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Abstract Small multiples can visually enforce comparisons
of changes or differences among objects, revealing potential
patterns by providing different views. According to the analyzing requirements in food safety fields and characteristics
of pesticide residue detection data, in this paper, we propose a novel visualization approach to explore and analyze
the time-varying hierarchical data, which is called ordered
small multiple treemaps (OSMT). Inspired by the thought
of querying an array by rows or columns, OSMT makes it
possible to locate a specific node in the treemap layout by
using a unique location 2-tuple and keep a relative stable
order of nodes in the layout while we detecting temporal
patterns. This algorithm enables the visual representation of
the node values varying with time, preserving the hierarchical relationships among nodes in the meanwhile. Based on
some interaction techniques (filtering, selecting, highlighting and zooming, etc.), OSMT can help users find some
specific changes more easily and thus make corresponding
decisions with more efficiency. Besides, we also propose a
new metric called TVA (Ability of tracking time-varying data
in treemap) with a purpose of evaluating different kinds of
treemap layout algorithms from the aspect of the difficulty
level for tracking time-varying nodes in the overall layout.
Finally, our technique’s applicability is demonstrated on the
pesticide residues detection results dataset in this study.
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1 Introduction
Pesticides are chemicals that are intended to serve as plant
protection products, but may remain on or in food after they
are applied to food crops, causing adverse health effects on
people who are exposed to them. Thus, the level of pesticide
residues is one of the significant considerations in food safety
field and closely related to the human edible security and the
trade among countries.
Each country adopts their own regulations in order to
protect consumers and environment from harm, including
maximum residue limits (MRL), acceptable daily intake
(ADI) and some agricultural policies, which forms the basis
of the food safety detection and estimation [1]. There are a
variety of potential valuable information in pesticide residue
routine annual detection data, usually organized in hierarchical forms. For instance, in China, the regions could be divided
into several levels, province, city, county and sub-district,
according to Chinese administrative division. And the agricultural products can be categorized by family, genus, and
species [2], etc. It is of great importance to determine the key
regulatory objects (crops or areas with residues remarkably
exceed the standard limits) by comparison according to the
detection results at different time and lay foundations for providing the corresponding measures for further supervision.
In people’s daily lives, there exist many other kinds of
datasets which are grouped by attributes in a hierarchical
structure. The hierarchies in these datasets are usually the
great help in dealing with many complex problems in different fields. To facilitate the use of these hierarchies, many
classic visualization techniques like node-link diagrams [3],
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radial representations [4], treemaps [5], sunburst [2], or icicle
trees [6], etc. [7,8] have been developed. These approaches
provide expressive visual mappings of the hierarchical structures. However, the time-varying hierarchies have not yet
been sufficiently dealt with. Treemap is a powerful and
widely used technique for visualizing hierarchical data. The
information can be separated in accordance with various
visual criteria with this approach, as for instance: color, position, area and so on [9]. In our method, treemap was chosen
for its high space utilization and desirable property of presenting overviews along with details of data, since it is a
space-filling visualization technique, allowing rapid comparison of the size of nodes or the shape of sub-trees and creates
a display of leaf-node values based on size and color [10].
Nevertheless, rare treemap algorithms offer both full stability and ideal aspect ratios [11] and, mostly, the way to find
a specific node is to scan the whole treemap layout. The lack
of stability that afflicts most traditional Treemap layout algorithms makes it more difficult or time-consuming to track a
particular node over time in the overall layout. Some timerelated treemap visualizations later were presented based on
the traditional treemap algorithms (Sect. 2.2). However, visually tracking and analyzing the changes in the hierarchical
data with relatively high efficiency can still be challenging.
On the other hand, small multiples can visually enforce comparisons of changes or differences among objects, revealing
potential patterns by providing different views. With this
method, rich data can be shown without trying to cram all
that information into a single, overly-complex chart.
In this paper, we propose a novel approach, called ordered
small multiple treemaps (OSMT), which is inspired by the
thought of querying an array by rows or columns, making it
possible to locate a specific node in the treemap layout by
using a unique location 2-tuple and keep a relatively more
stable order of nodes in the layout while we detecting temporal patterns in the pesticide residue data. Our goal was to
enable the visual representation of the node values varying
with time and reduce the difficulty when tracking a certain
node over time, preserving the hierarchical relationships in
the meanwhile.
With this approach, and based on some interaction techniques (filtering, selecting, highlighting and zooming, etc),
users can find some specific changes more easily and then
make corresponding decisions with more efficiency. We
demonstrate the utility of our approach by applying it to the
pesticide residues detection results data, and the final performance is clearly shown. Besides, a new metric TVA (ability
of tracking time-varying data in treemap) is also proposed,
which could be used to evaluate different kinds of treemap
layout algorithms from the aspect of difficulty level for tracking time-varying nodes.
The paper is organized as follows. First, related work is
reviewed in Sect. 2. The OSMT algorithm is presented in
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Sect. 3, and the new metric TVA will also be introduced in
this part. In Sect. 4, we apply our approach to the real case of
pesticide residues detection. We evaluated the performance
of OSMT in Sect. 5. And finally, the conclusions and future
work are given in Sect. 6.

