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Fig. 8. Impact of task budget on the total number of selected participants.

data rapidly increases for DPS and RA when the total task bud-
get is inadequate. Thus, it is clear that DPS performs better in
collecting more data (and, therefore, has better QoI experience),
particularly under the condition that the total incentive is tight,
consistent with what has been discussed in Section VI-B.

Fig. 8 shows the impact when changing the task budget on the
total number of selected participants, where we observe that, for
Þxed task budget, our DPS method involves signiÞcantly fewer
participants, i.e., 19.3% fewer than that for the RA scheme.
However, compared with RS, DPS involves 118% more partic-
ipants. Since it is fair to relate the number of participants with
the total energy consumption, we can safely conclude that DPS
uses nearly 20% more energy if compared with the RA scheme.
This is because in each round of iteration, RA selects only
the participants with lowest incentive requests, whereas DPS
selects those considering both the incentive requests and data
collection efÞciencies, and thus, DPS recruits less participants,
which is consistent with Fig. 6.

Fig. 9 shows the trend of the deÞned disuniformity of the
collected data. It can be seen that RS achieves the best data
uniformity, whereas DPS and RA behave closely. The indexes
of DPS and RA rapidly increase when the budget is tight,
which means that the collected data are more nonuniformly
distributed in both temporal and spatial dimensions. How-
ever, when the budget reaches a certain threshold (200 from
each task, as shown in the Þgure for the DPS scheme), the
uniformity measurement stops increasing. This saturation is
simply due to the spatially nonuniformity distributed participant
trajectoriesÑthat when more budget is given, more participants
are selected, thus leading to a higher degree of disuniformity.
However, when all participants are given enough rewards, no
more participants can be chosen, and thus, the deÞned disuni-
formity index stops increasing.

We further demonstrate the uniformity of data collection by
DPS, RS, and RA approaches, when setting different incentive
requests for different areas, i.e., incentive requirements are not
uniformly distributed in the spatial dimension. Recall that in
Fig. 3(d), many mobile users spend much time in residential
Region 5 and ofÞce Region 4; we therefore set higher incentive
requirements (ranging from 10 to 20) for the 157 mobile users

Fig. 9. Impact of task budget on the spatial distribution of the collected data
when incentive requests are uniformly distributed among areas.

Fig. 10. Impact of task budget on the spatial distribution of the collected data
when incentive requests are not uniformly distributed among areas.

near Region 4, and lower incentive requirements (ranging
from 1 to 10) for the other 195 mobile users near Region
5. This is because users at home may have more time to
contribute, whereas employees will have to be paid more to get
them involved. Fig. 10 shows the change in the disuniformity
index of the collected data. It can be seen that RA is greatly
affected by spatially different requested incentives, because it
tends to select incentive-efÞcient mobile users in Region 5.
Meanwhile, DPS is also affected, but the average value of the
disuniformity index just slightly increases by 0.023. When the
overall task budget is quite tight, participants selected by DPS
and RA are both randomly distributed in the spatial domain,
since the incentive requests of most participants are randomly
generated. However, when more budget is given, RA rarely
selects those users from the regions in which their incentive
requests are high, but our proposed DPS scheme is driven to
select expensive participants in those regions by Frobenius
norm in (9); as a result, the achieved QoI metric increases
much faster when the required data collection resides in those
regions having less data collected.






