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Arid region characterizes more than 30% of the Earth’s total land surface area and the area is still increasing due to the trends of
desertification, yet the extent to which it modulates the global C balance has been inadequately studied. As an emerging technology,
IoT monitoring can combine researchers, instruments, and field sites and generate archival data for a better understanding of soil
abiotic CO, uptake in arid region. Images’ similarity analyses based on IoT monitoring can help ecologists to find sites where the
abiotic uptake can temporally dominate and how the negative soil respiration fluxes were produced, while IoT monitoring with
a set of intelligent video recognition algorithms enables ecologists to revisit these sites and the experiments details through the
videos. Therefore, IoT monitoring of geospatial images, videos, and associated optimization and control algorithms should be a
research priority towards expanding insights for soil abiotic CO, uptake and a better understanding of how the uptake happens
in arid region. Nevertheless, there are still considerable uncertainties and difficulties in determining the overall perspective of IoT

monitoring for insights into the missing CO, sink.

1. Introduction

Largely because of human activities after the Industrial
Revolution and the produced substantial climate changes,
atmospheric CO, levels have increased more than 30% in
the past century [1]. This major environmental issue has
motivated scientists to carry out a huge effort to quantify the
sources and sinks of the atmospheric CO,, and the existence
of a “missing CO, sink” is finally concluded [1-7]. Numerous
scientists ever claimed to have located the “missing sink,”
but each of them was finally denied [8-20]. Location of the
missing CO, sink has become a long-sought challenge in
ecology.

Recent studies of the arid and semiarid ecosystems
suggest that the missing CO, sink can be partly attributed to
unneglectable soil abiotic CO, uptake in arid region [21-24].
Such uptake has been long-term overlooked in estimating the
net ecosystem exchange of CO, [NEE] around the world. The
global “CO, flux towers” employed in current micrometeo-
rological measurements interpret NEE as biological fluxes,
exactly defined as the direct sum of photosynthetic and
respiratory components [20]. Arid region characterizes more
than 30% of the Earth’s total land surface area and the area
is still increasing due to the trends of global desertification,
yet the extent to which it modulates the global C balance has
been inadequately studied [25-33].



Estimates of the overall contribution of such abiotic
CO, uptake are essentially emergent for expanding insights
into the missing CO, sink, which further requires common
huge efforts of the world scientific communities [23]. The
current estimates based on very limited data collected from
a few sites within several typical desert ecosystems were
thought to be not convincing and even problematic [24].
Ecologists were cautioned to keep discreet minds in both
data collection and the determination of the whole story of
soil abiotic CO, uptake in arid region. Such abiotic uptake
can be varying with predominant processes, site location,
and climatic conditions. These are important factors affecting
experimental designs because spatial-temporal heterogeneity
must be taken into account. To treat these disturbances
and simplify experimental designs, it is hence imperative to
implement intelligent methods for ecologists to collect both
convincing data and further evidences.

In previous publications for insights into the missing CO,
sink and especially for insights into soil abiotic CO, uptake
in arid regions, the utilized technologies are rather old. The
emerging information technologies were hardly employed.
These unemployed technologies include the wireless sensing
networks [34-36], Internet of Things (IoT) [37-40], and
cloud computing [41-46]. Particularly, IoT has been further
integrated with the surveillance systems and the integrated
system was termed as [oT monitoring [47-50]. Since IoT
monitoring can generate images, videos, and other archival
data, it is necessary to investigate whether IoT monitoring can
serve for a better understanding of soil abiotic CO, uptake in
arid region. The currently published studies are very limited
and were thought to be not convincing. Geospatial images
and videos from IoT monitoring help us to explain at which
sites soil abiotic CO, uptake was observed and present more
details of the whole experimental process.

Our objectives in this study were to examine the poten-
tials of IoT monitoring as an emerging technology for insights
into soil abiotic CO, uptake and in turn for expanding
insights into the missing CO, sink in the unneglectable arid
region. Utilizing geospatial, archival data, intelligent algo-
rithms on videos and images were performed to theoretically
expand insights into soil abiotic CO, uptake in unneglectable
arid region, which has been overlooked for a long period.
Additionally, the existing uncertainties and unresolved issues
to develop such a thematic IoT monitoring system are also
discussed.

