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Figure 5. Category level analysis of agreement, omission disagreement and commission
disagreement for LULC maps of 2002 classified by (A) stratified and (B) unstratified
classification.

4.2. Spatiotemporal Dynamics of LULC Changes Using Intensity Analysis at Three Levels

Figure 6 shows maps from the stratified method for five time points. Built-up increased while
Agriculture decreased during all time intervals. Orchard increased since 1996. Woodland increased
except during 2002—-2010.

The interval level intensity analysis produced Figure 7. Each bar that extends to the left from the
middle axis is the change area. Each bar that extends to the right from the middle axis is the observed
change intensity. In terms of the right side of middle axis, if an interval’s bar ends before the uniform
line, then the change is relatively slow for that interval; if an interval’s bar extends beyond the uniform
line, then the change is relatively fast for that interval. Figure 7 shows that overall land change has
been accelerating across the four time intervals. Annual change is fastest during 2007—2010 though
interval change area was the smallest.

The category level intensity analysis for each time interval produced Figure 8. Each category has a
pair of bars, where one bar shows gross gain and the other shows gross loss. The vertical axis shows
the intensity of annual change during the time interval as a percent of the category. A horizontal line
shows a uniform intensity of annual change for the entire study area. If a bar ends below the uniform
line, then the change is relatively dormant for that category. If a bar extends above the uniform line,
then the change is relatively active for that category.

Woodland’s gains and losses were dormant while the gains and losses of Agriculture, Orchard,
Built-up and Bare land were active for all time intervals. This indicated that Woodland experienced
less intensively gains and losses than if the overall change were to have been distributed uniformly
across the landscape. Similarly, Agriculture, Orchard, Built-up and Bare land experienced more
intensively gains and losses than if the overall change were to have been distributed uniformly across
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the landscape. These results are consistent for all four time intervals, meaning that the pattern is
stationary at the category level intensity analysis. Water experienced gains more intensively than the
landscape in general except for 2007—2010 and experienced losses more intensively than landscape in
general across four time intervals. This indicates that Water’s losses were stationary while its gains
were not.

Figure 6. LULC maps of the JRW in 1986, 1996, 2002, 2007 and 2010.
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Figure 8. Category level intensity analysis, given the observed change during four
time intervals.
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In terms of transition level intensity analysis, we focused the transitions from Woodland,
Agriculture, Orchard and Water to Built-up, as urbanization is a hotspot in the coastal regions
throughout the world. Figure 9 shows the results for the transition level analysis in terms of transitions
from Woodland, Agriculture, Orchard and Water to Built-up. The four graphs in Figure 9A show the
analysis of the gain to Built-up. The horizontal axis shows the losing categories and the vertical axis
shows the transition intensity to Built-up. The four lower rows in Figure 9 show the analysis of the loss
of Woodland (B), Agriculture (C), Orchard (D) and Water (E). The horizontal axis shows the gaining
categories and the vertical axis shows the transition intensity. Figure 9A shows that Built-up’s gains
target Agriculture, Water and Orchard and avoid Woodland for all time intervals. Therefore the
transition from Woodland, Agriculture, Orchard and Water to Built-up is stationary, given the gain of
Built-up. Figure 9B shows that Built-up avoids Woodland’s loss for all time intervals. The three lower
rows of Figure 9 show that Built-up targets the losses of Agriculture, Orchard and Water respectively
for all time intervals. The transition from Woodland, Agriculture, Orchard and Water to Built-up is
stationary, given the loss of Woodland, Agriculture, Orchard and Water respectively. In Figure 9E,
Built-up generally targets Water’s loss more intensively than the loss of other categories. This may
reflect extensive reclamation in the Jiulong River estuaries in recent years. Intensity Analysis shows
that transitions from Agriculture to Built-up, from Orchard to Built-up and from Water to
Built-up are systematically targeting transition while the transition from Woodland to Built-up is a
systematically avoiding transition.
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Figure 9. Transition intensities from Woodland, Agriculture, Orchard and Water to Built-up, where figures in row A represent gains to
Built-up during the intervals 1986-1996, 19962002, 2002—2007 and 2007—-2010, respectively, while row B, C, D and E represent losses from
Woodland, Agriculture, Orchard and Water during the same intervals respectively.
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5. Discussion
5.1. The Performance of the Stratified Classification

