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Changes of Wiang Nong Lom and Nong Luang
Wetlands in Chiang Saen Valley (Chiang Rai

Province, Thailand) During the Period 1988–2017

1

2

3

Nuttiga Hempattarasuwan, George Christakos, and Jiaping Wu4

Abstract—Pressure on the Wiang Nong Lom and Nong Lu-5
ang wetland resources in the Chiang Saen Valley of Chiang Rai6
Province (Thailand) has increased in recent years with the ex-7
pansion of farmlands and other major sources of wetland conflict8
related to public land encroachment. Both of these wetlands have9
been designated as strategic ecosystems. Yet, there is a limited10
understanding of the way different wetlands respond to change11
drivers (agriculture, climate, population, etc.), and currently no12
scientifically valid protocols exist for local wetland mapping and13
monitoring. Distinguishing between small wetlands and land use14
and land cover (LULC) components is a challenging affair due15
to the highly heterogeneous landscape and spectral similarity of16
compositionally different types of tropical regions. The goals of17
this article are both technological and substantive, i.e., it aims to18
(A) propose a synthesis of quantitative techniques that can improve19
LULC mapping using remotely sensed data (Landsat TM, ETM+,20
OLI), and (B) assess the wetland changes during the last three21
decades and better understand the interaction between wetland22
changes, human population, and the environment. In regards to23
goal (A), the proposed classification approach employed a synthesis24
of techniques of decision tree classification (DTC), maximum likeli-25
hood classification (MLC), and Mahalanobis distance classification26
(MDC), with different bands and ancillary data inputs. The results27
demonstrated that the implementation of the DTC algorithms to28
address LULC mapping problems exhibited an overall mapping29
accuracy of 83.9%, which is significantly higher than that of MLC30
and MDC. It was found that the DTC technique performs well

Q1
31

when combined with visible, NIR, and shortwave-infrared bands, a

Q2

32
digital elevation model and normalized difference vegetation index33
layers. Subsequently, the postclassification analysis using DTC34
showed a notable improvement of approximately 88.0% classifica-35
tion accuracy. Regarding goal (B), our results showed that during36
the last 30 years, wetland areas in the Chiang Saen Valley have ex-37
perienced a dramatic decrease of 30.5%, whereas forest landscape38
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surrounding the wetlands has decreased by an astonishing 50.9%. 39
Contrarily, we found that agricultural land size has increased by 40
24.3%. We suggest that ground data can be linked to the etiology 41
of these results, including the gradual conversion of wetlands to 42
rice cultivation fields as a result of the government rice pledging 43
scheme. Large areas in the study region have been cultivated by 44
para-rubber, palm oil, and pineapple agribusiness production since 45
2003. In addition, short-term subsidizing government policies pro- 46
mote intensive production for commercial agriculture prompting 47
farmers to transition from subsistence to commercial farming, 48
further impacting wetland conversion. As a result, and in further 49
view of the fact that rapidly expanding agricultural areas have 50
contributed significantly to the decrease of wetland areas during 51
the last three decades, the Chiang Saen Valley wetlands have been 52
designated as wetlands of international importance. The overall 53
recommendation of the present work is that special land-use policy 54
and relevant regulation and/or legislation are critical components 55
of any effort to achieve wetland sustainability. Q356

Index Terms—Chiang Saen Valley, decision tree (DT), land cover, 57
land use, remote sensing, Thailand, wetlands. 58