2 Related work
Below, we subdivide the related work into three parts, taking
into account the scope of the content involved in this article:
(1) an overview of techniques for the visual analysis of timevarying data, (2) the treemap approaches [12–14], and (3)
present metrics for layout algorithms of the treemap.
2.1 Techniques for visualizing time-varying data
Time-varying data visualization methods can be divided into
several categories. The first type of approaches display the
changing data by using the dynamic layout [15]. For this category, the valuable information is always shown based on the
rapidly changing display of the huge amounts of data, mainly
depending more on human visual perception in a dynamic
environment. In terms of this, animation is a common way.
[16,17]. There is also a type of methods that use the horizontal or spiral axis (e.g. “Helix glyphs” [18]) to represent
the time, with heights, shapes, colors, or texts in the layout
representing the attributes of data. So, in this way, temporal properties of data are shown along the time axis, which
often requires a lot more space. These approaches include the
“Outflow” [19], “TimeWheel” [20] and “ThemeRiver” [21].
Similarly, another way to visualize the time-varying data
is to show the snapshots in a small multiple display, which
is the way we chose for our approach. W. S. Jevons used
small multiples to transform tables of time series data into
rich graphical displays [22]. Temporal glyphs are often used
in small multiple settings for comparing many different time
series at once as well [23]. Robertson et al. did a research
on the effectiveness of animation, small multiples, and trace
lines for analyzing trends in scatterplots in 2008 [24,25].
Their results suggest that animation is the least effective
technique and small multiples are more accurate. And Daae
Lampe et al. compared differences in movement data in a
small multiple display, each view showing the difference to
the average movement for a different category [26].
For data that involve both hierarchies and time attribute,
some specific methods were also created. Card proposed
TimeTree in 2006 [27], which is an interactive visual analytic tool designed to enable the exploration of a changing
hierarchy based on Degree-of-Interest Trees [28]. Later other
methods like Timeline trees, TimeArcTree were presented
[29,30]. TreeVersity was proposed by Guerra-Gómez in
2012, which is a useful interactive visualization method that
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allows users to detect and analyze changes in the structure
and value of various components of trees [31–34]. Code flows
[35] and Chronicler [36] were put forward to solve problems
in source code history exploration. In addition to these nodelink or flow visualization techniques with time attribute, other
techniques like time-related treemap methods were presented
as well, which is described in Sect. 2.2.
2.2 Treemap visualizations
Treemap is one of the most well-known and widely used techniques for visualizing hierarchical data. A wide range of its
applications can be found, for instance, in Human Anatomy
[37], navigation of large image collections [38], exploration
of recovery act [39], and so on.
A traditional treemap works by dividing the display area
into a nested sequence of rectangles whose areas correspond
to some attributes of the dataset. It is originally proposed by
Johnson and Shneiderman in 1991 [5], called the “Slice and
Dice”, which appeared to solve the problems of node coverage and low space utilization of node-link diagrams. It uses
parallel lines to divide a rectangle representing an item into
smaller rectangles representing its children. Though simple
to implement, this layout often creates layouts that contain
many rectangles with a high (poor) aspect ratio. These rectangles are so skinny that they are very hard to see, select,
compare in size and label [40].
Subsequently, some variations to the original algorithm
have been proposed, many of which have made efforts to
reduce the high aspect ratios of the rectangular regions.
Bruls presented Squarified Treemap in 1999 [41], which was
designed to create regions that have aspect ratios as close
to one as possible. It avoided the long and thin rectangles
produced by the original algorithm and made it much easier to judge the relative size of regions and obscured small
areas. But the improvements to the aspect ratio usually come
at the cost of increased instability. This new method suffers
from two drawbacks. Firstly, the changes in the dataset can
cause dramatic discontinuous changes in the layout produced