The determinants of LULC classification performance include the classification algorithm,
characteristics of the study area, the classification scheme, the pixel spatial resolution, and the quality
of the reference data [37]. Stratified classification in this paper extracted subsets based on spectral
features and then classified each subset in a same scheme. This is different with hierarchical
classification, which classified images in hierarchical way [38,39]. Other studies have also used
stratified classification and spatial reclassification procedures to suppress the confusion in spectral
signals [21,40]. Liu and Yang [21] stratified the entire landscape into rural and urban subsets and then
classified each subset independently by using multiple endmember spectral mixture analysis. The
completeness and temporal accuracy of the road network data are critical for the success of landscape
stratification in Liu and Yang’s study. Unfortunately, we were not able to obtain accurate road network
data for the same year as the satellite images. Instead, we took the spectral features of vegetation in the
red band and water in the short-wave infrared band to make two masks. The image was then
partitioned into three subsets. Therefore, our image stratification doesn’t need ancillary data to clip the
image. We adopted ISODAT clustering to process each subset, because we were not able to gather
enough previous information about our study area.

The stratified classification produced lower overall error than the unstratified classification.
However, the stratified classification produced higher quantity disagreement (Figure 4). This was
mainly caused by the overestimation of Woodland and underestimation of Agriculture (Figure 5).
Specifically, the largest confusion in the stratified map is that the map shows Woodland where the
reference information shows Agriculture. Most of the error in the stratified map is due to this single
type of confusion.

5.2. Spatialtemporal Dynamics of LULC Change in the JRW

Intensity Analysis showed that land transformation has been accelerating across the four time
intervals, which is consistent with accelerating economic development in this coastal watershed of
Southeast China. This finding is similar to our prior study [41].

Woodland experienced dormant gains and losses, which exemplifies the large dormant category
phenomenon [42]. Agriculture, Orchard, Built-up and Bare land experienced active gains and losses.
These patterns are stationary at the category level intensity analysis. Our prior study had similar
observation that Agriculture and Built were active whereas Natural was a large dormant category [41].

The systematically targeting transitions from Agriculture to Built-up, Orchard to Built-up and
Water to Built-up might be attributable to the spatial proximity of those losing categories to
urbanization in recent years in the JRW. Towns tend to be in the flat areas, and agricultural activities
have historically also been located in these areas. Orchard is traditionally planted in the Zhangzhou
plain within downstream of the JRW. Therefore, as the Built-up expands spatially, it is likely to take
over Agriculture and Orchard. This explains why most gain of Built land surrounding the cities such as
Zhangzhou, Longhai and Longyan comes from Agriculture and Orchard. Moreover, urban reclamation
from Water, especially in the Jiulong River estuary, can explain the systematic transitions from Water
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to Built-up land in the JRW. Spatially expanding urban growth was identified as one of the leading
causes of regional arable land loss in Eastern Coastal China [43,44]. The systematically avoiding
transition from Woodland to Built-up was perhaps due to some forest protection policies and laws in
China, such as the Grain for Green policy implemented since 1999. But the more plausible explanation
is that Forest is far away from expanding cities, and Forest is a large dormant category.

The next steps in our research agenda is to check whether the LULC data derived from our
methodology are sufficiently accurate to indicate landscape change and the conclusions of Intensity
Analysis [45,46].

6. Conclusions

This study developed a stratified classification methodology to create a time series of LULC maps
in the JRW and analyzed the spatiotemporal dynamics of LULC with Intensity Analysis. The stratified
classification produced lower overall error than the unstratified classification. However, the stratified
classification produced higher quantity disagreement because the stratified map overestimated
Woodland and underestimated Agriculture. The sequence of stratified maps for five time points
showed that overall land change in the JRW has been accelerating, which is consistent with
accelerating economic development. Woodland is dormant in both gains and losses, while most all
other categories are active in both gains and losses, which might be because Woodland accounts most
of the JRW, especially in places far from land change. Transitions from Agriculture, Orchard and
Water to Built-up are systematically targeting and stationary.

