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Abstract. Understanding air quality data is important for many environmental and
climatic applications that are crucial to our daily life. It is often challenging to
handle these 3D datasets due to their large number of time steps and multiple in-
teractional chemicals. In this paper, we design and generate knowledge templates
for visually analyzing multi-field, time-varying 3D air quality data. Specifically,
we design a set of multi-level knowledge templates to capture important statistical
data properties based on the distribution features of air quality data. We develop
a fast template synthesis method to generate suitable templates according to user
intentions. We have also developed an integrated visualization system for visually
comparing multiple templates and volume datasets. Our approach can automati-
cally synthesize suitable knowledge templates to assist the visualization and anal-
ysis tasks of multiple related datasets. The experimental results demonstrate that
appropriate knowledge templates can significantly improve the exploration and
analysis processes of air quality data by encapsulating long-time range knowledge
into understandable visual formats.
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1 Introduction

Air quality data are important for many environmental and climatic applications that
are crucial to our daily life. They can be used to study multiple air quality issues,
including tropospheric ozone, fine particles, toxics, acid deposition, and visibility
degradation. Many of the air quality data are multi-field time-varying datasets and
they are generally composed of a large number of time steps and hundreds of vari-
ables. Although both multi-field visualization and time-varying visualization have
attracted much attention from visualization researchers, it is very challenging to ef-
fectively visualize these year-long air quality data and develop a convenient analysis
system for scientists to use.

In this paper, we concentrate on providing a visual analysis solution for 3D air
quality data. Our data are generated from the community multi-scale air quality
(CMAQ) [1] and the sparse matrix operator kernel emissions (SMOKE) [2] model-
ing systems. SMOKE is also one input source of the CMAQ system, which simu-
lates various chemical and physical processes that are important for understanding
atmospheric transformations and distributions. One important challenge for analyz-
ing these air quality data is the large number of involved datasets, since both mod-
eling systems can produce data at the rate of an hour for years. Additionally, at each
time step, there are hundreds of chemicals that may interact with each other. The
total number of involved datasets can be easily over one million, which requires a
significant amount of user effort to understand them. It is obviously too time con-
suming to ask scientists to visualize each time step and chemical respectively for
such a large number of datasets.

Therefore, we have developed a statistical visualization approach to assist sci-
entists in analyzing a large number of related datasets. Our main motivation comes
from the statistical properties of air quality datasets that change over time, which are
common among many environmental data and scientific simulations. First, most air
quality data have similar appearances, which make it especially challenging to com-
pare datasets from different time steps or chemical variables. Second, major data
properties change very slowly over time except under abnormal conditions, in the
sense that data at the same time of different years are expected to be similar. Accord-
ing to these two data properties, we can use accumulated knowledge from historical
datasets to explore general data features and predict future events. Similar things
happen in weather forecasting, in which record high, record low, average high, and
average low are used to provide a general knowledge about the temperature and
precipitation around a certain time period. Therefore, suitable visualizations that
combine information collected from multiple relevant datasets can greatly improve
the data analysis process of air quality studies.

In this paper, we present a method to visualize multi-field, time-varying air qual-
ity datasets through designing and generating knowledge templates that can capture
statistical arithmetic and geometric distributions of multiple datasets. Specifically,
We generate multi-level templates with different level-of-detail to effectively vi-
sualize statistical information at appropriate levels for visual analysis tasks. We de-
velop a user-guided template generation method to synthesize appropriate templates
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according to regions-of-interests during user interactions. We have also integrated
a multiple template synthesis method for visually analyzing volume datasets using
various knowledge templates. We have received positive feedback from our collab-
orators on using knowledge templates to improve the data comparison and analysis
processes in their air quality studies.

The remainder of the paper is organized as follows: we first summarize previous
work related to the topic of multi-field time-varying air quality data visualization
in Section 2. Section 3 describes the generation method of knowledge templates
with different level-of-details. Section 4 presents an automatic template synthesis
approach to generate appropriate templates according to user selections. In Section
5, we describe our integrated system for exploring and analyzing 3D air quality data.
We conclude and discuss the future work in Section 6.