by this method. Secondly, it does not preserve the original
given order of the data, which might be helpful for seeing
patterns or for locating particular objects in treemaps.
In the further developments of the traditional treemap layout algorithms, mainly the issue of the high aspect ratio, the
order of nodes or the nearness of two or more nodes was
addressed, for instance in Pivot (partially ordered) [42], Strip
[43] and Spiral [44]. Here, the order in these well-known
treemaps means that items near each other in the given order
will be near each other in the treemap layout. Strip works by
processing input rectangles in order, and laying them out in
horizontal (or vertical) strips of varying thicknesses, producing a layout with better readability, comparable aspect ratios
and stability, while Spiral provides a spiral layout also with
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better continuity [13,44]. Wood et al proposed the OrderedSquarified in 2009, making it possible to apply the treemap
to the data with geographic information. Duarte et al. [45]
presented Neighborhood Treemap that takes into account
relationships that might exist between different data elements
when partitioning the visual space. Besides, there have been
many other valuable achievements about treemap method,
such as the non-rectangular treemap algorithms [14,46–49].
On the other hand, in order to support users in exploring and finding patterns in hierarchical time series data,
some time-related treemap visualizations were presented.
Animating treemap was presented to provide smooth transition between alternative views of the same hierarchy [50].
Daniel O. Kutz used treemap with time attribute to visualize the whole patent space in order to offer further insight
about the dataset [51]. Chintalapani et al. published a paper
that interactively explored time series data using treemaps
by mapping temporal changes to color attribute of treemaps
[52]. The concept of contrast treemaps proposed by Ying Tu
[44] was designed to compare attributes from two snapshots
of time-evolving hierarchical data in one treemap by incorporating two trees into a single tree. Recently, temporal treemap
created by Carvalho et al. combines aspects of treemap and
calendar, using time as main attribute to hierarchy configuration and drill down navigation [10].
Moreover, time-related non-rectangular treemap methods were also introduced. Gotz developed dynamic Voronoi
treemap (DVT) in 2011 [11], providing both layout stability and desirable aspect ratios. Nevertheless, finding a more
effective approach to controlling variations in the animation
speed and determining the ideal error threshold for the DVT
algorithm are still the remain topics for future study. Fischer
et al. proposed ClockMap in 2012 [48], which was based on
the combination of temporal glyphs, called clockeyes, and a
circular treemap layout, thus enhancing the original circular
treemaps.
Our work focuses on visualizing the node value changes
over time using rectangular treemaps in a small multiple display with a relatively more stable order of nodes in the overall
layout, and directly making it easier for experts in the food
safety field to find valuable information among the pesticide
residue data, such as key regulatory agricultural products or
areas, because in the field of food safety, the value changes of
detection results of certain agricultural products or sampling
areas are usually the center of attention.
2.3 Metrics for evaluating treemap layouts
In order to compare different kinds of treemap algorithms, a
series of metrics were defined, which mainly include the average aspect ratio (AAR; the lower the better) [42], readability
(R; the higher the better) [43], continuity (C; the higher the
better), average distance change (ADC; the lower the better)
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and variance of distance changes (VDC; the lower the better)
[13,18,46].
The aspect ratio of a rectangle is defined as the maximum
of width (wi ) / height (h i ) and height (h i ) / width (wi ). The
lower the aspect ratio of a rectangle is, the more nearly square
it is; a square has an aspect ratio of 1, which is the lowest possible value. The chief problems with high aspect ratio rectangles are the poor visibility and awkward labeling in the layout.
The average aspect ratio (AAR) of a treemap layout is
defined as the unweighted arithmetic average of the aspect
ratios of all leaf-node rectangles. It could be expressed as the
equations shown below (i.e. (1) and (2); n refers to the total
number of nodes).
n
1
ASi
n