Acknowledgments

This study was supported by the Natural National Science Foundation of China (Grant
No. 40901100), the Key Technologies Research and Development Program of China (Grant
No. 2013BAC06B01), and Funded by the Key Laboratory of Urban Environment and Health, Institute
of Urban Environment, Chinese Academy of Sciences (No. KLUEH201103). John Hodgkiss of The
University of Hong Kong is thanked for help with English.

Author Contributions

Conceived and designed the study: J.H., P.Z., and H.H. Provided intensity analysis method: R.G.P.
Performed the LULC classification and analysis: P.Z., J.H. Wrote the paper: P.Z.

Conflicts of Interest
The authors declare no conflict of interest.
References

1. Newton, A.; Icely, J.; Cristina, S.; Brito, A.; Cardoso, A.C.; Colijn, F.; Riva, S.D.; Gertz, F,
Hansen, JW.; Holmer, M.; et al. An overview of ecological status, vulnerability and future
perspectives of European large shallow, semi-enclosed coastal systems, lagoons and transitional
waters. Estuar. Coast. Shelf Sci. 2014, 140, 95-122.



Sensors 2014, 14 11656

10.

11.

12.

13.

14.

15.

16.

17.

Swaney, D.P.; Humborg, C.; Emeis, K.; Kannen, A.; Silvert, W.; Tett, P.; Pastres, R
Solidoro, C.; Yamamuro, M.; Henocque, Y. Five critical questions of scale for the coastal zone.
Estuar. Coast. Shelf Sci. 2012, 96, 9-21.

Huang, J.; Li, Q.; Huang, L.; Zhang, Z.; Mu, J.; Huang, Y. Watershed-scale evaluation for
land-based nonpoint source nutrients management in the Bohai Sea Bay, China. Ocean Coast.
Manag. 2013, 71, 314-325

Ruiz-Fernéndez, A.C.; Sanchez-Cabeza, J.-A.; Alonso-Hern&ndez, C.; Mart nez-Herrera, V.;
Pé&ez-Bernal, L.H.; Preda, M.; Hillaire-Marcel, C.; Gastaud, J.; Quejido-Cabezas, A.J. Effects of
land use change and sediment mobilization on coastal contamination (Coatzacoalcos River,
Mexico). Cont. Shelf Res. 2012, 37, 57-65.

Salazar, O.; Wesstrdm, I.; Joel, A.; Youssef, M.A. Application of an integrated framework for
estimating nitrate loads from a coastal watershed in south-east Sweden. Agric. Water Manag.
2013, 129, 56-68.

Randhir, T.O.; Hawes, A.G. Watershed land use and aquatic ecosystem response: Ecohydrologic
approach to conservation policy. J. Hydrol. 2009, 364, 182—-199.

Huang, J.; Huang, Y.; Zhang, Z. Coupled Effects of Natural and Anthropogenic Controls on
Seasonal and Spatial Variations of River Water Quality during Baseflow in a Coastal Watershed
of Southeast China. PLoS One 2014, 9, doi:10.1371/journal.pone.0091528.

Abd El-Kawy, O.R.; Ral, J.K.; Ismail, H.A.; Suliman, A.S. Land use and land cover change
detection in the western Nile delta of Egypt using remote sensing data. Appl. Geogr. 2011, 31,
483-494.

Huang, J.; Li, Q.; Tu, Z.; Pan, C.; Zhang, L.; Ndokoye, P.; Lin, J.; Hong, H. Quantifying
land-based pollutant loads in coastal area with sparse data: Methodology and application in China.
Ocean Coast. Manag. 2013, 81, 14-28

Srivastava, P.K.; Han, D.; Rico-Ramirez, M.A.; Bray, M.; Islam, T. Selection of classification
techniques for land use/land cover change investigation. Adv. Space Res. 2012, 50, 1250-1265.
Foody, G.M. Remote sensing of tropical forest environments: Towards the monitoring of
environmental resources for sustainable development. Int. J. Remote Sens. 2003, 24, 4035-4046.
Tayyebi, A.; Pijanowski, B.C. Modeling multiple land use changes using ANN, CART and
MARS: Comparing tradeoffs in goodness of fit and explanatory power of data mining tools. Int. J.
Appl. Earth Obs. Geoinf. 2014, 28, 102-116.