2. Materials and Methods

2.1. Collection of Geospatial Data. Analyses of the potentials
of IoT monitoring for insights into the missing CO, sink
in the present study are based on the collected geospatial
images and videos from the field sites at the south edge of
the Gurbantunggut Desert in the north of Xinjiang Uygur
Autonomous Region, China (Figure 1).

These field sites were chosen because it has been con-
firmed that soil abiotic CO, uptake can temporally dominate
and cause the apparent negative soil respiration fluxes at these
sites [51-53]. Collecting the geospatial images of these sites
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FIGURE 1: Distribution of the field sites where geospatial images and
videos are collected in this study.

from IoT monitoring helps us to explain at which sites soil
abiotic CO, uptake was observed and present more details of
the experimental sites. Overall, geospatial images and videos
were collected from 19 field sites, 18 of which are distributed
within the Manas River Basin. These sites are close to each
other. Another field site is located in the Sangong River Basin
(51, 52].

A mobile communication tool (Redmi Note 4, with
MATLAB software installed to operate the algorithms) was
employed for the collection of geospatial images and videos.
In total 70 geospatial images of these field sites were collected
and 36 images were chosen to build the first database of
geospatial images for the sites where soil abiotic CO, uptake
can temporally dominate (Figure 2). As a first example of the
utilization of geospatial videos in analyzing soil abiotic CO,
uptake, a special experiment was designed to expand insights
into soil texture at those sites where abiotic CO, uptake can
temporally dominate in soil respiration fluxes.

The details of this experimental design are as follows. We
aim to collect a video to record the process when one inserts
the WET sensors of HH2 Moisture meter (Delta-T Devices
Ltd., Cambridge, UK) into the soil and then utilize video
tracking algorithms to analyze the movements of the sensors
beneath the soil surface. This is really a challenge because we
realized that the time of the collected video may be too short.
However, the soil texture cannot be objectively displayed if we
deliberately slowly insert the sensors. Therefore, the daughter
of the first author (Wenfeng Wang), who is 6 years old and
named Yanbo Wang, was invited to join the “scientific game.”
She saw this as an interesting game and naturally tried her
best. A short video was collected when she was inserting the
WET sensors into the soil.

2.2. Optimization and Control. A histogram-based image
similarity algorithm [54-56] was further optimized and
employed to analyze the match degree between the test image
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FIGURE 2: The first images database of the sites where soil abiotic CO, uptake can temporally dominate.

and each image from the first database of geospatial images
of the sites where soil abiotic CO, uptake can temporally
dominate. This helps in finding the best match of the test
image in the database. In a previous publication [54], to
optimize the performance of the algorithm, the histograms
of the Red-band H(R), the Green-band H(G), and the Blue-
band H(B), respectively, were used. In the present study,
the algorithm was further optimized by taking into account
the weights of H(R), H(G), and H(B) to each image, where
the weights/contributions were determined by calculating
the information entropy [57-59]. R-G-B-weighted average
correlation-efficient parameters that were employed to eval-
uate the histogram-based image similarity between the test
image and each image from the database were calculated.

In order to objectively evaluate the potentials of IoT mon-
itoring for insights into the missing CO, sink, a real challenge
was carried out. The video object tracking algorithm was
performed on the collected short video for the real-time video
tracking of the WET sensors. Traditional algorithms, such
as the mean-shift algorithm [60-62], are unsuitable for this
video object tracking. Therefore, we previously specialized
the video target for tracking by morphological segmentation
[63], which helps to improve the performance of mean-shift
algorithm.

3. Results and Discussions

3.1. Images’ Similarity Analyses Based on IoT Monitoring.
The further optimized histogram-based images similarity

algorithm was applied to search field sites where soil abiotic
CO, uptake can temporally dominate. The performance of
the similarity detection algorithm worked out the best match
of the test image among images in the first images database
of the sites where the abiotic CO, uptake can temporally
dominate. Results show that the match degree between test
image and best match is approximated to 90%. Therefore,
the histogram-based image similarity analyses based on IoT
monitoring confirmed that the test image represents a site
where soil abiotic CO, uptake can temporally dominate in
soil respiration and cause negative soil respiration fluxes.

Through further reviews of the details of the test image,
it is easy to find an obvious salt accumulation on the soil
surface at the test site (Figure 3). The test image can be
joined to the database and the extended information can
be utilized. Exactly, some previous reports of negative soil
respiration fluxes in arid region do not emphasize the role of
salt accumulation [21].