(1)

ASi = max (h i /wi , wi /h i )

(2)

AAR =

i=1

The average distance change (ADC) is a metric on the space
of treemap layouts that allows us to measure how much two
layouts differ, and thus how quickly or slowly the layout produced by a given algorithm changes in response to changes
in the data. Let a rectangle R be defined by a 4-tuple (x, y,
w, h), where x and y are the coordinates of upper left corner
and w and h are its width and height. Then, Euclidean metric
is used on this space, i.e. if rectangles R past and Rcurr ent are
given by (x p , y p , w p , h p ) and (xc , yc , wc , h c ), respectively,
the distance between R past and Rcurr ent is given by:
d(R past , Rcurr ent )


2
2

= x p −xc +(y p − yc )2+(w p −wc )2 + h p −h c
(3)
ADC =

n
1
di
n

(4)

i=1



V DC = V ar (d) = E [d − E(d)]2

(5)

Variance of distance changes (VDC) is a supplement to
the average distance change. If the average distance change
is low, but the variance is high, it means that although most
items do not move much, some items move by large distances,
which may cause abrupt layout changes. The values of the
ADC and VDC metrics could be calculated according to the
equations above (3–5).
Readability (R) metric was presented in 2002, which
assigns a numeric value to how easy it is for a person to
scan a layout to find a particular item. Scanning relies on an
ordered layout since otherwise the entire layout would have
to be scanned to find a particular item. This metric is based
on the number of times that the motion of the reader’s eye
changes direction as the treemap layout is scanned in order
[43]. Similar to readability, continuity (C) also reflects how
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easy it is to visually scan a layout to find a particular item. It
quantifies how many times viewers’ scanning flow is interrupted when the next item is not a neighbor of the current
item [44]. For a hierarchical layout, an average of the readability or continuity of the leaf-node layouts is always used,
weighted by the number of nodes contained in the tree.
The closer the value of AAR is to 1, the more recognizable
the nodes in the layout will be; the smaller the value of ADC
or the VDC is, the easier for people to find a particular node of
the layout. In this paper, we will define a new metric TVA to
reflect the difficulty level for tracking the time-varying nodes
and the average layout change from another aspect, which
takes into account the angle change during its calculation
process, compared with the ADC and VDC metrics.

3 Approach
3.1 Data model
3.1.1 Tree structure with the time attribute
The data structure of the hierarchical data is generally represented as a tree (Fig. 1), which is composed of a root node,
the parent node “ f atheri ” and the sub-node “childi j ”. We
use “w” to denote the weight of node, which represents the
corresponding data value.
So each snapshot of the time-varying hierarchical data can
be represented as a tree. For convenience’s sake, here we take
three time points as an example to illustrate our algorithm and
also assume that the depth of trees is three.
Actually, the number of trees is determined by the number
of time points or periods that we actually need to study (e.g.
the number k, k =1, 2, 3,…) and the depth of trees is also
not limited in our method. Let tk represent the time point
where k is the corresponding sequence number of the trees
from left to right. We use (tk , root) to represent the root node,
while (tk , fatheri ) and (tk , childi j ) denote the parent node
and the sub-node, respectively. In addition, we use colors to
demonstrate the value changes. Specifically, as is shown in
Fig. 1, nodes with the changed values are marked gray.
3.1.2 Unique location attribute for each node
Inspired by the thought of querying an array by rows or
columns, and in order to improve the efficiency for track-

Fig. 1 Time-varying tree structures
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(i.e. r ootk means the root node at tk and w(r ootk ) refers to
the value of node r ootk ; r ootmax means the root node which
has the largest value among all the r ootk ; Rmax refers to the
side length that corresponds to r ootmax ):
Rk =
Fig. 2 The location attributes of nodes in OSMT layout

Fig. 3 The representation of root nodes (Rk ); t1 , t2 and t3 represent
specific time points (i.e. tk , k = 1, 2, 3)

ing the value changes of a particular node in the treemap
over time, a 2-tuple (Pi , Q i ) is introduced here to define
the node location, which represents the position of a specific
node. Then, all the positions of the nodes in the layout can
be represented by a set like this: {(P1 , Q 1 ), (P2 , Q 2 ), (P3 ,
Q 3 )…(Pn , Q n )} (e.g. Fig. 2; n represents the number of the
nodes).
3.2 Our visualization method: OSMT
In order to ensure that each node in the treemap layout has
its own unique location attribute (i.e. a 2-tuple (Pi , Q i )) and
make it possible for people to track the nodes by this 2tuple, in our layout algorithm (OSMT: ordered small multiple
treemaps), we choose to place the nodes row by row, from
top to bottom and also in accordance with the hierarchical
order of the original data.
3.2.1 Value mapping for the root node
The first step of OSMT algorithm is to map the root nodes to
the squares with certain sizes, with each square indicating the
value of a snapshot of the time-varying data at a specific time
point (i.e. tk ). The areas of the squares are directly proportional to the weights of the nodes. To illustrate our algorithm,
we use the horizontal time axis to display the property of time.
And then we place all the squares from left to right along the
time axis, as is shown in Fig. 3.
The reason why we choose squares to indicate the root
nodes is that squares have the lowest average aspect ratios
(i.e. AAR = 1) and are much more recognizable, as mentioned
above in Sect. 2.3. The side length of the square (e.g. R2 in
Fig. 3) can be calculated according to the following formula