2 Related Work

2.1 Time-Varying Data Visualization

Time-varying data visualization is a challenging topic because of the large data vol-
ume. Many approaches have been explored to improve the efficiency of rendering
algorithms, such as fast data compression [15] and hardware-accelerated render-
ing [10]. Most relevant work to this paper are data comparison and composition
approaches. For example, Verma and Pang [17] proposed comparative visualiza-
tion tools for analyzing vector datasets based on streamlines. Woodring et al. [22]
composed visualizations for providing contextual cues to compare multi-variate,
time-varying datasets. The main difference of this paper from previous work is that
we design knowledge templates for representing statistical data distributions from a
large number of related datasets.

2.2 Multivariate Visualization

In multivariate information visualization, many methods have been explored to vi-
sualize data in reduced dimensions to improve the understanding of users. For ex-
ample, Guo et al. [8] integrated computational, visual, and cartographic methods to
develop a geo-visual analytic approach for exploring and understanding multivari-
ate patterns. Weimer et al. [18] developed a co-triangulation method that represented
dependent data from multiple sets of scattered data. Wilkinson et al. [19] proposed
statistical measures for discovering outliner patterns with multivariate displays.

2.3 Knowledge Visualization

The term “knowledge visualization”[5, 6, 24] is gaining more attention among visu-
alization researchers. For example, Chen and Hsieh [6] presented a generic method
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to visualize citation information. Burkhard [5] introduced a mediating framework
that brought together isolated research directions and defined the new research focus
knowledge visualization. There are also works that combine the topic of knowledge
visualization with a specific application. The interdisciplinary approach presented
in [11] discussed the benefit of collecting the input data and aggregating over very
large data sets. Wong et al. [20] introduced an interactive graph generator, GreenS-
ketch, to facilitate the creation of descriptive graphs required for different visual
analytics tasks.

2.4 Environmental Visualization

Many visualization approaches have been proposed to explore environmental
datasets. For example, Wood et al. [21] explored modular visualization environ-
ments over the World Wide Web that could monitor multiple gases and pollution
sources. Treinish [16] employed critical point analysis and simple band pass filtering
of wind fields for streamline calculations and an encapsulation of nested computa-
tional meshes for general visualization. Riley et al. [13] developed a multi-field visu-
alization that used physically-based calculations for accurate weather visualization.
Yuan et al. [23] presented a high dynamic range volume visualization method for
data with both high spatial and intensity resolutions. Song et al. [14] developed an
integrated atmospheric visual analysis and exploration system for interactive analy-
sis of weather datasets. Qu et al. [12] presented an information visualization method
to analyze air pollution problems in Hong Kong. In this paper, we concentrate on
3D statistical visual analysis approaches for air quality datasets.

3 Multi-Level Knowledge Templates

To overcome the data analysis and visualization difficulties caused by a large num-
ber of datasets, we design sets of knowledge templates that can incorporate sta-
tistical information of air quality data in interactive visualization processes. The
statistical data distributions are crucial for analyzing air quality data, since all the
datasets from different time steps and chemical variables share similar appearances.
In air quality studies, data relations and distributions play important roles as well as
the 3D data structures of single datasets. Our knowledge templates are designed spe-
cially for capturing data distributions among such a large number of related datasets.