I. INTRODUCTION 59

W ETLAND ecosystems provide significant benefits to 60

human populations and help maintain and provide pro- 61

tection to wildlife. The development and conversion of wetland 62

areas to other land use types (silviculture, agricultural use, etc.) 63

affects wetland functioning [29]. In developing countries, such 64

as Thailand, and in many other countries around the world, 65

wetlands have been degraded and demonstrate disappearing 66

environmental conditions [50]. Thailand consists of roughly 67

7.5% wetlands, most of which are small. 14 of them have been 68

registered as Ramsar sites (www.ramsar.org) and are wetlands of 69

national and international importance; 69 sites have been desig- 70

nated as non-Ramsar wetlands of international importance [46]. 71

A total of 47 are sites of national importance [46], and more than 72

40 000 wetland sites are designated as sites of local importance 73

[53]. There is limited available data regarding systematic conser- 74

vation of wetlands in this country. A total of 22 sites in northern 75

Thailand have been classified as inland wetlands. Northern 76

people rely heavily on wetlands for food and water. The northern 77

wetlands have been lost or degraded primarily due to their con- 78

version to agricultural and aqua-cultural uses and grazing [46]. 79

The small-scale wetlands of Wiang Nong Lom and Nong 80

Luang in the Chiang Saen Valley of Chiang Rai Province are sur- 81

rounded by low mountains and hills. They experience extended 82
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periods of warm weather because of their inland nature and83