2
Rmax
∗ w (r ootk ) /w (r ootmax )

(6)

3.2.2 The OSMT algorithm
The inputs are a set of rectangles to be subdivided, corresponding to snapshots at different time points (t2 , t3 ,…, tk ,…,
tn ) we actually need to study, and also the items that have
given areas and are ordered by an index.
Similar to Strip algorithm [43], OSMT also adds the rectangular items into a horizontal strip one by one (e.g. not
following a spiral or some other contours), which is to some
extent more in accord with the users’ visual and behavioral
habits, and for each rectangle it maintains a current strip for
people to check whether adding a rectangle to the current
strip will increase or decrease the average aspect ratio of all
the rectangles in the strip. And if adding a new item to the
current strip of a specific rectangle at tk will decrease the
average aspect ratio, the new item is added. As Bederson
described in his paper [43], we also should note that we can
calculate the area of the set of rectangles, and from that and
the width of the layout box, the height of the strip can be
computed. Then, given the height of the strip, we can calculate the width of each rectangle so that it has the appropriate
area. Thus, the layout of any set of rectangles in a strip is
deterministic.
However, the differences in this respect mainly are as follows: (1) by OSMT, the layout operations for rectangles at all
time points will be done row by row horizontally. That is to
say, if the layout operations for the previous rows at all time
points are not all finished, it will not be started in any next row,
which would be explained in detail soon in the next part. (2)
if, otherwise, the average aspect ratio increases, a new strip
is not immediately started from the next row with the item
by OSMT. Because, before that, OSMT will continue computing the AAR at the next time point until finishing the final
computation at the last time point in the current row. Finally,
the average of the AAR (average aspect ratio) values at all
time points directly determines the number of sub-nodes for
each time point in the current row, as illustrated in Fig. 4.
OSMT is constructed in a recursive manner, like every other
treemap layout algorithm. The algorithm can be described as
follows (Table 1).
3.2.3 A case of our layout algorithm
Here, we also take three time points as an example to illustrate our algorithm for convenience and also assume that the
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Table 1 Description of OSMT algorithm
No.

Operations

Step 1

Do the value mapping for the root nodes (Sect. 3.2.1)
and area scaling for all the rectangles at each time
point (e.g. tk ), so that the total area of the input
rectangles equals that of the layout rectangle

Step 2

Create a new empty strip, the current strip, in the first
row at the first time point (i.e. t1 )

Step 3

Add the next rectangle to the current strip also for
the first row at the first time point, recomputing the
height of the strip based on the area of all the
rectangles within the strip, and recomputing the
width of each rectangle afterward

Step 4

If the average aspect ratio of the current strip has
increased as a result of adding the rectangle in Step
3, remove the rectangle, push it back onto the list
of rectangles to process, record the current smallest
AAR (average aspect ratio) value aar1 at the first
time point (i.e. t1 ) and also the corresponding
number of nodes n 1 in the first row. Go to Step 5

Step 5

Similarly, perform Step 2–4 for the first row at other
time points (i.e. t2 , t3 ,…, tk ,…, tn ). If all the above
operations for the last time point (i.e. tn ) are
finished, go to Step 6. By now, we already get the
best average aspect ratios {aar1 , aar2 , …, aarn }
for rectangles and the corresponding numbers of
nodes {n 1 , n 2 , …, n n } in the first row at respective
time points

Step 6

Choose the largest value from {n 1 , n 2 , …, n n } as
n max . For nl (l = 1, 2, …, n) values which are
smaller than n max , similar to Step 3, add more
rectangles and continue computing the average
aspect ratios until nl values increase to n max and it
is possible to compute the overall average of all
average aspect ratios

Step 7

Calculate the averages of AAR values for all the
time points grouping by respective fill-in number
num (num = 1, 2, …, n max ). Choose the smallest
(best) average value as aaropt , and we get the
corresponding number of nodes n opt , which is the
final relatively best number of nodes to fill the first
row for all time points