This helps in convincing the ecologists who were not
convinced by the previous reports since they may realize that
the soil and groundwater are alkaline, which is advantageous
to the subterranean fixation of CO,. Taking into account the
abiotic flux components, the soil CO, flux can be further
reconciled as

F,=R-Fpc - Fgyc =F, - F;
F, =R, 1

F; = Fpic + Fie
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FIGURE 3: To find the best match for test image in the first images
database of the sites where soil abiotic CO, uptake can temporally
dominate, utilizing the image analysis algorithm referred to in this
study.

where R is the CO, release from roots and soil microbial
respiration and Fpy and Fg¢ are the net CO, fixation in the
groundwater and the soil [in inorganic forms], respectively. F,
and F; are the net soil CO, influx and the net soil CO, eftlux,
respectively [52].

A sketch of soil CO, flux formation in arid region can
be hence expanded by further mathematical analyses. First,
review the mechanism of how the soil CO, analyzer (e.g., LI-
8100; see [53]) works. Assume that, after per unit time T, the
CO, analyzer abstracts air of volume V, from a gas room of
volume V and then supplies air of the same volume sampled
from atmosphere for the CO, pressure balance in the gas
room. Go round and begin again. To compute CO, flux, the
following is used:

dC ()

ko= dt ’ @

where C(t) is the CO, concentration in the gas room at time
t [64].

Let g be CO, concentration in the atmosphere. For the
nth measured Value, the input and output of CO, are F,,, =
1, and Fouu /1, = p,» respectively, taking average within
nth time interval [nT, (n + 1)T]. The dynamic of CO,
concentration in the gas room should be as follows.

Input-output balance equation:

CnT +T)-C(nT)

nT+T
_ (Vig+r,)-T— . V1 C(s) +rnpnds 3)

C(0) = Cp,

where C,, is the CO, concentration at starting time point.
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Thus the nth measured value of soil CO, flux is

CHT+T)-C(nT)
Foyn = T
(4)
C (En) : Vl

>

_ V1q+rn(1_pn)_
14

where C(§,) is the CO, concentration from mean value
theorem of integrals.
Negative soil respiration CO, fluxes are observed if

Lo vila-c@) 5

Tn

Finally, it must be cautioned that infimum of the negative
values of soil CO, flux may exist. Let T — 0; we obtain

dcC (t) qu + 7~ 1uPn Vl
= -—=.-C({t), C(0)=C, (6
o v v () (0)=Cy. (6)
Hence,
Cl) = Vigtrp (Co _Vig+ rp) VIV ()
Vi Vi

Stable negative fluxes may happen within a small mea-
surement interval T when

Vig+rp
—— > C,.
7 0 (8)
Lett — oo; we get
Vip+r
imC == ©)

This is the infimum of the CO, concentration.

3.2. IoT Monitoring with Intelligent Video Recognition Algo-
rithm. The trajectory analysis of soil sensors is realized
in performance of IoT monitoring with intelligent video
recognition algorithm. Such video object tracking algorithm
not only enables ecologists to revisit these sites and the
experiments details by geospatial videos, but also helps
ecologists to further understand the compact soil texture so
that the whole process costs 21 seconds. The footprint of the
WET sensors revealed that the process is difficult for this little
girl (Figure 4).

Consequently, a part of soil respiration (R) temporally
gathers in soil (R,) or is ventilated in subterranean cavity
(R,) and contributes to the abiotic release later. This also
is advantageous for a chemical fixation of CO, in the soil-
groundwater system (Figure 5).

This expands a perspective frame of IoT for insights into
the missing CO, sink (Figure 6).

Therefore, the potentials of IoT monitoring for insights
into soil abiotic CO, uptake and hence for the insights into
the missing CO, sink are highlighted. A part of soil inorganic
CO, (SIC) remained in soil layers [SR] and a part of DIC
is carried away and might go out at the terminal of the
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FIGURE 4: Trajectory analysis of soil sensors by the video object
tracking algorithm referred to in this study.
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FIGURE 5: Integrated story of soil abiotic CO, uptake/release, where
parts of soil respiration (R) temporally gather in soil (R,) or are
ventilated in subterranean cavity (R,) and then contribute to abiotic
release later.

groundwater-soil system [TO], while the other parts of SIC
and DIC form the final absorption in groundwater [GA].
SR falls into three phases, solid SR [SSR forms hydrogen
carbonate and changes molar number of carbon atoms],
liquid SR [LSR dissolved part of SR], and gaseous SR [GSR
increases the CO, concentration in soil pores]; GA is a
single phase: liquid phase [consisting of liquor diverse carbon
species]; TO falls into two phases: liquid TO [LTO recharged
DIC] and gaseous TO [GTO released CO,]. Assignment of
missing carbon should be formulated as follows:

C =SR+GA +TO

missing

(10)
=SSR + LSR + GA + GSR + LTO + GTO.

