2 Self-Attention,
. . . MAE = 0.224
Zhang, 2025) min) Bi-LSTM with
. RMSE =0.389
Self-Attention*
(Minassian 12 (1 step = CNN, LSTM, _
et al., 2025) 1 hour) CNN-LSTM* MAPE =0.0114
DNN, LSTM,
(Long et al., 24 (1 step = GRU, MSE =0.017
2023) 1 hour) Transformer, MAE =0.023
Informer*

However, previous studies primarily emphasize model ac-
curacy while lacking meaningful predictions that reflect air
quality trends and provide actionable guidance for users.
To the best of the authors’ knowledge, a long-term indoor
PM,; 5 prediction model (i.e., 72-hour forecast horizon) has
not been evaluated using real-time datasets.

Digital Twin for Indoor Air Quality

Digital Twins are gaining emerging attention for indoor en-
vironmental quality (IEQ) management, offering signifi-
cant potential to improve indoor air quality (IAQ) through
the integration of advanced technologies, including the In-
ternet of Things (IoT), platform services, data mining, and
Building Information Modeling (BIM) (Garcia de Soto
et al., 2023). In particular, the proliferation of low-cost air
quality sensors and off-the-shelf commercial devices has
facilitated the monitoring and analysis of IAQ within [oT
platforms. These platforms, in turn, target key pollutants
highlighted in the World Health Organization (WHO) IAQ
guidelines, such as particulate matter (PM; 5, PMyg), CO,
and others (Dai et al., 2023). Consequently, Digital Twin
platforms can provide actionable guidance to occupants
with data insights and intuitive visualization, helping them
make informed decisions about their environment (Govin-
dasamy et al., 2021). Altogether, this synergy enables
advanced visualization, analysis, and decision-making for
IAQ management (Opoku et al., 2024). This is particularly
important since air quality issues, such as elevated PM; 5

levels, are often imperceptible to human senses. For exam-
ple, Hu et al. developed a Digital Twin-based platform for
predictive IAQ maintenance that combines supervised and
unsupervised learning models (Hu et al., 2023). Nonethe-
less, this model exhibits limitations in scalability across
diverse indoor settings and lacks flexibility for applying to
other air quality criteria due to the annotation of data.

While digital twin technology presents significant promise
for IAQ prediction and management, models that generate
actionable and intuitive insights on indoor air pollutants re-
main underexplored.. Additionally, the integration of real-
time data acquisition and instant prediction within digital
twin systems requires further proof-of-concept validation
in real-world projects.

A Long-Term Forecasting Model for Indoor
PM,; 5

The proposed model integrates the machine learning archi-
tectures of CNN and BiLSTM to generate 72-hour fore-
casts of PM» 5 concentrations. Unlike single-step mod-
els, which predict only the next immediate value in a se-
quence, this model is designed for multi-step forecasting.
This means that the model predicts a sequence of future
values—in this case, the indoor PM; 5 concentrations. Af-
ter processing through the BiLSTM layers, the data is fed
into a Dense layer with the number of neurons equal to
the forecast horizon (in this case, 72 hours). The over-
all workflow is illustrated in Figure 1. It consists of two
main components: data pre-processing and the ML work-
flow. The data pre-processing stage includes Data Merg-
ing, Data Cleaning, Train-Test Splitting, and Scaling.
The ML workflow comprises the CNN-BiLSTM Archi-
tecture, Training, Validation, and Evaluation.
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Figure 1: CNN-BiLSTM Training and Forecasting Pipeline



Data Pre-processing
Data Merging

During data pre-processing, critical parameters related to
PM, 5 are selected from the database and merged based on
their timestamps. Indoor PM,, 5 levels and the correspond-
ing environmental conditions (indoor PM; 5, temperature,
and humidity and outdoor PM3 5) are to be investigated in
this study. The merging process uses an inner join, en-
suring that only records with matching timestamps in both
datasets are included.

Data Cleaning (IQR-Based Outlier Removal)

An Interquartile Range (IQR) clipping method is used to
exclude the outliers. The lower and upper bounds are de-
fined in Equation (1a) and (1b).