Our design principle of knowledge templates is to synthesize relevant informa-
tion with appropriate level-of-details for effective visual analysis and comparisons.
We believe that it is essential to combine information from multiple sources for
analyzing a large number of air quality data, since it is too tedious for users to visu-
alize every dataset and visually compare all of them. We use knowledge templates
as effective visual formats of statistical measurements with additional information
of 3D object structures. The knowledge templates will be further used as general
knowledge of historical air quality data that allows users to visually analyze 3D
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Spring Summer Autumn Winter

Fig. 1 Sample volume renderings of air quality datasets show very similar structures. The
images from top to bottom are from morning, noon, and night respectively. Generally, each
data is similar in terms of chemical shapes. In each day, the density is low around noon and
high in the morning and night. Throughout a year, the density is generally high in Summer
and Autumn and low in Spring and Winter.

data distribution and discover abnormal cases. We designed several data composi-
tion and simplification methods to generate knowledge templates for representing
various statistical data properties. We also designed knowledge templates with dif-
ferent levels-of-details so that visualizations with appropriate amount of information
can be further generated for visual comparison and analysis tasks.

3.1 Data Processing

We first explore sample air quality datasets with a single data visualization method,
as shown in Figure 1. First, all these datasets have very similar appearances, which
make it especially challenging to compare all of them, and their heights play an
important role in the data analysis process. Second, we can see two strong distribu-
tion trends: noon datasets generally have lower chemical levels than morning and
night and chemicals are generally sparse in spring and winter while dense in sum-
mer and autumn. Our knowledge templates are designed based upon these two data
features.
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Since the original format of air quality data (IO-API [3]) is not convenient for in-
teractive visualization, we convert and organize all the datasets as regular structured
volume data indexed by time and chemical variables. The original datasets include
layers at multiple pressure levels, which start from 1000hPa and gradually drop to
100hPa. We use the standard atmosphere table [4] to calculate the actual height for
each layer and generate regular volume datasets by linearly interpolating between
adjacent layers. We also change all the data values using a log function to enlarge
the data variances for clearer chemical structures. Finally, we normalize all the data
values to the same 0-1 range for all the chemicals and time steps so that we can
measure their statistical information and relations accurately.

Since knowledge templates are designed to represent “typical” data distributions,
it is ideal to reduce the effect of abnormal datasets, such as hurricanes, in our tem-
plates. According to the distribution features of air quality data, we use the majority
rule to filter out datasets that are significantly different from the average data behav-
iors across a long time range. A simple threshold is set to remove all these datasets
and thereby removing rare cases in a long term.

3.2 2D Height Templates

We use 2D height templates to demonstrate the usage of general statistical knowl-
edge templates. According to regions-of-interest, we collect the highest and lowest
height values from all the datasets in a time range. We select one day as the tem-
plate size, since it can clearly show the periodic data distributions. For every hour,
we calculate the statistical information of heights, such as average, and generate
knowledge templates by connecting adjacent data points, as shown in Figure 2. To
effectively visualize statistical information, we render templates with two modes:
value mode and edge mode. The value mode is rendered by filling the space be-
tween highest and lowest values with polygons and the edge mode only renders the
top and bottom boundaries. Suitable modes are automatically selected for synthe-
sizing comprehensive knowledge templates (section 5) during user interactions.

3.3 3D General Templates

Scientists are especially interested in 3D data distributions, so that they can analyze
the intersection relationships among multiple chemicals across different time range.
We generate several types of 3D knowledge templates to represent various statis-
tical data distributions. To generate a 3D general template, we collect data values
from all the related datasets (including multiple time steps and chemicals) at each
sample point position and calculate their statistical values to compose a volumetric
dataset. We can also design time transfer functions that assigns a color to each time
step to compose volumetric color datasets. We have used several common statistical
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(a)

(b)

(c) (d)

Fig. 2 The value mode (a) and edge mode (b) of 2D templates. The bottom row provides
examples of using 2D templates for analyzing air quality data, in which the white line renders
special data. Abnormal datasets can be easily recognized (d) compared to the normal cases
(c). The background templates are automatically adjusted according to the regions-of-interest.

measurements, as shown in Figures 3, 4 and 5. The four templates in Figure 4
and the first two templates in Figure 5 are self-explanatory by their names. The
frequency template measures the appearance number of selected objects and time
template is composed by assigning colors according to the sequence of time steps.
We can use data and time colorbars to represent all the general templates as color
volumes, which require more effective ways to visualize their 3D data distributions.
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Fig. 3 Examples of 3D general knowledge templates: the mode and variance of NH3 in June.
The same color transfer function is used for showing data values in the templates.