The carbon assignment equation can be further hypo-
thetically expanded. We can classify soil pores as three types:
dry pore [DP], small water pore [SWSP], and big water
pore [BWSP] according to their size and water content. DP
is distributed in shallow soil layers and can absorb CO, if
coupled with the condensing of vapor or the infiltration of
precipitation; SWSP is distributed in moist layers around

the roots system, dissolving CO, in it; BWSP is distributed
in deep layers, dissolving CO, and then migrating it into
groundwater. Note that these three types of soil pores may
convert to each other with the changes or movements of soil
water.

The balance equations can be represented as

AGSR = ADP,

(11)
ASSR = ASWSP,

where the groundwater recharge/discharge is the major regu-
lator of the balance.

4. Conclusions and Outstanding Remarks

As an emerging technology, IoT monitoring combines
researchers, instruments, and field sites and generates
archival data for a better understanding of soil abiotic CO,
uptake in arid region and in turn has great potentials for
insights into the missing CO, sink. By histogram-based
image similarity analyses of image data collected from IoT
monitoring, ecologists can easily find field sites where soil
abiotic uptake of CO, can temporally dominate and further
improve their understanding of the negative soil respiration
flux values. Video object tracking algorithms based on IoT
monitoring not only enable ecologists to revisit these sites
and the experiments details by geospatial videos, but also help
the ecologists to further understand other details, such as the
footprint of soil sensors, which in turn can help ecologists to
understand the integrated story of soil abiotic CO, uptake.
In subsequent studies, the employed algorithms can be more
and more complex and the uncertainties of the presented
algorithms must be explicitly discussed.

Nevertheless, it must be pointed out that there are still
considerable uncertainties and difficulties in developing such
a thematic IoT monitoring system. One major challenge is
how to conceptualize ecosystem as a volume with explicitly
defined top, bottom, and sides. The other major challenge is
how to estimate the SIC/DIC assignment proportion of the
carbon fluxes in soil layers and groundwater, which should be
also analyzed in complicated cases due to great difference in
soil types and the groundwater levels. The possible scheme is
relating the field sites, instruments, and researchers together
by a stable IoT monitoring system and conceptualizing each
block of terrestrial ecosystem. In this case, net ecosystem
carbon balance equals the total C input minus the total C
output from the ecosystem over a specified time interval.

To reduce the increased complexity, one can analyze the
situation in the different layers of the local groundwater-soil
system. A research priority is the explicit characterization
of the situation in different layers of the local groundwater-
soil system, which deserves subsequent studies on the field
collection of geospatial data for soil abiotic CO, uptake [65-
73], the visualization of CO, footprints [74], and 2D-3D video
treatments technology to enhance the visualization effect
[75].
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FIGURE 6: The first perspective frame of IoT monitoring for insights into the missing CO, sink.

Competing Interests

The authors declare that they have no competing interests.

Acknowledgments

This research was financially supported by the CAS “Light
of West China” Program (XBBS-2014-16), the “Thousand
Talents” plan (Y474161), the National Natural Science Foun-
dation of China (41571299), and the Shenzhen Basic Research
Project (JCYJ20150630114942260). Essential geodata were
collected from National Science & Technology Infrastructure
Center and Data Sharing Infrastructure of Earth System
Science, <http://www.geodata.cn/>.

References

[1] R. E Keeling, S. C. Piper, and M. Heimann, “Global and
hemispheric CO, sinks deduced from changes in atmospheric
O, concentration,” Nature, vol. 381, no. 6579, pp. 218-221, 1996.

[2] R. P. Detwiler and C. A. S. Hall, “Tropical forests and the global
carbon cycle;” Science, vol. 239, no. 4835, pp. 42-47, 1988.

[3] P. P. Tans, I. Y. Fung, and T. Takahashi, “Observational con-
straints on the global atmospheric CO, budget,” Science, vol.
247, no. 4949, pp. 1431-1438, 1990.

[4] D.W.Schindler, “The mysterious missing sink,” Nature, vol. 398,
no. 6723, pp. 105-107, 1999.