Step 8

Rearrange the layouts for the rectangles at respective
time points in the first row according to n opt

Step 9

Similarly, perform Step 2–8 in order to finish the
layout for other rows, generating small multiple
displayed visualization results. If all the rectangles
have been processed, stop. Else, go to step 2
Fig. 4 A case of OSMT algorithm

depth of trees is three. But our algorithm is not limited, as is
mentioned in 3.1.1. In this example, the data set to be visualized is a collection as follows: A1{1, 1, 1, 1, 1, 1, 1, 1, 1},
A2{3, 3, 4, 1, 1, 1, 1, 1, 1}}, A3{1, 1, 1, 1, 2, 1, 3, 2, 4},
represented by the node values at t1 , t2 and t3 (i.e. tk , k = 1, 2,
3), respectively. Thus, the weights of the corresponding root
nodes are 9, 16, and 16, respectively (i.e. the sum of all the
sub-node values of each root node).
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The details of OSMT algorithm are shown in Fig. 4. As
is described in Sect. 3.2.2, the n opt is 3 and aaropt is 1.56;
the n max is 4, and n 1 , n 2 , n 3 are 3, 2, 4, respectively. The
corresponding AAR values are shown in Table 2, and the third
row in the table corresponds to the relatively best number of
nodes (n opt ) to fill the first row for all time points. The figures
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Table 2 Calculation process of average of AAR (1st. row)
num

tk
t1

Average of AAR
t2

t3

1

9.00

5.33

16.00

10.11

2

2.25

1.33

4.00

2.53

3

1.00

1.91

1.78

1.56

4

1.78

3.62

1.00

2.13

5

2.03

Fig. 5 Interaction design (filtering, selecting, highlighting and zooming)

1.00, 1.33 and 1.00 indicate the corresponding values of the
aark at tk .
3.2.4 Interaction design
Sometimes it is still difficult to find information only relying
on visualization. So some interaction techniques like filtering, selecting, highlighting and zooming are also available in
our application based on OSMT.
If the user wishes to inspect the data more closely, the
zoom mechanism could be used to smoothly zoom in or out
to transform the original visualization results to the corresponding frames with more specific information about the
dataset. Users could compare the data of interest by filtering,
and after they selecting a specific rectangle in the OSMT layout, the corresponding areas at different time points will be
highlighted, as is shown in Figs. 5 and 7.
All in all, these techniques allow users to better understand
the data and make it more convenient to find some potential
patterns over time.

Fig. 6 The case of change process of the overall layout; a original
layout at time t1 ; b–d possible situations at time t2

which allows us to measure how much two layouts differ,
and thus how quickly or slowly the layout produced by a
given algorithm changes in response to changes in the data.
However, it also suffers from some problems in describing
the overall changes comprehensively.
For instance, we suppose, in Fig. 6, (a) represents the original layout at t1 , (b), (c), or (d) denote the layouts when it
arrives at t2 , which changed from the original layout after a
period of time. We also assume that the side length of each
small rectangle in (a), (b) and (c) is 1, and correspondingly
that length of (d) is 1.2.
Then the problem comes: whether the layout at t2 is (b)
or (c), the ADC is always 1.414. However, visually it can be
clearly found that there are obvious differences between the
two change processes (i.e. one is “a to b”; the other is “a to
c”). And for the layout (d), we can see that the nodes are simply magnified compared to (a), which means that the change
from (a)–(d) does not affect the speed of users for tracking
a particular node. However, the value of ADC will increase
evidently due to the accompanied amplification, which indicates that ADC is not suitable for evaluating the treemap
algorithms in this aspect.
To deal with this issue, we present a new metric TVA (i.e.
Ability of tracking time-varying data in treemap), which evaluates the difficulty level for tracking a particular time-varying
node. Different from the ADC metric, TVA takes into account
the angle variation during its calculation process and avoided
the problems mentioned above. Let Ri (xi , yi ) indicate the
coordinates of the centroid of the rectangle which represents
a certain node, and di , which is always calculated relative to
each node’s immediate parent node, denotes the corresponding normalized Euclidean distance between R pasti (x pi , y pi )
and Rcurr enti (xci , yci ) (i.e. R pasti and Rcurr enti represent the
two values of Ri before and after the transformation; the normalization is done by making the original distance be divided
by the square root of the area of respective root nodes). Then,
the formula for the calculation of TVA is defined as below:

3.3 The new metric for treemap algorithms: TVA
As is described in Sect. 2.3, many measures are presented
in order to evaluate the performance of the treemaps. The
ADC (average distance change) is one of such useful metrics,

di =


(x pi − xci )2 + (y pi − yci )2

TV A =

(7)

n
1
di
n
i=1
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Fig. 7 OSMT used to visualize
the distribution of simulated
pesticide residues in fruits and
vegetables from 10 districts of
Tianjin, China, in year 2014.
Colors are used to indicate Rrate
(standard limit exceeding ratio)
which equals to F pest /Fdtn ,
where F pest represents the
number of times the detected
pesticide residues that exceed
the MRL (Maximum Residues
Limits) standard value and
Fdtn indicates the total number
of times pesticide residues are
detected in samples. All the
corresponding selected parts are
highlighted for better node
location. See more details in
Sect. 4


n
n
vi j
ui j
1 
−1
·
+ 2
cos
n
 u i j   vi j 

(8)

i=1 j=1

where n is the number of the leaves in the treemap, ui j is the
vector between each leaf node and each of its sibling leaves
in the original layout before the change, and vi j is the same
vector in the new layout after the transformation.
The larger the value of TVA is, the more difficult it will
be for to track a particular node in the layout which is generated by a certain treemap algorithm. Based on the calculation
results, the conclusion is that the TVA value for the layout
(d) is smallest in Fig. 6, indicating it is much more easier to
track a certain node in the layout (d) compared to layout (b)
and (c).

4 Case study
Here, we apply our approach to the pesticide residues detection results data. The data set we use in Figs. 7 and 8 are
simulated on the basis of the real-world data.
So from Fig. 7, we can see that OSMT is used to visualize
the distribution of pesticide residues in fruits and vegetables
from 10 districts of Tianjin, China, in year 2014, where D and
E represent fruits and vegetables, respectively, in a district
C. Fdtn here indicates the number of samples with detected
pesticide residues and Rrate (i.e. standard limit exceeding
ratio) refers to F pest /Fdtn , whereF pest represents the number
of times the pesticide residues that exceed the MRL (i.e. the
Maximum Residues Limits) standard value in the agricultural
product samples.
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Fig. 8 Another example by OSMT, which is used to visualize the simulated detected pesticide residues in 53 kinds of fruits and vegetables
from 12 supermarkets in a district of Tianjin from March to May, 2013.
The leaf node refers to a certain kind of product, such as tomatoes

Besides, Fig. 8 indicates the condition of detection in 53
kinds of fruits and vegetables from 12 supermarkets (e.g.
Wumart Store, Lotte Supermarket, etc.) in a district of Tianjin, China, from March to May, 2013, where the area of root
node corresponds to the total number of the agricultural product samples with pesticide residues, the node in the second
level indicates the Fdtn in a particular supermarket, and the
leaf node refers to the Fdtn of a certain kind of agricultural
product sample, say, tomatoes. The larger the Rrate of the
pesticide residues is, the closer the color of the corresponding node is to the red (See F in Fig. 7). And we can see that
from March to May, the general value of the Fdtn is stable,
and there is no too big difference among these months in this
respect. Besides, among all the samples of agricultural products, those that contain no excessive pesticide residue almost
account to more than 90% in these three consecutive months.
Besides, compared to the March and April, in May there
is a decrease in the number of samples which have the pesti-

Ordered small multiple treemaps for visualizing time-varying hierarchical pesticide residue…

cide residues beyond criterion (i.e. Exceed the corresponding
MRL values), but a significant increase in the Rrate of corresponding pesticide residues can also be seen. So subsequent
analysis work still needs to be done for the vegetables and
fruits with excessive pesticide residues detected in May.
The unique positions of nodes provided by OSMT make it
much easier to track a particular node. For instance, specific
problems are revealed by OSMT layout as shown in Fig. 8.
There are different degrees of pesticide residues in the agricultural samples of the detection. The location property set
{(3, 3) and (1, 3)} represents the region which corresponds
to the samples of tomatoes in the ninth supermarket. From
March to May, the color of this region remains red, which
indicates that the corresponding rate of the pesticide residues
exceeding the allowable limits stays in a high position without going down and needs more attention of the relevant
departments. So, in general, by using the 2-tuple (Pi , Q i )
that OSMT provides to locate the specific nodes, it will save
users considerable time for tracking the changes in the layout.