Lu, D.; Weng, Q. A survey of image classification methods and techniques for improving
classification performance. Int. J. Remote Sens. 2007, 28, 823-870.

Lu, D.; Mausel, P.; Brondizio, E.; Moran, E. Change detection techniques. Int. J. Remote Sens.
2004, 25, 2365-2401.

Hansen, M.C.; Loveland, T.R. A review of large area monitoring of land cover change using
Landsat data. Remote Sens. Environ. 2012, 122, 66-74.

Jensen, J.R. Introductory Digital Image Processing: A Remote Sensing Perspective, 3rd ed.;
Science Press and Pearson Education Asia Limited: Beijing, China, 2007.

Heinl, M.; Walde, J.; Tappeiner, G.; Tappeiner, U. Classifiers vs. input variables—The drivers in
image classification for land cover mapping. Int. J. Appl. Earth Obs. Geoinf. 2009, 11, 423-430.



Sensors 2014, 14 11657

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Liu, K.; Shi, W.; Zhang, H. A fuzzy topology-based maximum likelihood classification. ISPRS J.
Photogramm. Remote Sens. 2011, 66, 103-114.

Paneque-Gdavez, J.; Mas, J.-F.; Moré G.; Cristdpal, J.; Orta-Mart mez, M.; Luz, A.C.; Gueze, M;
Mac B, M.J.; Reyes-Garc &, V. Enhanced land use/cover classification of heterogeneous tropical
landscapes using support vector machines and textural homogeneity. Int. J. Appl. Earth Obs.
Geoinf. 2013, 23, 372-383.

Yang, X.; Lo, C.P. Using a time series of satellite imagery to detect land use and land cover
changes in the Atlanta, Georgia metropolitan area. Int. J. Remote Sens. 2002, 23, 1775-1798.

Liu, T.; Yang, X. Mapping vegetation in an urban area with stratified classification and multiple
endmember spectral mixture analysis. Remote Sens. Environ. 2013, 133, 251-264.

Lillesand, T.M.; Kiefer, R.W.; Chipman, JW. Remote Sensing and Image Interpretation;
John Wiley & Sons Ltd: New York, NY, USA, 2004.

Pontius, R.G., Jr.; Malizia, N.R. Effect of category aggregation on map comparison.
In Geographic Information Science; Springer: Adelphi, MD, USA, 2004; pp. 251-268.

Alo, C.A.; Pontius, R.G., Jr. Identifying systematic land-cover transitions using remote sensing
and GIS: The fate of forests inside and outside protected areas of Southwestern Ghana. Environ.
Plan. B 2008, 35, 280-295.

Aldwaik, S.Z.; Pontius, R.G., Jr. Intensity analysis to unify measurements of size and stationarity
of land changes by interval, category, and transition. Landsc. Urban Plan. 2012, 106, 103-114.
Braimoh, A.K. Random and systematic land-cover transitions in northern Ghana. Agric. Ecosyst.
Environ. 2006, 113, 254-263.

Romero-Ruiz, M.H.; Flantua, S.G.A.; Tansey, K.; Berrio, J.C. Landscape transformations in
savannas of northern South America: Land use/cover changes since 1987 in the Llanos Orientales
of Colombia. Appl. Geogr. 2012, 32, 766-776.

Shoyama, K.; Braimoh, A.K. Analyzing about sixty years of land-cover change and associated
landscape fragmentation in Shiretoko Peninsula, Northern Japan. Landsc. Urban Plan. 2011, 101,
22-29.

Versace, V.L.; lerodiaconou, D.; Stagnitti, F.; Hamilton, A.J. Appraisal of random and systematic
land cover transitions for regional water balance and revegetation strategies. Agric. Ecosyst.
Environ. 2008, 123, 328-336.

