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TABLE 5
Query Descriptions

Type # R Range (%) a {Aup , Tpup } {Adown , Tpdown } Tra Traj (#) b Rareness (%) Valid Cu(#)c Total Cu(#)c

1 (0,40%) {Shekou, 6− 9am} {Jixia, 6− 9am} 21 14.29 252 1764
2 [40%, 60%) {Buji, 5− 8am} {Bantian, 6− 9am} 382 54.17 936 1728
3 [60%, 100% ) {Futian, 6− 9am} {Center, 6− 9am} 3207 85.19 184 216

a

Rareness range of a particular query type. b The total number of distinct traversal trajectories satisfying query demands. c The number of valid
cube and total cubes in fA up , Tpup g.

Fig. 7. Example of Query Type 1 Fig. 8. Example of Query Type 2 Fig. 9. Example of Query Type 3

Fig. 6. Cube trajectory count distribution of the three types of queries.

visualize the query regions and traffic flow of the three
queries on our real dataset. Example Query Type 1 has the
smallest traffic flow as well as rareness. Because Shekou
is a manufacturing district and it rarely occurs that people
transit from here to Jixia, a residential district in morning
rush hours. In contrast, it is common that lots of people
transit from Futian, a port area to downtown Center, a
commercial district during the same rush hour time period
as shown in Figure 9. Meanwhile, Figure 8 illustrates that
many people live in Buji village and work at nearby
Bantian, a high-tech industrial zone. Overall, in morning
rush hours, people always transit from residential districts
or transportation hubs to work area. But it is very rare to
observe the opposite.

6.3 Evaluation of the PSE Algorithm

In order to evaluate Pilot Sampling Estimation (PSE) algo-
rithm, we sample cubes according to the terminal impor-
tance sampling distribution PT and uniform distribution
P 0, respectively, with varying budget ratios and compare
how many valid cubes can be sampled using each method.

Figure 10, Figure 11 and Figure 12 show the compari-
son of total identified valid cubes in the three benchmark
queries. We increase the budget ratio Br1 from 10% to 20%.
Results show that with the terminal importance sampling
distribution PT obtained by the PSE algorithm, we are
able to identify more valid cubes with qualified traversal
trajectories than using a uniform distribution. Besides, the
gaps between PSE and the baseline (uniform distribution)

Fig. 13. Estimation results of example Query Type 1.

Fig. 14. Estimation results of example Query Type 2.

grow bigger as we increase the budget ratio. Particularly, the
gap reduces as we move from Query Type 1 to Query Type
2 and then Query Type 3, suggesting that the PSE algorithm
works always better when cube rareness is high, i.e., the
distribution is far from non-uniform.

6.4 Evaluation of the IIS Algorithm
Besides identified valid cubes in upstream query region,
we also use the IIS algorithm to estimate the total number
of distinct traversal trajectories for each example query of
Query Type 1, 2 and 3. To evaluate the accuracy of the
estimation result, we define the relative error ratio of an
estimation as

ε(N̂) =
N̂ −N
N

which is the normalized difference from the ground truth
value N . All of Figure 13, Figure 14 and Figure 15 show
the box plot of the relative error ratios of each benchmark
query. For each one, we draw two box plots with different
sampling budget ratio Br1: 10% and 20% in Stage 1. We
vary the budget ratio Br2 in Stage 2 from 1% to 15% with
a step of 2%. The box plots display differences between
populations, where the spacings between the different parts
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Fig. 10. Comparison of Sampling results of
Query Type 1

Fig. 11. Comparison of sampling results of
Query Type 2

Fig. 12. Comparison of sampling results of
Query Type 3

Fig. 15. Estimation results of example Query Type 3.

of the box indicate the degree of dispersion (spread) and
skewness in the data, and show outliers. The bottom and
top of the box are always the first and third quartiles filled
in different degree of blue color, and the band inside the box
is always the second quartile (the median) in red line. The
lowest datum still within 1.5 interquartile (IQR) of the lower
quartile, and the highest datum still within 1.5 IQR of the
upper quartile [47]. The whiskers are represented by dashed
blue line. Any data not included between the whiskers are
plotted as an outlier with the marker ’+’ in green.

From left to right, bars in each group with different
degree of blue represent the RIS algorithm, the primary
estimator via terminal importance sampling distribution,
and the integrated estimator via Integrated Importance
Sampling (IIS) algorithm, respectively. Results show that all
estimators are asymptotically unbiased in the box plot of
each query. With budget ratios 10% and 20% in Stage 1 pilot
sampling, it can be concluded that the baseline method (RIS)
fluctuates while the integrated estimator via utilizing IIS
algorithm always performance best and converges at budget
ratio Br2 around 3%.

6.5 Evaluation on Runtime

In addition to accuracy, we also evaluate the query process-
ing time of the entire IIS algorithm with both Stages 1 and 2
for the three queries with varying Stage 2 budget ratio Br2
values. For each query we choose different budget ratios
Br1 for Stage 1 (10% and 20%). We also compare the run
time with RIS, where the runtime is calculated by running
RIS for upstream ST query region.

Figure 16-18 show the runtime in seconds. The runtime
of IIS grows linearly with Stage 2 budget ratio from 1%
to 15% but always less than 1 second. By contrast, the
ES method takes 55, 53, and 39 seconds, respectively. Also
lower budget ratio in Stage 1 leads to less runtime in Stage
2. Although IIS has an extra time cost compared to RIS due
to the pilot sampling and estimation steps, the total query
processing time is still within 1 second for all the queries.