Fig. 4 Several examples of 3D representative templates: mean, median, mode, variance. With
the colorbar shown on the bottom, we can directly visualize 3D statistical data distributions
among a large number of datasets.
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3.4 3D Representative Templates

To effectively visualize 3D general templates and combine datasets and templates
for visual analytics tasks (section 5), we generate 3D representative templates to
preserve important information in a general template and reduce the occupied 3D
space, similar to the edge mode of 2D templates. This allows us to visualize statisti-
cal data information from more time or data ranges, with the cost of reduced details
in the templates.

Since we concentrate on 3D structures of air quality data, we design represen-
tative templates as the composition of several important interval volumes [7] for
visualizing data distributions in the space. For the best effect, the interval volumes
should be equally spaced, so that they can cover most of the valid regions. We have
developed an automatic approach to choose sample data values according to a user-
specified size of interval volumes. The first data value is selected as the value that
appears the most frequently in a general template. We mark the selected interval
volume regions and expand them with a 3D region growing method. Then, we cal-
culate the next sample data value by averaging all the data points around the surface
of grown marks. We throw away the data values whose gradient magnitudes are
below a threshold (0.1) for enhancing prominent surfaces. This process is repeated
until most of the 3D space or valid data ranges are covered. The opacity values are
calculated according to the data values in general templates. As shown in Figures 4
and 5, representative templates occupy much less 3D space than general templates
and still demonstrate important data distributions.

3.5 3D Simplified Templates

We have also explored methods to simplify 3D knowledge templates to surfaces for
emphasizing particularly important surfaces in the data, e.g., the highest and lowest
height boundaries can be used to indicate normal 3D location range. The simplified
templates can clearly represent certain data values and locations, thus they are use-
ful for visualizing small and important regions that may be easily neglected in the
general and representative templates.

As shown in Figure 6, to strengthen small pieces of information, we generate
a complete surface that can embed accurate data points and have adjacent regions
connected. We find that these smooth surfaces can provide better visual cues than
simple points, especially when multiple types of templates exist at the same time in
a 3D space. We assign opacity values in the rendering to indicate the accuracy of
different surface regions.

After we collect all the information from relevant datasets according to regions-
of-interest, we use the following procedure to generate surface templates. For ex-
ample, a height table is first collected for generating the highest location surface.
We find the data values to be preserved by searching for the local extreme loca-
tions, which can be determined by locating points that have the maximum or mini-
mum values within a surrounding region, and store a flag table. Then, we generate
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Fig. 5 Several examples of 3D representative templates: height, correlation, frequency, and
time. With the colorbar shown on the bottom, we can directly visualize 3D statistical data
distributions among a large number of datasets.

a smooth surface, initialized around half of the highest local extreme height, by
smoothing the height table with a weighted Gaussian kernel.

T ′(x,y) = ∑
i, j

f lag(x,y)×Gaussian(i, j)×T(x,y) (1)

This can quickly generate smooth surfaces with dozens of iterations and preserve
the accurate data points well.

4 User-Guided Template Synthesis

While the 2D and 3D knowledge templates provide general statistical information
of multiple datasets, we are more interested in generating templates according to
the time and data ranges selected by users. The user-guided templates can pro-
vide more useful information for visually analyzing individual data features. For
example, users can choose a dataset, select their regions-of-interest, and it is ideal
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Fig. 6 Two surface templates generated with the smoothing method using local extreme tem-
plate values.

Fig. 7 (Top) Accumulated histogram and the division for basic templates, with a colored rect-
angle represents an interval volume. (Bottom) Enlarged region of histograms from different
time ranges are similar, therefore we can generate appropriate statistical information with
basic templates.

to generate templates around the selected data values within a close time range for
visualizing the specialty of this dataset comparing to general statistical information.