tropical latitude zone [49]. They perform important ecological84

functions and are characterized by complexity and heterogeneity85

in their landscapes. They are important places for cultural, social86

and recreational activities, as well as for agriculture [47], [48].87

A large number of people live in and around them and depend88

heavily on the wetland’s resources for their livelihoods. Follow-89

ing the Nong Bong Kai Strategic Wetland Management Plan90

[31], government agencies have attempted to adopt Ramsar plan-91

ning guidelines for community-based management. This strate-92

gic plan covers not only the area of the Nong Bong Kai wetland93

(designated as a Ramsar site in 2001), but also the surrounding94

areas including the Wiang Nong Lom and Nong Luang wetlands95

(in the Chiang Saen Valley). Interestingly, the two wetlands in96

the Chiang Saen Valley were designated as sites of international97

importance to Thailand and to their locale near the Nong Bong98

Kai wetland. They are part of an ecological connectivity net-99

work of wildlife, water birds, ducks, and migratory birds [31].100

However, both are being destroyed and degraded rapidly. The101

Chiang Saen Valley wetlands are now one of the most seriously102

threatened wetlands in Northern Thailand. They have undergone103

water level reduction due to withdrawal by drainage, conversion104

to agricultural uses, water pollution, overharvesting, overex-105

ploitation, introduction of invasive species (particularly Mimosa106

pigra), and a lack of awareness and knowledge of wetland107

values [31], [47], [53]. Altering wetlands through cultivation108

can have an adverse impact on the wetland ecosystem. It has led109

to a reduction in wetland size, water scarcity in the wetland110

areas, and in a reduction of the fishery and buffalo grazing111

areas.112

Understanding wetlands and their surrounding areas could113

help evaluate wetland ecosystems and provide useful informa-114

tion to environmental protection agencies. Accordingly, wetland115

mapping and monitoring are important tools that can improve116

our understanding of wetland functioning and response to natu-117

ral and anthropogenic activities [1]. Additionally, remote sens-118

ing data that can identify differences between images at different119

times is important in the detection of wetland change [43],120

[57]. Long-term change detection can help us better understand121

wetland trends and sudden changes, and to protect and analyze122

the dynamics of wetlands. In this article, the magnitude of123

wetland change can be measured; area size estimation plays a124

prominent role in ongoing efforts aimed at optimizing wetland125

use and impacting policy decisions [25].126

Numerous research studies have put forth a significant effort127

to produce land cover maps that include wetlands at a global,128

continental, and regional scale by using AVHRR [45], MODIS129

[11], SPOT [9], and other high spatial systems and spectral reso-130

lution optical sensors, such as aerial photography, hyperspectral131

sensors, LiDAR, WorldView [5]. Landsat satellite imagery has132

been widely used for regional scale wetland mapping and mon-133

itoring in recent years [12], [20].134

Various classification techniques have been used to improve135

classification accuracy. Methods, such as ISODATA, maximum136

likelihood, Mahalanobis distance, and minimum distance are the137

most common approaches to wetland mapping [4]. However, due138

to spectral confusion with different cover classes among various 139

types of wetlands, classification is difficult. 140

The K nearest neighbors [36], the decision tree (DT) [15], 141

[27], the support vector machine [15], [36], and the ran- 142

dom forest [36] are the classification algorithms most com- 143

monly used to improve wetland classification accuracy [41]. 144

Moreover, several studies have shown that combining ancil- 145

lary data with image classification can increase classification 146

accuracy [41]. 147

A review of the relevant literature reveals that most wetland 148

remote sensing studies emphasize the regional or the national 149

scales and that very few consider the continental or global 150

scales. These studies can influence policy and help policymakers 151

understand issues more clearly, and they can lead to policies 152

that address reality in rational ways. However, as regards wet- 153

land research at the regional scale and the image classification 154

methods most often applied for this purpose, very few studies 155

of small-scale wetlands utilize Landsat imagery. 156

Landsat imagery generates the long time series available in 157

Landsat archives with suitable spatial and spectral resolutions, 158

and cost free features. Therefore, Landsat data was used in the 159

study of the specific area of this artilce. Additionally, applying 160

Landsat data to investigate local small-scale wetland dynam- 161

ics in a developing country, such as Thailand, with the aim 162

to understand the relevant drivers and policies, may fill the 163

knowledge gaps in this specific region, given the limited data 164

sources presently available. 165

Communities in Thailand have identified problems and raised 166

their concerns about wetlands. In particular, the inventory and 167

monitoring of wetlands in the Chiang Saen Valley (marsh versus 168

swamp versus nonwetlands) can help communities to manage 169

and address their problems and issues. 170

Although there is an absence of reliable data, the continu- 171

ing loss and degradation of wetlands is an ongoing concern 172

to stakeholders, and there are no scientifically valid protocols 173

for wetland monitoring in the region. As such, the following 174

questions will be answered. 175

i) Which image classification method is best suited to clas- 176

sify land use and land cover (LULC) of wetlands and 177

adjacent areas and provide the best result from Landsat 178

imagery? 179

ii) How have they varied over the last three decades? 180

iii) What are the primary forces driving these changes (e.g., 181

population, policies, climate change)? 182

iv) What are recommended steps to optimize wetland 183

management? 184

A summary of the findings of this article regarding these 185

questions can be found in the conclusion section. 186

In response to these questions, a search for empirical evidence 187

to help manage natural resources, resolve conflicts and effec- 188

tively manage common pool resources of wetland areas among 189

stakeholders is urgently needed. Therefore, the objectives of this 190

article are twofold: First, to explore approaches that can improve 191

LULC classification of Landsat data, and, secondly, to assess 192

quantitatively wetland changes between 1988 and 2017 and 193

improve the understanding of human population-environment 194
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Fig. 1. Elevation map of the study area in the Chiang Rai Province of North
Thailand.