LowerBound = Q; — 1.5 X IQR, (1a)
UpperBound = Q3 + 1.5 X IQR, (1b)
IQR=03-0 (le)

where Q; and Q3 are the 25th and 75th percentiles of a
feature, respectively.

Train—Test Split

After removing outliers, the data were split chronologi-
cally into training (first 70 %), validation (next 15 %), and
test (final 15 %) sets. Preserving temporal order prevents
the leakage of future information into the model during
training and reflects real-world conditions, where models
are trained on historical data and evaluated on previously
unseen future observations.

Scaling

To prepare the data for model training, the features in the
merged (and cleaned) dataset were normalized using the
MinMaxScaler from the sklearn library. Scaling en-
sures that features are within a consistent range, typically
between 0 and 1. This normalization process aids in faster
model convergence during training and prevents features
with larger numerical ranges from dominating the learn-
ing process.

ML Workflow
CNN-BILSTM Structure

CNN Component. The CNN component applies two se-
quential 1-D convolutional layers—first with 32 filters,
then with 64 filters (both kernel size = 2)—to the multivari-
ate input sequence (indoor PM; s, temperature, humidity,
outdoor PMy 5), as shown in Figure 2 . Each convolution
scans along the temporal axis to detect localized patterns.
The output of the second convolution is then fed into a
MaxPooling1D layer, which halves the sequence length,
emphasizes the strongest activations, and reduces compu-
tational complexity.

BiLSTM Component. BiLSTM networks are the core of
the model’s ability to capture temporal dependencies in
the data. Figure 3 shows a diagram of a BiLSTM net-
work, illustrating the bidirectional flow of information,
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Figure 2: 1-D convolution and max-pooling workflow

which enables the model to capture dependencies from
both past and future time steps in sequential data. Inputs
(X;—1,X;,...,Xr) are sequential data points representing
consecutive time steps. The forward LSTM processes data
from past to future, and the backward LSTM from future to
past, integrating context from both directions at each time

step.
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Figure 3: Architecture of the Bidirectional LSTM

Model Integration and Multi-Step Forecasting. Fig-
ure 4 illustrates the architecture of the hybrid CNN-
BiLSTM model used for 72-hour indoor PM; 5 forecast-
ing. The input consists of a sequence of 48 time steps, each
with four features: indoor PM, 5, outdoor PM; 5, humid-
ity, and temperature. The model first applies two sequen-
tial 1D convolutional layers (with 32 and 64 filters, respec-
tively) to extract short-term spatial features, followed by
max pooling to reduce dimensionality. The resulting rep-
resentation is passed through three stacked bidirectional
LSTM layers with decreasing hidden units (256, 128, and
64), allowing the model to capture complex temporal de-
pendencies at multiple levels of abstraction. This progres-
sive reduction in the number of neurons serves as a form of
compression, helping to mitigate overfitting while focus-
ing the network’s capacity on the most relevant patterns.
The final dense layers (with 128 and 72 units) map the
learned features to a 72-dimensional output, correspond-
ing to the predicted PM; 5 values for each hour of the next
three days.

Training and Validation

The proposed CNN-BiLSTM model is trained using the
Adam optimizer. Hyperparameters such as the learning
rate, epochs, and dropout rate are automatically tuned via
Bayesian optimization, allowing the model to converge ef-
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Figure 4: Architecture of the hybrid CNN-BiLSTM model for
72-hour indoor PM, 5 forecasting

ficiently. The dataset is split chronologically, using 70%
of the data for training while reserving 15% for validation
and 15% for final testing.
Model performance is reported primarily via mean squared
error (MSE) and mean absolute error (MAE), defined in
Equations (2) and (3). During training, the model’s perfor-
mance is continuously monitored on the validation set, us-
ing MSE to guide hyperparameter updates and early stop-
ping. Once the best hyperparameters are found, we retrain
the model on the combined training and validation data
and then evaluate it on the final 15% test set.

MSE = lZ(yz'—)?i)za @)

i=1

| & A
MAE = o Y lyi—il 3)
i=1

We also apply 5-fold cross-validation to assess the model’s
generalization capabilities. In 5-fold cross-validation, the
training data is divided into five subsets (folds).