Since the generation of knowledge templates require us to go through all the
datasets within the range, it is not practical to generate templates during user in-
teraction. Instead, we carefully select basic templates based on valid data ranges.
During the interactive visualization process, the closest combination of basic tem-
plates will be accessed and composed to synthesize an appropriate template. This
allows users to select their interested data and time ranges freely.
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Fig. 8 The top row shows three basic frequency templates. The left image on the bottom row
is synthesized with the three basic templates. It is very close to the actual templates shown on
the bottom right.

This method relies on the similar data properties of individual air quality datasets.
As shown in Figure 7, the histograms generated with data value and gradient magni-
tude [9] from different time ranges, including a time step, a day, a week, a month, and
a year, are very similar to each other. Also, the objects our scientists mostly interested
in are surface structures, which can be represented as the sum of multiple interval
volumes. Therefore, we can synthesize new knowledge templates with basic ones.

During interaction, a general knowledge template is assembled with the basic tem-
plates according to the regions-of-interest a user selects. We first measure the overlap
degrees of each rectangle and regions-of-interest on the histogram. Then, we use the
overlap degrees as weights to summarize all the related interval volumes. Different
summation methods are used according to the meaning of templates, e.g., frequency
templates can be combined as weighted sum of basic templates. The template on the
bottom left of Figure 8 is calculated as 0.8T1 + T2 + 0.6T3, with T1, T 2, and T3
correspond to the three basic templates on the top. Generally, we generate knowledge
templates on the data value space and visualize them as color volumes.

The selection of time range is uniformly processed at three levels: bi-week,
month, and season. Since templates from smaller time range are generated with
less data, they are expected to include more subtle details than larger templates.
Figure 8 shows that the synthesized template is very close to the template calculated
according to the regions-of-interest.
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5 Integrated Visualization System

We have developed an integrated visualization system by incorporating specialized
visualization tools to effectively use knowledge templates to explore and analyze
air quality datasets. In the visualization process, knowledge templates can be vi-
sualized individually to represent general statistical information or combined with
single datasets for analysis purposes. We are especially interested in the latter, since
it is more effective to visualize and compare a large number of related datasets.
With various knowledge templates generated from previous sections, we develop
visualization tools to compose multiple relevant templates to provide comprehen-
sive information for users to understand and analyze individual datasets.

Our system allows users to interact with both 3D air quality datasets and knowl-
edge templates, including selecting regions-of-interest, adjusting level-of-details of
knowledge templates, and performing common 3D visualization interactions. Suit-
able knowledge templates are automatically synthesized according to user selections
during interactive visualization processes.

From our experience with knowledge templates, we find that it is very useful to
synthesize one comprehensive template from various information and provide con-
venient interaction methods for users to adjust it. The major difficulty is to reduce
the information amount to an appropriate level, so that the synthesized template
won’t produce over-crowded visualization. We control the composition process and
select level-of-details of templates to synthesis suitable comprehensive templates.

Two major factors, time range and template type, are involved of composition pa-
rameter selection for knowledge templates. The time range defines the size of time
window and only the datasets within the time window will be considered as relevant.
We use a value (0−1) to indicate user-desired time range, with 1 represents smallest
and closest time window. This value is used as weights to controls the interpolation
between our bi-weeks, month, and season templates. The importance values of tem-
plate types can be used to show their relevancy to the selected dataset and we use
one value for each template type. We provide an interface for users to select the
combination of knowledge templates and adjust their weights for composition.

We use the multiplication of time range indicator and template type importance
as the weight for each relevant template. This weight is further used to automatically
select level-of-details of templates, with larger weights correspond to more details
in the representative templates. The surface templates are generally selected for one
template type to emphasize important details and we let users to select surfaces
based on their tasks.