interaction. We hypothesized that: policy and population influ-195

ence wetland changes, such as wetland size and degradation;196

and the decision tree classification (DTC) approach can provide197

better classification than traditional approaches in heteroge-198

neous landscapes by using Landsat data.199

II. STUDY AREA200

The Wiang Nong Lom and Nong Luang wetlands (Chiang201

Saen Valley) are adjacent to each other and cover an area of202

roughly 31 km2 [47]. These wetlands and their surrounding203

areas, known as catchment areas, occupy approximately 108204

km2. They encompass areas in the Takhaopleuk, Chan Chawa,205

Chan Chawa Tai, Jomsawan, and San Sai subdistricts of Mae206

Chan District, as well as areas in Yonok subdistrict of Chi-207

ang Saen District of Chiang Rai Province in North Thailand208

(20°8
′
1
′ ′−20°14

′
35

′ ′
N, 99°54

′
1
′ ′−100°3

′
49

′ ′
E; Fig. 1) at an el-209

evation range of 358–646 m above mean sea level. A number of210

creeks and local rivers flow from the southwest and the south to211

the east parts of the region, they subsequently join the Mae Lua212

River at the wetlands, and finally they flow into the Mae Kok213

and Mekong Rivers.214

Stakeholders, such as farmers, fishermen, buffalo raisers, local215

ornithologists, and government officials who live in and around216

wetlands depend on wetland resources for their livelihood. These217

wetlands provide numerous beneficial services. They act as a218

temporary storage site of floodwaters that drain from the sub-219

basins of the Mae Kok and Mekong Rivers. They serve as a water220

source for farmers, and they also serve the general day-to-day221

water needs of households and the local population, especially222

during the dry season. Wetland areas are food sources for local223

communities, and they act as a habitat for many different fish224

species and wildlife, including migratory birds. The IUCN red225

list of threatened bird species, in particular the Eastern Grass226

Owl (Tyto longimembris) and Pied Harrier (Circus melanoleu-227

cos), are found in this wetland area [2], [3]. There were 311 and228

376 plant species found within the Wiang Nong Lom and Nong229

Luang wetlands, respectively [47], [48]. This area is also the230

home to the largest population of buffalo in Northern Thailand231

[44]. In addition, 77 archaeological sites and historic settlements232

of five ethnic groups are located within the boundaries of the233

wetlands [44].234

TABLE I
LANDSAT IMAGES USED IN THIS STUDY

III. DATA AND METHODOLOGY 235

A. Datasets 236

In this article, Landsat data (path/row: 130/46) was 237

downloaded from the U.S. Geological Survey Earth Resources 238

Observation and Science Center (https://espa.cr.usgs.gov/) 239

with cloud cover less than 10%. All images were reprojected 240

to WGS 84/UTM zone 47N, and were collected during a dry 241

season at the same seasonal time of the year to reduce problems 242

due to sun angle differences and vegetation phenology changes 243

[57] as reflected in Table I. The image selection was based 244

on the following: the acquisition of cloud-free imagery; the 245

availability of ancillary data and field information to provide 246

LULC delineation and classification; a short-term change focus 247

in order to produce time-consistent maps; and the lack of abrupt 248

changes in the study areas [31], [47], [48]. 249

The terrain’s elevation values of a digital elevation model 250

(DEM) with a 90-m spatial resolution obtained from the shuttle 251

radar topography mission were resampled at a 30-m spatial 252

resolution. Population data was derived from the censuses of 253

1993 to 2017 that are available at the Department of Provincial 254

Administration. An autoregressive integrated moving average 255

model (ARIMA; [18]) was used to predict the population size 256

in the years 2020, 2030, and 2040 to predict population size 257

over time and to be able to consider its possible impact on 258

wetland change in the future [6], [19]. Meteorological data from 259

1988 to 2017 (air temperature and rainfall) was collected at the 260

nearest station to the study area (The Chiang Rai Meteorological 261

Station). Some key-informant interviewees and focus groups 262

could provide information helpful to understanding the general 263

changes in wetlands and the impact those changes have on 264

livelihoods. 265

The locations of field samples were obtained during the period 266

March 1–5, 2017 for a particular LULC class (surveying sites 267

on a 100 m × 100 m grid of sampling units). The samples 268

generated data at a total of 534 sites. At 618 sites in areas 269

where field observation was difficult, high-resolution images 270

(freely accessible from GoogleEarth) were used for calibration 271

and validation purposes. GoogleEarth imagery was acquired on 272

March 20, 2011 and February 8, 2017. For historical images 273

before 2006, reference data were sampled according to land use 274

mapping for LULC maps for the Kok River Basin in 1994 [30], 275

the agricultural resources maps for 2000 in Northern Thailand 276

[39], the provincial soil and land use maps in 2000 [23], and 277

the Northern Region of Thailand for 2000–2002. Whereas, to- 278

pographic maps in 1992, LULC maps for the Kok River Basin in 279

1998 [40], and orthophoto maps in 2002 were used to assist with 280

the training sample selection and applied as a reference to assess 281

https://espa.cr.usgs.gov/
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the accuracy for the 1988, 1994, and 2000 images. Evaluation282