[5] S. C. Wofsy, “Where has all the carbon gone?” Science, vol. 292,
no. 5525, pp. 2261-2263, 2001.

[6] U. Siegenthaler and J. L. Sarmiento, “Atmospheric carbon
dioxide and the ocean,” Nature, vol. 365, no. 6442, pp. 119-125,
1993.

[7] T. Erbrecht and W. Lucht, “Impacts of large-scale climatic
disturbances on the terrestrial carbon cycle,” Carbon Balance &
Management, vol. 1, no. 1, pp- 1-7, 2006.

[8] R. B. Myneni, J. Dong, C. J. Tucker et al., “A large carbon sink
in the woody biomass of northern forests,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 98, no. 26, pp. 14784-14789, 2001.

[9] D.S. Schimel, J. I. House, K. A. Hibbard et al., “Recent patterns
and mechanisms of carbon exchange by terrestrial ecosystems,”
Nature, vol. 414, no. 6860, pp- 169-172, 2001.

[10] H.A.de Wit, T. Palosuo, G. Hylen, and J. Liski, “A carbon budget
of forest biomass and soils in southeast Norway calculated using
a widely applicable method,” Forest Ecology & Management, vol.
225, no. 1-3, pp. 15-26, 2006.

[11] P.B. Woodbury, J. E. Smith, and L. S. Heath, “Carbon sequestra-
tion in the U.S. forest sector from 1990 to 2010, Forest Ecology
& Management, vol. 241, no. 1-3, pp. 14-27, 2007.

[12] M. J. Fisher, I. M. Rao, M. A. Ayarza et al.,, “Carbon storage
by introduced deep-rooted grasses in the South American
savannas,” Nature, vol. 371, no. 6494, pp. 236-238, 1994.

[13] C. L. Goodale and E. A. Davidson, “Uncertain sinks in the
shrubs,” Nature, vol. 418, no. 6898, pp. 593-594, 2002.

[14] T.J. Kessler and C. F. Harvey, “The global flux of carbon dioxide
into groundwater,” Geophysical Research Letters, vol. 28, no. 2,
pp. 279-282, 2001.

[15] J. Grace and Y. Malhi, “Carbon dioxide goes with the flow;’
Nature, vol. 416, no. 6881, pp. 594-595, 2002.

[16] R.Lal, “Soil erosion and the global carbon budget,” Environment
International, vol. 29, no. 4, pp. 437-450, 2003.

[17] J. Leifeld and J. Fuhrer, “Organic farming and soil carbon
sequestration: what do we really know about the benefits?”
Ambio, vol. 39, no. 8, pp. 585-599, 2010.

[18] W.H. Schlesinger, “Carbon sequestration in soils: some cautions
amidst optimism,” Agriculture, Ecosystems & Environment, vol.
82, no. 1-3, pp. 121-127, 2000.



Scientific Programming

[19] J.J. C. Dawson and P. Smith, “Carbon losses from soil and its
consequences for land-use management,” Science of the Total
Environment, vol. 382, no. 2-3, pp- 165-190, 2007.

[20] S. Inouye, A. Nakazawa, and T. Nakazawa, “Soil CO, efflux in
a beech forest: the contribution of root respiration,” Annals of
Forest Science, vol. 56, no. 4, pp. 289-295, 1999.

[21] G. Wohlfahrt, L. F. Fenstermaker, and J. A. Arnone, “Large
annual net ecosystem CO, uptake of a Mojave Desert ecosys-
tem,” Global Change Biology, vol. 14, no. 7, pp. 1475-1487, 2008.

[22] J. X. Xie, Y. Li, C. X. Zhai, C. H. Li, and Z. D. Lan, “CO,
absorption by alkaline soils and its implication to the global
carbon cycle;” Environmental Geology, vol. 56, no. 5, pp. 953-
961, 2009.

[23] R. Stone, “Have desert researchers discovered a hidden loop in
the carbon cycle?” Science, vol. 320, no. 5882, pp. 1409-1410,
2008.

[24] W. H. Schlesinger, J. Belnap, and G. Marion, “On carbon
sequestration in desert ecosystems,” Global Change Biology, vol.
15, no. 6, pp. 1488-1490, 2009.

[25] R. L. Jasoni, S. D. Smith, and J. A. Arnone III, “Net ecosystem
CO, exchange in Mojave Desert shrublands during the eighth
year of exposure to elevated CO,,” Global Change Biology, vol.
11, no. 5, pp. 749-756, 2005.