Evaluation

After training and validation, the model undergoes a sep-
arate evaluation on the final 15% of unseen test data. This
stage, distinct from validation, focuses on benchmarking
by calculating root mean squared error (RMSE) alongside
MAE. The RMSE is defined in Equation (4):

RMSE = (i —9i)?, “4)

-

S| =

i=1

Bayesian Optimization Setup. For each candidate set of
hyperparameters, we train the CNN-BiLSTM model and
evaluate it on the validation set. The Bayesian optimiza-
tion algorithm seeks to minimize the validation MSE (or
RMSE) as the objective function. Table 2 summarizes
the primary hyperparameters and their respective search
ranges.

At each iteration, the Bayesian optimizer selects a new
point in the hyperparameter space based on the results of
previous trials, thereby refining its understanding of how
these parameters influence validation performance. This
guided search often converges faster to an optimal or near-
optimal combination of learning rate, batch size, number
of epochs, and dropout rate than a traditional grid search.

Table 2: Hyperparameter search space for Bayesian
optimization

Hyperparameter Range / Values

Learning Rate Continuous in [1e-4, le-2]

Batch Size Discrete in 16, 32, 64, 128

Number of Epochs Discrete in 10, 20, 30, 40, 50

Dropout Rate Continuous in [0.0, 0.5]
Case Study

Prototype Framework of Digital Twin Integrated with
CNN-BIiLSTM

The proposed CNN-BiLSTM model is tested for indoor
PM,; 5 prediction, emphasizing its integration into a digital
twin application to ensure a healthy indoor environment.
The digital twin platform structure, illustrated in Figure
5, includes data acquisition (indoor and outdoor environ-
mental parameters), correlation analysis and variable
selection, model training and evaluation, visualization,
and informed decision-making. Within the digital twin
framework, once the CNN-BiLSTM model is trained, it is
deployed on the server as an inference model to forecast
the future 72 hours PM; 5 based on real-time readings.

Data Acquisition

In this study, data were collected using an IoT-based mon-
itoring system. Indoor measurements were obtained from
Sensirion S55 and BME280 sensors, each integrated with
an ESP-WROOM-32 module for wireless data transmis-
sion to a local database via Wi-Fi. The sensors were put to-
gether by the authors and deployed in the S.M.A.R.T. Con-
struction Research Group at NYU Abu Dhabi, serving as
a testbed. The monitored space is located in the basement
of the building and covers approximately 80 square me-
ters. Ventilation is provided by a combination of fresh air
units and a centralized HVAC system. The average read-
ings from all sensors are used to represent the overall in-
door air quality in the office. The layout of the room and
the instrumentation of the indoor sensors are shown in Fig-
ure 6.

Outdoor PM, 5 data were obtained from an IQAir AirVi-
sual Outdoor monitoring sensor, accessed via an API pro-
vided by NYUAD’s Center for Interacting Urban Networks
(CITIES). The API is queried hourly, and the retrieved
data are stored in a local database.

These datasets provide a robust foundation for the predic-
tive modeling presented in this study and support further
analysis of the relationship between indoor and outdoor
air quality. The correlation between indoor and outdoor
PM; 5 concentrations is examined in the following section.

Correlation Analysis and Variable Selection

Hourly data were selected from the Digital Twin database,
which has monitored the indoor environment since April
25, 2024. For this study, data collected up to January
18, 2025, were used. A total of 7,542 data rows of in-
door PM, 5, temperature, humidity, and outdoor PM, 5
were obtained after merging and filtering. The selection
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of variables for this study was guided by their correlations
with indoor PM; 5 levels, as shown in Figure 7. The cor-
relation matrix reveals that outdoor PM; 5 concentrations
and indoor humidity have moderate to weak positive cor-
relations with indoor PM; 5, with correlation coefficients
of 0.49 and 0.41, respectively. These relationships are
plausible, as outdoor PM; 5 could infiltrate indoor spaces
through ventilation or leaks, while higher humidity levels
may promote the hygroscopic growth of particulate matter,
increasing both their size and concentration. It highlights
the influence of outdoor air quality and indoor humidity on
the indoor PM; 5 level.