of the results was also made visually based on natural color283

composition [57]. Additionally, prior knowledge of the study284

areas and interviews with local experts were used to determine285

LULC in the study area and were used to create reference286

data [36].287

B. Image Preprocessing288

Image data was processed by the ERDAS IMAGINE. ENVI289

5.3 software was used for DTC. Atmospheric correction from the290

USGS EROS Center was applied to Landsat surface reflectance.291

The normalized difference vegetation index was calculated from292

Landsat data, and used to distinguish vegetation from nonvege-293

tation areas [43].294

Remote sensing systems have been developed to measure295

the reflected and emitted energy at various wavelengths based296

on TM, ETM+ and OLI sensors of the Landsat 5, 7, and 8,297

respectively. Consider, e.g., the visible spectrum of the Landsat 8298

images, in which the light waves occupy a small portion of299

the electromagnetic spectrum with the blue (wave length300

0.45–0.51 µm), the green (0.53–0.59 µm) and the red301

(0.64–0.67 µm) bands, whereas the NIR (0.85–0.88 µm)302

band is adjacent to visible bands [56]. These spectral bands are303

commonly used in the LULC mapping. Additionally, they have304

higher values for shortwave-infrared bands. SWIR1 (1.57–1.65305

µm) is well suited for nonwater land cover types and SWIR2306

(2.11–2.29 µm) is for all land cover types [56]. The most307

suitable bands were selected using spectrum characterization.308

Three visible bands (blue, green, and red), one NIR band,309

and two shortwave-infrared bands (SWIR1 and SWIR2) were310

combined with DEM and NDVI to establish the DT classifier,311

maximum likelihood classification (MLC), and Mahalanobis312

distance classification (MDC) purposes. The same number of313

bands was used in DTC as in MLC and MDC, thereby avoiding314

bias. All layers were resampled at a 30-m spatial resolution by315

using the nearest neighbor resampling method.316

C. Classification Scheme317

The initial LULC classes were divided into nine subclasses318

on the basis of spectral separability, and then similar spectral319

subclasses were combined with its recode utility into five classes320

(see Table II). A transformed divergence (TD) measure was used321

to determine the statistical separability among LULC classes.322

The TD assigns exponentially decreasing weights to increasing323

class separations. The divergence values (DVs) have been trans-324

formed at a scale ranging from 0 to 2000: DV > 1900 implies325

that the classes can be separated, if 1700 < DV < 1900, the326

separation is fairly good, whereas for DV< 1700, the separation327

is considered poor [14]. The obtained TD 2000 values indicated328

the high separability of each pair of subclasses in Table II to329

be considered for further analysis. The LULC classes were330

delineated based on the Anderson classification system [13] and331

Land Development Department system of Thailand [22] (see332

Table II).333

TABLE II
LAND USE AND LAND COVER CATEGORIES DELINEATED FOR CLASSIFICATION

D. Preprocessing of Calibration and Validation Data 334

Training areas were selected within each of the LULC classes 335

based on stratified random sampling [37]. This method was 336

used to divide all Landsat images into calibration (or training) 337

pixels to train the selected classification models and validation 338

(or testing) pixels to access map quality for all land cover 339

categories. The pixels were collected by random sampling using 340

visual interpretation, prior knowledge of local topography from 341

field survey with visual interpretation of Google Earth images, 342

orthophoto maps, and land use data. The same calibration and 343

validation datasets were used for all classifiers. Approximately 344

three-fourths of these pixels were assigned to calibrate and 345

construct the DTs, and the remainder was used for validation 346

purposes. 347

Images were converted into ASCII format and then used to 348

perform DTC. Once the most appropriate bands were selected, 349

a decision rule set was generated using the Landsat datasets 350

in a WEKA J48 DT algorithm. The DTs were generated using 351

the J48 DT-inducing algorithm C4.5 algorithm for classifica- 352

tion [17]. The default J48 DT uses pruning based on a 0.25 353

confidence factors setting and using a ten-fold cross-validation 354

approach to avoid unnecessary complexity and data overfitting. 355

The minimum numbers of object pruning were set to 10, 15, and 356

20 to the dataset. The results were then compared to determine 357

which number of object pruning was the most suitable based on 358

its impact on overall accuracy. The training sites were modified 359

until reliable training sets were obtained and good classification 360

accuracy was achieved. 361

E. Spectral Analysis 362

Since different sensors were used, the Landsat mean and 363

standard deviation for the training samples were estimated and 364

plotted (see Fig. 2). The different features of the LULC sub- 365

classes in the TM image [see Fig. 2(a)] and the operational land 366

imagery [OLI, Fig. 2(b)] display the reflectance values in the 367

different bands of the TM and OLI sensors. The spectral features 368
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Fig. 2. Mean spectral profile curves of the selected training samples from
(a) Landsat TM and (b) OLI data. Error bar indicates ± one standard deviation.