Huang, J.; Pontius, R.G., Jr.; Li, Q.; Zhang, Y. Use of intensity analysis to link patterns with
processes of land change from 1986 to 2007 in a coastal watershed of southeast China. Appl.
Geogr. 2012, 34, 371-384.

Huang, J.-L.; Hong, H.-S.; Zhang, L.-P.; Du, P. Study on predicting soil erosion in Jiulong River
watershed based on GIS and USLE. J. Soil Water Conserv. 2004, 18, 75-79.

Deng, J. Study on the automatic extraction of water body information from SPOT-5 images using
decision tree algorithm. J. Zhejiang Univ. (Agric. Life Sci.) 2005, 31, 171-174.

Gao, Z.-F.; Niu, H.-P.; Liu, J.-P. Extraction of vegetation fraction information from CBERS
images based on VBSI vegetation index in Kaixian County. Trans. Nonferrous Metals Soc. China
2011, 21, s712-s716.



Sensors 2014, 14 11658

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

Jiang, Z.; Huete, A.R.; Chen, J.; Chen, Y.; Li, J.; Yan, G.; Zhang, X. Analysis of NDVI and
scaled difference vegetation index retrievals of vegetation fraction. Remote Sens. Environ. 2006,
101, 366-378.

Pontius, R.G., Jr.; Millones, M. Death to Kappa: Birth of quantity disagreement and allocation
disagreement for accuracy assessment. Int. J. Remote Sens. 2011, 32, 4407-4429.

Gao, Y.; Marpu, P.; Niemeyer, I.; Runfola, D.M.; Giner, N.M.; Hamill, T.; Pontius, R.G., Jr.
Object-based classification with features extracted by a semi-automatic feature extraction
algorithm-SEaTH. Geocarto Int. 2011, 26, 211-226.

Shao, Y.; Lunetta, R.S. Comparison of support vector machine, neural network, and CART
algorithms for the land-cover classification using limited training data points. ISPRS J.
Photogramm. Remote Sens. 2012, 70, 78-87.

Mitrakis, N.E.; Mallinis, G.; Koutsias, N.; Theocharis, J.B. Burned area mapping in
Mediterranean environment using medium-resolution multi-spectral data and a neuro-fuzzy
classifier. Int. J. Image Data Fusion 2012, 3, 229-318.

Gueguen, L.; Ouzounis, G.K. Hierarchical data representation structures for interactive image
information mining. Int. J. Image Data Fusion 2012, 3, 221-241.

Yang, X. An assessment of landscape characteristics affecting estuarine nitrogen loading in an
urban watershed. J. Environ. Manag. 2012, 94, 50-60.

Huang, J.; Klemas, V. Using Remote Sensing of Land Cover Change in Coastal Watersheds to
Predict Downstream Water Quality. J. Coast. Res. 2012, 28, 930-944.

Pontius, R.G.; Gao, Y.; Giner, N.M.; Kohyama, T.; Osaki, M.; Hirose, K. Design and
interpretation of intensity analysis illustrated by land change in Central Kalimantan, Indonesia.
Land 2013, 2, 351-369.

Liu, Y.; Wang, L.; Long, H. Spatio-temporal analysis of land-use conversion in the eastern coastal
China during 1996-2005. J. Geogr. Sci. 2008, 18, 274-282.

Seto, K.C.; Fragkias, M. Quantifying spatiotemporal patterns of urban land-use change in four
cities of China with time series landscape metrics. Landsc. Ecol. 2005, 20, 871-888.

Aldwaik, S.Z.; Pontius, R.G., Jr. Map errors that could account for deviations from a uniform
intensity of land change. Int. J. Geogr. Inf. Sci. 2013, 27, 1717-1739.

Pontius, R.G., Jr.; Lippitt, C.D. Can error explain map differences over time? Cartogr. Geogr. Inf.
Sci. 2006, 33, 159-171.

© 2014 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article
distributed under the terms and conditions of the Creative Commons Attribution license
(http://creativecommons.org/licenses/by/3.0/).