On the other hand, indoor temperature shows a negative
correlation with indoor PM,; 5 (correlation coefficient of -
0.44). This inverse relationship may arise because higher
indoor temperatures are often associated with more active
ventilation, which improves air filtration, thereby reduc-
ing PM; 5 levels. As a result, indoor temperature is also
included in the predictive model due to its indirect but sig-
nificant role in influencing indoor air quality, particularly
through its interaction with ventilation systems.

Model Evaluation
Hyperparameter Evaluation

The CNN-BiLSTM hybrid model was developed with Ten-
sorflow and the results are evaluated using RMSE and
MAE metrics for a 72-hour forecast horizon. Figure 8

Correlation Matrix for All Variables
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Figure 7: Correlation matrix showing the relationships among
indoor PM, s, indoor humidity, indoor temperature, and
outdoor PM s

shows how RMSE varies with batch size and look-back
windows. The look-back values tested were 24, 48, 72,
120, and 240 hours, while batch sizes of 2, 16, 32, 64,
and 128 were examined. Results indicate that medium
look-back windows (48 and 72 hours) generally yield lower
RMSE, particularly when combined with smaller batch
sizes. However, RMSE tends to increase when the batch
size exceeds 32. The optimal configuration for the dataset
used was a look-back window of 48 hours and a batch size
of 32.

Actual vs. Predicted PM, 5 Concentrations

The selected CNN-BiLSTM model achieved a RMSE of
4.884 ug/m? and a MAE of 4.092 pg/m?>. These metrics
indicate the model’s strong predictive capability in esti-
mating indoor PM; 5 concentrations over a multi-step fore-
cast horizon. Figure 9 shows a scatter plot of actual versus
predicted indoor PM, 5 concentrations. The diagonal line
represents an ideal scenario where predictions match ac-
tual values perfectly. The clustering of data points around
this line indicates a strong correlation.

Figure 10 presents the distribution of prediction errors,
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showing that most errors are near zero, indicating accurate
predictions.

Distribution of Prediction Errors (Indoor PM2.5)

40000

Table 3: Performance Comparison of Deep Learning Models
for PM5 5 72-hour Prediction

Model RMSE MAE
RNN 6.774 5.596
LSTM 7.900 6.067
Single Dense LSTM 8.409 6.667
Multi Dense LSTM 10.927 8.836
Convolutional LSTM 6.291 5.110
CNN-BIiLSTM 4.884 4.092

a web-based monitoring application (Digital-Twin Dash-
board) (Castafio Molina et al., 2025).

As recommended by the U.S. Environmental Protection
Agency (EPA), the Air Quality Index (AQI) for PM; s is
calculated based on a 24-hour average. The 24-hour aver-
age PM; 5 concentration and the corresponding AQI scale
is shown in Table 4.

Table 4: EPA AQI Guidelines and Corresponding
Recommendations for 24-Hour PM; 5 Averages
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Figure 10: Distribution of Prediction Errors

Comparison with Other Models

To contextualize the performance of the proposed CNN-
BiLSTM model, we compared it with other models pre-
viously used for forecasting indoor PM; 5 concentrations,
focusing specifically on those evaluated over similar fore-
cast horizons. The results of this comparison are sum-
marized in Table 3. The proposed CNN-BiLSTM model
outperforms all other models considered, including RNN,
LSTM, and various configurations of Dense LSTM and
Convolutional LSTM.

Visualization

The 72-hour PM, 5 forecasting model was deployed in
our digital-twin platform, and the results are visualized in

24-hour
PM. 5 USA .
Average AQI Recommendation
Value
(ug/m)
Good Air quality is satisfactory,
Low (0-9) (0-50) no action is needed.
Air quality is acceptable.
However, there may be
I\g/l(idgrsaz: Né(;df;l;l(;e a risk for some sensitive
©-1-354) (51-100) groups. Higher ventila-
tion is recommended.
Unl;ealthy General groups may face
High or risks.  Masks are rec-
Sensitive ..
(35.5- Groups ommended for sensitive
55.4) groups. Air purifiers
(101- should be turned on
150) ’
Masks are recommended
Very High Unhealthy for all groups. Air puri-
(>55.5) (>151) fiers should be turned on

at the highest rate.