[26] B.E.Law, O.]. Sun, J. Campbell, S. Van Tuyl, and P. E. Thornton,
“Changes in carbon storage and fluxes in a chronosequence of
ponderosa pine;” Global Change Biology, vol. 9, no. 4, pp. 510-
524, 2003.

[27] M. Pansu, Y. Martineau, and B. Saugier, “A modelling method to
quantify in situ the input of carbon from roots and the resulting
C turnover in soil,” Plant & Soil, vol. 317, no. 1-2, pp. 103-120,
2009.

[28] J.Kern, H.J. Hellebrand, V. Scholz, and B. Linke, “Assessment of

nitrogen fertilization for the CO, balance during the production

of poplar and rye;” Renewable &~ Sustainable Energy Reviews, vol.

14, no. 5, pp. 1453-1460, 2010.

B. A. Ball and R. A. Virginia, “Controls on diel soil CO, flux

across moisture gradients in a polar desert,” Antarctic Science,

vol. 27, no. 6, pp. 527-534, 2015.

[30] R. M. Chew and A. E. Chew, “The primary productivity
of a desert-shrub (Larrea tridentata) community;, Ecological
Monographs, vol. 35, no. 4, pp. 355-375, 1965.

[31] C. D. Keeling, J. E S. Chin, and T. P. Whorf, “Increased
activity of northern vegetation inferred from atmospheric CO,
measurements,” Nature, vol. 382, no. 6587, pp. 146-149, 1996.

[32] M. L. Imhoft and L. Bounoua, “Exploring global patterns of
net primary production carbon supply and demand using
satellite observations and statistical data,” Journal of Geophysical
Research Atmospheres, vol. 111, no. 22, 2006.

[33] L.T.C.Bonten, G.J. Reinds, and M. Posch, “A model to calculate
effects of atmospheric deposition on soil acidification, eutroph-
ication and carbon sequestration,” Environmental Modelling ¢
Software, vol. 79, pp. 75-84, 2016.

[34] Y. Zhang and J. N. Harb, “Characterization of battery behavior
for battery-aware design of Wireless Sensing Networks,” Journal
of the Electrochemical Society, vol. 162, no. 6, pp. A820-A826,
2015.

[35] A.Nayebi-Astaneh, N. Pariz, and M.-B. Naghibi-Sistani, “Adap-
tive node scheduling under accuracy constraint forwireless
sensor nodes with multiple bearings-only sensing units,” IEEE
Transactions on Aerospace & Electronic Systems, vol. 51, no. 2,
pp. 1547-1557, 2015.

[29

(36]

[37]

(38]
(39]
[40]
(41]

(42]

(43]

(47]

(48]

[49]

(50]

51]

(54]

D. Zordan, T. Melodia, and M. Rossi, “On the design of temporal
compression strategies for energy harvesting sensor networks,”
IEEE Transactions on Wireless Communications, vol. 15, no. 2,
pp. 1336-1352, 2016.

A. Sheth, “Internet of things to smart IoT through semantic,
cognitive, and perceptual computing,” IEEE Intelligent Systems,
vol. 31, no. 2, pp. 108-112, 2016.

S. Li, “The internet of things: a security point of view;” Internet
Research, vol. 26, no. 2, pp. 337-359, 2016.

J. Gozalvez, “New 3GPP standard for IoT [mobile radio],” IEEE
Vehicular Technology Magazine, vol. 11, no. 1, pp. 14-20, 2016.
V. Cerf and M. Senges, “Taking the internet to the next physical
level,” Computer, vol. 49, no. 2, pp. 80-86, 2016.

S. Dustdar, “Cloud computing;” Computer, vol. 49, no. 2, pp. 12—
13, 2016.

M. Garcia-Valls, T. Cucinotta, and C. Lu, “Challenges in real-
time virtualization and predictable cloud computing,” Journal
of Systems Architecture, vol. 60, no. 9, pp. 726-740, 2014.

J. M. Alcaraz Calero and J. G. Aguado, “MonPaaS: an adap-
tive monitoring platformas a service for cloud computing
infrastructures and services,” IEEE Transactions on Services
Computing, vol. 8, no. 1, pp. 65-78, 2015.

C.-S. Chen, W.-Y. Liang, and H.-Y. Hsu, “A cloud computing
platform for ERP applications,” Applied Soft Computing, vol. 27,
pp. 127-136, 2015.