of the LULC subclasses are spectrally distinguishable between369

the NIR and SWIR regions, whereas visible bands differ slightly370

in their reflectance values.371

F. Image Classification372

Previous studies have demonstrated that two commonly used373

classifiers, MLC and MDC, are effective tools in the classifica-374

tion of wetlands and LULC in the same Mekong region [4],375

[54]. Thus, we included these two classifiers in this article.376

We also examined a nonparametric classifier, DT, with the aim377

to improve classification given the fact that a combination of378

Landsat and DEM data is likely not normally distributed.379

DT construction involves the recursive partitioning of the380

input training dataset into increasingly homogeneous subsets381

on the basis of tests applied to one or more of the feature space382

values [27]. The maximum likelihood decision rule is based on383

the probability of a pixel belonging to a particular LULC class384

and the members of each class follow a Gaussian frequency385

distribution in featured space [27]. A Mahalanobis distance386

decision is based on the covariance matrix, it relies on a normal387

distribution of the data in each input band, and it assumes that388

all class covariances are equal [54].389

G. Postclassification Corrections 390

Postclassification corrections can make the output of classi- 391

fication images smoother and can remove related misclassified 392

pixels [43]. A 3 × 3-pixel majority filter was applied to elimi- 393

nate a salt-and pepper appearance. Visual image interpretation 394

through google earth images, orthophoto maps, topographic 395

maps, and land use data were used to manually assign classes to 396

misclassified pixels. 397

In addition to the classified and postclassified maps, we per- 398

formed McNemar statistical significance test [10] to check any 399

significant difference of accuracies. 400

H. Map Changes 401

A cross-tabulation analysis was performed for the time period 402

1988 to 2017 aimed at identifying change transition. Conse- 403

quently, the LULC statistics, historical changes and change 404

trends were analyzed. 405

IV. RESULTS 406

A. Accuracy Assessment 407

Accuracy assessment used a stratified random design to iden- 408

tify reference points for each of the five LULC classes of 409

Table II. The strengths and weaknesses of using each technique 410

in LULC classification were represented for both diversified and 411

homogenous landscapes. 412

The performance of a classifier on the set of validation data of 413

the 2017 LULC map given in Table III demonstrates that DTC 414

produces the best results among the selected classifiers, since 415

Landsat data was fused with DEM, and it is unlikely that the 416

fused data is normally distributed. DTC performs much better 417

than traditional techniques, such as MLC and MDC, with an 418

overall accuracy exceeding 79%. Therefore, the application of 419

MLC and MDC can be excluded, but can remain experiments 420

of Landsat, and a synergy of Landsat and DEM using DTC. 421

Since DT algorithms are nonparametric, datasets with dif- 422

ferent spatial resolutions can be used together with ancillary 423

datasets, such as DEM and NDVI. It also allows a multistate 424

classification to be performed, which splits the input dataset 425

into increasingly homogenous subsets [21]. 426

A comparison of overall accuracy of DT techniques with 427

the minimum number of instances per leaf to branch was set 428

at 10. Combining Landsat data with ancillary data to produce 429

a refined LULC map, DTCb (contains blue, green, red, NIR, 430

SWIR1, DEM, NDVI) produced the highest level of overall 431

accuracy, 83.9%, which exceeded that of DTCa (blue, green, 432

red, NIR, DEM, NDVI layers) and DTCc (blue, green, red, 433

NIR, SWIR1, SWIR2, DEM, NDVI layers) that exhibited an 434

overall accuracy of 81.9% and 79.1%, respectively. Producer’s 435

accuracy is a measure of omission error or a measure of the 436

probability of reference pixels being correctly classified [28]. 437

The producer’s accuracies of DTCa consist of blue, green, red, 438

NIR, DEM, NDVI layers and DTCb contain blue, green, red, 439

NIR, SWIR1, DEM, NDVI layers; the wetland class accuracy 440

was 80% which was manifestly higher than DTCc with blue, 441

green, red, NIR, SWIR1, SWIR2, DEM, NDVI layers (74%). 442
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TABLE III
PRODUCER’S AND USER’S ACCURACY, AND OVERALL ACCURACY OF LULC CLASSIFIERS OF THE LULC MAP IN 2017 BY DIFFERENT CLASSIFICATION METHODS