5 User experience and evaluation
The visualization performance shown in the case study indicates that it is efficient to track a certain node over time in
OSMT layout because of its unique location 2-tuple and overall stable order for all the time points. And the agricultural
products with excessive pesticide residues are easy to notice,
which will effectively help the experts find the potential key
regulatory objects as time evolves.
We further performed a user study with 48 students from
four majors including Computer Science and Technology,
Control Science and Engineering, Management Science and
Engineering, and Food Science and Engineering, who were
unfamiliar with the treemaps and divided into four groups.
And the simulated pesticide residue data we used in this
study include 30 kinds of agricultural products from 10
supermarkets in 6 months. After the students were trained
some knowledge about Strip, Spiral and OSMT algorithm,
we started to do the comparison work.
During the experiment, each participant was asked to perform a task, answering the five questions of each method,
respectively, with a maximum time limit of 60 s, and the time
taken to provide the corresponding answers was recorded.
Users were also required to observe and locate particular
time-varying nodes (e.g. pi ) in the treemap layout, whose
performance on the task was scored as correct or incorrect.
To avoid the deviation which is caused by students answering the same questions of three methods three times, we also
divided every group into three squads. Every student in each
squad would answer the questions using one of the three
methods. And the questions are listed in Table 3.
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Table 3 Questions designed on pesticide residues detection data
No.

Questions

Q1

In Wumart Store of Tianjin city, in which month do
tomatoes have the highest pesticides MRL(Maximum
Residue Limits) standard exceeding ratio (Rrate )?

Q2

Compared to March, is it growing or decreasing in May
for the Rrate in cucumbers in Wumart Store of Tianjin?

Q3

In Lotte Supermarket of Tianjin, which month has the
largest number of agricultural products with pesticides
exceeding MRL?

Q4

In August, which supermarket of Tianjin has the largest
number of agricultural products with pesticides
exceeding MRL?

Q5

Which supermarket has larger number of agricultural
products with pesticides exceeding MRL in June,
Lotte Supermarket or Wumart Store?

The accuracy of the search and the time the users spent
during the node positioning process were the two aspects we
considered the most. If we let n c be the number of nodes
to locate, and nr represent the number of nodes the users
located correctly, then the measure of accuracy is given by
nr /n c . We also included user locating efficiency (ULE) and
the variance of locating efficiency (VLE) [2] in our approach
to further evaluate the OSMT.
4
  1
 
Mir g y
Ti g y =
4

(9)

r =1

4
  1
 
AV E g y =
Ti g y
4

(10)

i=1

4
 
 
  1
Ti g y − AV E g y
V gy =
4

2

(11)

i=1

In the formula above, Ti (g y ) represents the average locating time of every squad, where i is the group number, so
here (1 ≤ i ≤ 4). And g y (1 ≤ y ≤ 3) indicates the name of
algorithms the user used, including Strip, Spiral and OSMT.
Mir (g y ) is defined as the locating time of the student, whose
number is r (1 ≤ r ≤ 4) in the squad, answering questions
using g y method in group i. Besides, AVE(g y ) and V (g y )
are, respectively, defined as the mean and variance of locating time of students using g y .
The results from our study are shown in Fig. 9. We can see
that the accuracy of OSMT visualization is relatively much
higher than the other two algorithms and OSMT works better on average locating time. We also can notice that using
OSMT the time that students from diverse backgrounds spent
is not very different. Users responded that OSMT allowed
users to follow a particular region over time much more easily, compared with the other two approaches, which supports
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same node in the layout. With this approach, the experts in
the food safety field could find the specific changes among
pesticide residue data more effectively and make the effective
decisions according to their different needs.
Besides, our time-varying treemap layout algorithm can
not only be applied to the pesticide residues detection results
data, but also could find applications in the weather data,
merchandise sales data, or some other kinds of time-varying
hierarchical data. And the new metric (TVA) we proposed
can evaluate the treemap layout algorithms from a new perspective.
As for future work, more effective interactive ways will be
considered in our method and more comparison work with
other kinds of approaches (e.g. dynamic Voronoi treemaps)
will be done. And, because currently OSMT mainly pays
more attention to conditions mostly related to the value
change of data, which is based on the real need in the pesticide residue detection now, we will also make further efforts
on some topology change visualization [33], which is a significant part for time-varying hierarchical data visualization
as well, and apply the work to a wider range of applications
[53] in different domains.
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