Figures 9 and 10 shows example usages of 3D templates. Figure 9 (top) is a
synthesized template from multiple basic templates. It can be used to measure the
3D height specialty of single datasets. Figure 9 (bottom) visualizes a NH3 chemi-
cal with the combination of average, variance, frequency, and height templates. The
dataset is highlighted as red and the templates are generated with the blue to green
colorbar for difference. It is clear that most of the red data portions are within normal
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Fig. 9 Usage of 3D templates for air quality studies. With the statistical information pro-
vided by knowledge templates, users can visually analyzing 3D data distribution features and
detecting interesting regions.
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Fig. 10 An example of detecting abnormal regions, such as the circled region (right).

distributions. Figure 10 shows a PAR chemical mixed with correlation (with NO2),
variance (PAR), and average (PAR). The red region above the surface indicates an
abnormal case and it can be picked out easily during visualization. These examples
demonstrate that the templates provide effective 3D statistical information that are
difficult to achieve with single data visualization methods.

For 2D cases, we convert a dataset to a point (or 24 datasets per day to a line) in
the same way as templates. Since 2D templates are rendered as transparent polygons
in a 3D space, we switch the distance of templates according to their time differences
to the selected time stamp to emphasize most relevant information. Figure 2 show
the usage 2D templates in analyzing air quality data.

During our studies, the most common interactions are to select template types
and adjust composition results, which can be achieved in real-time. The user-guided
template generation significantly shortens the required time and has been found to
be endurable (several seconds when users change regions-of-interest). The prepara-
tion of basic templates only need to run once before all the studies. The rendering
time of templates and combined templates and datasets are real-time. All the pro-
cessed datasets and templates are organized according to the information of year,
month, day, hour, and chemical type, which allow us to access any data combination
easily.
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6 Conclusions and Future Work

This paper presents an efficient data visualization and exploration method through
generating knowledge templates for 3D multi-field time-varying air quality data.
We design knowledge templates to capture statistical data distributions from a
large number of related datasets and use them in interactive visualization to save
numerous human efforts on visualizing and comparing multiple air quality datasets.
The usage of knowledge templates can accelerate the data analysis process and
provide useful comparison and overview capabilities to explore new datasets. Our
method integrates the special features of air quality data to develop a practical visu-
alization system for visual data analysis in environmental applications. The exper-
imental results demonstrate that appropriate knowledge templates can significantly
improve the exploration and and analysis processes of air quality data by encapsu-
lating long-time range knowledge into understandable visual formats. The design
of knowledge templates can also be used for similar related time-varying or multi-
field datasets, since these data features are shared among many other environmental
datasets and scientific simulations.

To assist data exploration and visualization processes, we design several methods
to generate knowledge templates by incorporating statistical data features among
a large number of air quality datasets. We have presented methods to synthesize
appropriate general and user-guided knowledge templates that can effectively rep-
resent historical knowledge of 3D data distributions. We designed the knowledge
templates at multiple levels, so that they can be flexibly combined during interac-
tive visualization processes. We have also developed a multiple template synthesis
approach specialized for analyzing 3D air quality datasets using knowledge tem-
plates. With the integrated system, users can freely explore their interested data and
time ranges based upon the statistical information provided by multiple knowledge
templates without visualizing every relevant single dataset. Our scientists provide
positive feedbacks on using knowledge templates in their studies comparing to sin-
gle data visualization methods.

Our future work includes designing knowledge templates to incorporate envi-
ronmental models and chemical principles of air quality variables. We are inter-
ested in exploring illustrative visualization methods to highlight information in the
knowledge templates and the 3D relations between volume data and templates. To
assist environmental applications involved of air quality data, we plan to integrate
GIS data into our system, which will provide more accurate geographic and addi-
tional 2D information, such as population, average age, etc. We also plan to expand
the analysis functions of our system though designing additional visualization tools
for common environmental tasks, such as city planning and location selection. We
believe that the concepts of multi-level knowledge templates and interactive tem-
plate synthesis can be applied to other multi-field time-varying datasets and we will
explore more of their applications.
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