Abbreviations: MLC, Maximum likelihood classification; MDC, Mahalanobis distance classification; DTC, Decision tree classification; PA,
Producer’s accuracy; UA, User’s accuracy.
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TABLE IV
McNEMAR’S TEST SHOWING THE COMPARISON OF CLASSIFIER PERFORMANCE

TABLE V
ERROR MATRIX FOR LULC MAP IN 2017 ACQUIRED BY DTC WITH POSTCLASSIFICATION CORRECTIONS

Moreover, the user’s accuracy is a measure of commission error;443

it is determined by dividing the total number of correct pixels in444

each category by the number of pixels that were classified in that445

category [37]. The 80% user’s accuracy of DTCa (blue, green,446

red, NIR, DEM, NDVI layers) of the wetland class was found447

to be higher than others. The majority of classification errors448

in each DTC from different layers are the misclassification of449

wetland as agricultural land or a water body.450

DT often produces a very large tree that can be incomprehen-451

sible even to experts [16]. Pruning is used to avoid overfitting in a452

DT and the unnecessary complexity of final classifiers as well as453

to improve predictive accuracy. The minimum number of object454

pruning was set as 10, 15, and 20 to a specific threshold value.455

It revealed that although the higher number of pruned objects456

simplified the tree, it reduced the overall classification of the DT457

approach.458

The results of McNemar’s test represent the number of pixels459

correctly or incorrectly classified by two classification methods460

[10] (see Table IV). The symbol f11 denotes the number of cases461

correctly classified by both classification methods, whereas,462

f22 denotes the number of cases incorrectly classified by both463

classification methods. Also, f12 denotes the number of cases464

that are correctly classified by classification 1, but incorrectly465

classified by classification 2, whereas f21 denotes the number466

of cases that are incorrectly classified by classification 1, but467

correctly classified by classification 2. The McNemar’s test468

confirms that there is a significant difference in the accuracy469

of the classification derived by DTCa with leaf of 10 and DTCb470

with leaf of 10; DTCb with leaf of 10 and DTCc with leaf471

10. Additionally, it clearly shows a significant difference in the472

accuracy of the classification derived from DTCb with leaf of473

10 and postclassification.474

Postclassification method was used to reclassify the pixels475

that were misclassified during DTC. The DTCb (Blue, green,476

red, NIR, SWIR1, DEM, and NDVI) with postclassification 477

corrections provides satisfactory results by minimizing misclas- 478

sifications; the producer’s and the user’s accuracy of wetland 479

classification increased greatly from 80.0% to 96.0% and 78.4% 480

to 87.3%, respectively. However, it still failed to distinguish 481

wetlands from agricultural land, building and villages, and water 482

bodies as given in Table V. The overall accuracy of the LULC 483

maps in the years 1988, 1994, 2000, 2006, 2011, and 2017 is 484

presented in Table VI. 485

B. Long-Term Changes 486

We detected long-term changes in the spatial distribution of 487

LULC types over the past 30 years. Fig. 3(a)–(l) represents 488

Landsat images and classification maps obtained during the 489

years 1988 and 2017. As is shown in Fig. 3(b), (d), (f), (h), 490

(j), and (l), agricultural areas increased by 24.3% during the 491

period 1988–2017. Conversely, forest areas decreased 55.5% 492

from 1994 to 2017. Wetland areas decreased significantly 30.5% 493

over the 30-year period. The conversion of wetland area to 494

agricultural area is the major cause of areal shrinkage. The large 495

forest loss is attributed to conversion to agricultural land. 496

C. Map Changes 497

Fig. 4 below shows the proportion of spatial changes of 498

the LULC in wetlands and adjacent areas. The proportion of 499

agricultural land tended to increase from 2006 to 2017 and the 500

highest proportion of agricultural area was near 70% of the total 501