The forecasting model is scheduled to run at 12 am every
day to provide a three-day PM> 5 (and corresponding AQI)
prediction alongside the outdoor AQI for comparison, as
shown in Figure 11.

Informed Decision-Making

The digital twin platform provides occupants and decision-
makers with real-time information on PM; 5 concentra-
tions, along with forecasted values, to support informed
decision-making. For instance, when forecasts indicate
Moderate Level (9.1-35.4 ug/m3, AQI 51-100), facility
managers can proactively adjust ventilation systems to in-
crease airflow or inspect filtration systems as a preventive
measure to mitigate indoor air pollution. In office environ-
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Figure 11: Web-based Implementation for the Air Quality
Forecast Dashboard (Castarnio Molina et al., 2025)

ments, occupants who are particularly sensitive to air qual-
ity can be notified in advance, enabling them to take per-
sonal precautions, such as wearing masks, using personal
air purifiers, or opting to work remotely during periods of
anticipated high PM; 5 levels. The capacity to implement
such proactive measures helps ensure a healthy indoor en-
vironment for all occupants. This is especially critical in
buildings where PMj; 5 concentrations may fluctuate due
to inadequate air circulation or inconsistent facility main-
tenance.

This predictive and integrated approach not only enhances
occupant health and comfort but also contributes to greater
operational efficiency. The extended 72-hour forecasting
horizon provides facility managers with a forward-looking
window to implement preventive measures and optimize
building operations, enabling proactive maintenance of a
healthy indoor environment based on predicted PM; s con-
centrations or corresponding AQI levels.

Limitations and Future Work

Figure 12 presents the confusion matrix for the 72-hour
forecasts against the observed indoor PM; 5 levels in the
test set. The model correctly classifies 55 314 of the 58 677
“Good” readings and 7 669 of the 21 387 “Moderate” read-
ings, while misclassifying 3363 “Good” as “Moderate”
and 13718 “Moderate” as “Good.” No samples occur
in the “Unhealthy for Sensitive Groups” (101-150 AQI)
or “Unhealthy” (>150 AQI) categories, so the model’s
ability to predict those higher-risk regimes cannot be as-
sessed. This absence of high-concentration examples lim-
its evaluation under rare but critical events (e.g., cooking
peaks, outdoor infiltration). Future work should explore
data-enrichment strategies, such as targeted sampling dur-
ing pollution episodes, incorporating measurements from
adjacent naturally ventilated spaces, or leveraging transfer
learning, to bolster performance in those underrepresented
AQI bands.

In addition, even within the Good and Moderate ranges,
false positives or missed alarms may occur if unmodeled
factors (e.g., occupant behaviors, HVAC system changes)
shift conditions outside the training distribution. Incorpo-
rating additional sensors, building layout information, or
seasonal variables could further enhance the model’s ro-
bustness. Periodic retraining, via online learning or sched-
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Figure 12: Confusion matrix (EPA AQI categories) for all
72-hour predictions.

uled updates, would allow the model to adapt to evolving
building usage patterns as captured by the digital twin.

Conclusion

This study presents a CNN-BiLSTM hybrid model for 72-
hour indoor PMj; 5 forecasting, designed for integration
with a digital twin platform. The model utilizes real-time
sensor data, including indoor PMj; s, temperature, humid-
ity, and outdoor PM; 5, which are preprocessed to exclude
outliers. The combination of CNN layers for spatial fea-
ture extraction, and Bidirectional LSTM layers for tem-
poral pattern recognition enables robust long-term fore-
casting. The best-performing model achieved strong re-
sults, with a RMSE of 4.884 p1g/m?* and a MAE of 4.092
pg/m?3, demonstrating improvements over existing deep
learning approaches.

The significance of this research lies in its integration of
IoT sensing, predictive modeling, and digital twin tech-
nologies. It advances the digital twin from a passive mon-
itoring tool to a responsive, data-driven system capable of
anticipating and reacting to real-world conditions. The de-
ployment of the predictive model within a live-reporting
web-based application further demonstrates its practical
utility, with the potential to enhance indoor environmental
quality and promote sustainable building operations.
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