Figure 19-21 show the runtime reduction rate against Ex-
act Search (ES) over the same index. The runtime reduction
is the percentage of computational time saved compared
to the cost of the Exact Search (ES) method. Note that the
Exact Search (ES) method also uses the same grid index
and the inverted index described in Section 4. Therefore, the
performance of ES has been optimized. So the comparison
is fair. However, ES is still much slower than the proposed
IIS algorithm.Each figure represents a benchmark query and
the three bars in each color represent one baseline (RIS) and
the IIS with two different choices of budget ratios in Stage
1 (10% and 20%). For all the parameter settings, IIS saves
at least 98% query time of the ES, while savings for Query
Type 3 is the highest.

6.6 Evaluation on Granularity
Finally, we evaluate our algorithms with different grid gran-
ularity settings to understand how the grid partitioning af-
fects our algorithms’ performance. We conduct experiments
with four different spatio-temporal granularities varying
from (250 meters -250 meters -5 min) to (1000 meters -1000
meters -5 min). Figure 22 shows that our IIS algorithm is
more accurate and more stable than RIS algorithm with
varying grid granularity for all the three types of queries.
The relative error ratio of IIS is always within 10% while
that of RIS fluctuates between 20% and 50%.

Note when using a finer granularity, the trajectory dis-
tribution will become sparser among cubes and the count
in each cube will decrease. Therefore choosing very small
grid size might not always give the best result. Taking this
factor into consideration, we set (500 meters -500 meters -5
min) as our default granularity for our dataset. However,
this parameter should be adjusted accordingly on different
datasets.

Summary: The proposed PSE algorithm can better esti-
mate the distribution of traversal trajectories in the query
region than the baseline method RIS. The entire IIS algo-
rithm achieves better accuracy and stability compared to
RIS under varying budget ratio and grid size. The runtime
of IIS is still orders of magnitudes faster than simple exact
search using spatial index (ES) and comparable with RIS.

7 DISCUSSION

In this section, we extend our traversal trajectory aggregate
query from a pair of upstream and downstream ST regions
to a sequence of different query regions. Throughout this
paper, we take all example queries with upstream and
downstream spatio-temporal query regions as a simplified
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Fig. 16. Processing Time of Query Type 1
(ES=53s)

Fig. 17. Processing Time of Query Type 2
(ES=55s)

Fig. 18. Processing Time Query Type 3
(ES=39s)

Fig. 19. Processing Time Reduction for
Query Type 1

Fig. 20. Processing Time Reduction for
Query Type 2

Fig. 21. Processing Time Reduction for
Query Type 3

(a) Query Type 1 (b) Query Type 2 (c) Query Type 3

Fig. 22. Result error with varying granularity.

example of traversal trajectory aggregate query. In fact,
our proposed TIS framework with the PSE and IIS algo-
rithms are generic to complex traversal trajectory aggregate
querye.g., with more than two spatio-temporal query re-
gions. As illustrated in Figure 23, where blue lines represent
trajectories traversing subset of given query regions while
the red line represents one qualified trajectory sequentially
traverse all m (> 2) query regions. Each cuboid identifies
one spatio-temporal query region including three dimen-
sions which are latitude, longitude and time. Taking an
example query, we briefly discuss how our sampling and
estimation algorithms can be applied to it by checking more
than one query regions. We also demonstrate evaluation
results of this example query.

Extension Query. Given an example of extension query
q = {Jixia, 6 − 9am,Center, 11am − 2pm, Tourist, 3 −
7pm} with m = 3, the rareness of the first spatio-temporal
query region {Jixia, 6−9am} is 58.06%, i.e., 418 valid cubes
out of 720 total cubes. According to query type classification
listed in Table 5, it belongs to Query Type 2. Intuitively, it
should have similar evaluation result compared to examples
of Query Type 2. Figure 24 and 25 show comparisons
between TIS and RIS on the relative error for the extension
query and the number of valid cubes identified, respectively.
The trends are similar as in Figure 11 and Figure 14: our

Fig. 23. An illustration of a traversal trajectory aggregate query
extension to traverse a sequence of different m(≥ 3) spatio-temporal
query regions.

proposed TIS framework outperforms RIS for the extension
query with lower error rate.

Figure 26 shows that the TIS consumes more time for
the extension query than simple TTA queries as shown
in Figure 17. This is intuitive as for the extension query
we need to check two other query regions to verify each
sampled trajectory, compared to only one other query region
in the simple TTA queries. However there is no additional
time cost introduced in the sampling/estimation phases.
Figure 27 shows that, similar to Figure 20, the IIS algorithm
of the proposed TIS framework still saves up to 98.8%
running time of ES.
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Fig. 25. Sampling results of example exten-
sion query

Fig. 26. Processing time of example exten-
sion query (ES=60s)

Fig. 27. Time Reduction Rate of example
extension query

Fig. 24. Estimation results of example extension query.

8 CONCLUSION

This paper defined and investigated a novel trajectory
query, the Traversal Trajectory Aggregate (TTA) Query. TTA
queries play an important role in supporting various urban
intelligent applications, such as vehicle route planning, taxi
dispatching, and location-based advertising. Exact solutions
such as exhaustive searching may lead to extremely long
running time on large query regions, while traditional
sampling-based approaches assume uniform distribution
of trajectories in the ST query region and may lead to
significant estimation variance. This paper proposed a novel
Targeted Index Sampling (TIS) framework with a Pilot
Sampling Estimation (PSE) stage to estimate the importance
distribution of trajectories in ST query region, an Integrated
Importance Sampling (IIS) stage to collect trajectory samples
with obtained importance sampling distribution to estimate
the query result with an asymptotically unbiased estimator.
Extensive experiments obtained using a large-scale real taxi
trajectory dataset demonstrated that our TIS framework
achieves≤ 10% estimation error with≥ 90% computational
time reduction over exact search, and 50% reduction on
estimation error (with similar running time) over uniform
distribution based sampling approaches.
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