I. Gomez-Miguelez, V. Marojevic, and A. Gelonch, “Deploy-
ment and management of SDR cloud computing resources:
problem definition and fundamental limits,” Environmental
Science & Technology, vol. 49, no. 8, pp. 1-11, 2015.

S. P. Crago and J. P. Walters, “Heterogeneous cloud computing:
the way forward,” Computer, vol. 48, no. 1, Article ID 7030253,
pp. 59-61, 2015.

Y. Tang, B. Ma, and H. Yan, “Intelligent video surveillance sys-
tem for elderly people living alone based on ODVS,” Advances
in Internet of Things, vol. 3, no. 2, pp. 44-52, 2013.

J. Cui, J. Chen, and B. Zheng, “Energy-aware distributed
scheduling for multimedia streaming over Internet of Things,”
International Journal of Ad Hoc & Ubiquitous Computing, vol.
13, no. 3-4, pp. 176-186, 2013.

H.-Y. Kang, “Design and realization of internet of things based
on embedded system used in intelligent campus,” International
Journal of Advancements in Computing Technology, vol. 3, no. 11,
pp. 291-298, 2011.

K.-D. Chang and J.-L. Chen, “A survey of trust management in
WSNs, internet of things and future internet,” KSII Transactions
on Internet and Information Systems, vol. 6, no. 1, pp. 5-23, 2012.
W. E Wang, X. Chen, G. P. Luo, and L. H. Li, “Modeling the
contribution of abiotic exchange to CO, flux in alkaline soils of
arid areas,” Journal of Arid Land, vol. 6, no. 1, pp. 27-36, 2014.
W. Wang, X. Chen, and Z. Pu, “Negative soil respiration fluxes
in unneglectable arid regions,” Polish Journal of Environmental
Studies, vol. 24, no. 2, pp. 905-908, 2015.

X. Chen, W.-E. Wang, G.-P. Luo, L.-H. Li, and Y. Li, “Time lag
between carbon dioxide influx to and efflux from bare saline-
alkali soil detected by the explicit partitioning and reconciling
of soil CO, flux,” Stochastic Environmental Research and Risk
Assessment, vol. 27, no. 3, pp. 737-745, 2013.

Y. Zou and B. Lei, “Median-based thresholding, minimum
error thresholding, and their relationships with histogram-
based image similarity,” in 6th International Conference on
Digital Image Processing (ICDIP 2014), vol. 9159 of Proceedings



[55]

(56]

(57]

(58]

(61]

[62]

[63]

(67]

of SPIE, pp. 4177-4180, The International Society for Optical
Engineering, April 2014.

D. M. Ballesteros L, D. Renza, and R. Rincon, “Gray-scale
images within color images using similarity histogram-based
selection and replacement algorithm,” Journal of Information
Hiding and Multimedia Signal Processing, vol. 6, no. 6, pp. 1156—
1166, 2015.

P. Zhao, S. Li, L. Zhou, L. Li, and X. Guo, “Detecting affine-
distorted duplicated regions in images by color histograms,”
Journal of Information Hiding and Multimedia Signal Processing,
vol. 6, no. 1, pp. 163-174, 2015.

M. Parsani, M. H. Carpenter, and E. J. Nielsen, “Entropy stable
wall boundary conditions for the three-dimensional compress-
ible Navier-Stokes equations,” Journal of Computational Physics,
vol. 292, pp. 88-113, 2015.

M. Kang, J. Kim, and J. M. Kim, “Reliable fault diagnosis for
incipient low-speed bearings using fault feature analysis based
on a binary bat algorithm,” Information Sciences, vol. 311, pp.
205-206, 2015.

P. Sevastjanov and L. Dymova, “Generalised operations on
hesitant fuzzy values in the framework of Dempster-Shafer
theory,” Information Sciences, vol. 311, pp. 39-58, 2015.

O. Debeir, P. V. Ham, R. Kiss, and C. Decaestecker, “Tracking
of migrating cells under phase-contrast video microscopy with
combined mean-shift processes,” IEEE Transactions on Medical
Imaging, vol. 24, no. 6, pp. 697-711, 2005.

A. Mayer and H. Greenspan, “An adaptive mean-shift frame-
work for MRI brain segmentation,” IEEE Transactions on
Medical Imaging, vol. 28, no. 8, pp. 1238-1250, 2009.

J. Ning, L. Zhang, D. Zhang, and C. Wu, “Robust mean-shift
tracking with corrected background-weighted histogram,” IET
Computer Vision, vol. 6, no. 1, pp. 62-69, 2012.

E Meyer and S. Beucher, “Morphological segmentation,” Jour-
nal of Visual Communication & Image Representation, vol. 1, no.
1, pp. 21-46, 1990.

K. E. Savage and E. A. Davidson, “A comparison of manual and
automated systems for soil CO, flux measurements: trade-offs
between spatial and temporal resolution,” Journal of Experimen-
tal Botany, vol. 54, no. 384, pp. 891-899, 2003.

Y. Q. Cui, J. Y. Ma, and W. Sun, “Application of stable isotope
techniques to the study of soil salinization,” Journal of Arid
Land, vol. 3, no. 4, pp. 285-291, 2011.

S. Danierhan, A. Shalamu, H. Tumaerbai, and D. H. Guan,
“Effects of emitter discharge rates on soil salinity distribution
and cotton (Gossypium hirsutum L.) yield under drip irrigation
with plastic mulch in an arid region of Northwest China,”
Journal of Arid Land, vol. 5, no. 1, pp. 51-59, 2013.

R. Cakir, “Estimating the effect of controlled drainage on soil
salinity and irrigation efficiency in the harran plain using
saltmod,” Turkish Journal of Agriculture & Forestry, vol. 32, no.
2, pp. 101-109, 2008.

A.El-Keblawy, S. Gairola, and A. Bhatt, “Maternal salinity envi-
ronment affects salt tolerance during germination in Anabasis
setifera: a facultative desert halophyte,” Journal of Arid Land, vol.
8, no. 2, pp. 254-263, 2016.

X. H. Yang, A. Mamtimin, Q. He, X. C. Liu, and W. Huo,
“Observation of saltation activity at Tazhong area in Takli-
makan Desert, China,” Journal of Arid Land, vol. 5, no. 1, pp.
32-41, 2013.

W. Zeng, C. Xu, J. Wu, and J. Huang, “Soil salt leaching
under different irrigation regimes: HYDRUS-1D modelling and
analysis,” Journal of Arid Land, vol. 6, no. 1, pp. 44-58, 2014.

(71]

(72]

(74]

(75]

Scientific Programming

L.J. Chen and Q. Feng, “Soil water and salt distribution under
furrow irrigation of saline water with plastic mulch on ridge,
Journal of Arid Land, vol. 5, no. 1, pp. 60-70, 2013.

X. Zhao, H. Xu, P. Zhang, and Y. Bai, “Distribution of soil
moisture and salinity in shelterbelts and its relationship with
groundwater level in extreme arid area, Northwest of China,”
Water & Environment Journal, vol. 27, no. 4, pp. 453-461, 2013.

J. Abuduwaili, Y. Tang, M. Abulimiti, D. W. Liu, and L. Ma,
“Spatial distribution of soil moisture, salinity and organic
matter in Manas River watershed, Xinjiang, China,” Journal of
Arid Land, vol. 4, no. 4, pp. 441-449, 2012.

Z.Lv, A. Tek, E Da Silva, C. Empereur-Mot, M. Chavent, and M.
Baaden, “Game on, science—how video game technology may
help biologists tackle visualization challenges,” PLoS ONE, vol.
8, no. 3, Article ID 57990, 2013.

Z.Lv,]. Chirivella, and P. Gagliardo, “Bigdata oriented multime-
dia mobile health applications,” Journal of Medical Systems, vol.
40, no. 5, pp. 1-10, 2016.



Journal of ) )
Industrial Engineering

Applied
Computational
Intelligence and Soft
Computing—

The Scientific ~ BisEGEEEE
World Journal Sensor Networks

Advances in

Fuzzy
 Systems

Modelling &
Simulation
in Engineering

f—

Hindawi

Submit your manuscripts at
http://www.hindawi.com

Journal of:

Computer Networks
and Communications

{1 Advances in }
Artificial
Intelligence

Ink : Advances in

Biomedical Imaging Artificial
% ¥ 9, = Neural Systems
B L SR

A

International Journal of
Computer Games . Advances in
Technology Eew \ vare Engineering

Reconfigurable
Computing

\)
AW

e Computational Journal of
Human-Computer \nteH\gel)ce and 7% Electrical and Computer
Interaction Neuroscience Engineering

Journal of

Robotics