in 2017. The percentage of forest area tended to decrease; only 502

approximately 9% of forest remained as of 2017. This is mainly 503

caused by the conversion to agriculture. There is a decrease in 504

the proportion of wetland cover on the landscape from roughly 505

25% in 1988 to 17% in 2017, whereas areas of building and 506
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Fig. 3. Results of the Landsat images (a, c, e, g, i, k) and classified maps (postclassification) (b, d, f, h, j, l) of 1988, 1994, 2000, 2006, 2011, and 2017.
(a) Landsat TM Bands 432-RGB (1988). (b) Postclassification (1988). (c) Landsat TM Bands 432-RGB (1994). (d) Postclassification (1994). (e) Landsat ETM+
Bands 432-RGB (2000). (f) Postclassification (2000). (g) Landsat TM Bands 432-RGB (2006). (h) Postclassification (2006). (i) Landsat TM Bands 432-RGB
(2011). (j) Postclassification (2011). (k) Landsat OLI Bands 543-RGB (2017). (l) Postclassification (2017).

Fig. 4. Study area by land use and land cover classes from 1988 to 2017.

villages and water bodies both increased slightly during the507

relevant periods.508

The changes in wetlands and their surrounding areas, as de-509

termined by a comparison of maps from 1988 to 2017. In term of510

the net changes, they included a loss of wetland area (8.19 km2)511

and forest (9.91 km2), whereas agricultural areas experienced a512

larger change by adding 14.63 km2. In contrast, water bodies513

and building/villages showed a less profound change having 514

only increased by 2.03 km2 and 1.44 km2, respectively. From 515

1988 to 2017, approximately 66% of forest cover was turned 516

into agricultural land. In addition, 31% and 7% of the total 517

wetland areas were converted to agricultural land and water 518

bodies, respectively. There was actual change in the wetland 519

areas of Takhaopleuk, Chan Chawa, Chan Chawa Tai, and Yonok 520

Sub-districts as those wetland areas were converted to rice fields 521

and farm ponds. 522

D. Wetland Change and Human-Environment Interaction 523

We addressed this issue by examining human population and 524

land use factors and related concerns. The graphs in Fig. 5(a) and 525

(b) display approximate relationships between pairs of variables. 526

Specifically, Fig 5(a) depicts population trends from 1993 to 527

2017 together with the varying wetland area sizes (the forecasted 528

population sizes for 2020, 2030, and 2040 will be discussed in 529

Section V); and Fig 5(b) represents negative correlation between 530

wetland areas and agricultural land, where the former decreases 531

while the latter increases with time. 532

Increasing human population and concomitant increasing 533

needs and higher demands can contribute to wetland loss [19]. 534

The results showed that from 1994 to 2017, the variations in 535
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TABLE VI
PRODUCER’S AND USER’S ACCURACY OF LULC CLASSIFICATION AND

OVERALL ACCURACY OF LULC CLASSIFIERS

Abbreviations: PA, Producer’s accuracy; UA, User’s accuracy.

wetland areas are not related to local population change. Thus,536

we hypothesize that if agricultural land area changes are related537

to wetland change, i.e., increasing agricultural land will decrease538

wetland areas. The results show that wetland and agricultural539

land area changes are negatively correlated with an r of −0.90540

(p < 0.05) [see Fig. 5(b)].541

The vegetation area in wetlands can often be explained by542

the local temperature [51] and rainfall [20], two key factors543

influencing plant growth. We found that wetland vegetation544

coverage (a total areas of Wetland 01 and Wetland 03, see in545

Table II) was linked to the annual average temperature (r =546

−0.85, P < 0.05), whereas it was insignificantly related to the547

annual average rainfall (r = −0.49, P > 0.05).548

Climatograph shows long term average air temperature and549

rainfall for 12 months of the year from 1988 to 2017 at the550

Chiang Rai Meteorological station [see Fig. 6(a)]. The weather551

in March becomes warmer. The hottest period of the year is552

from April to June with a mean temperature of roughly 28°C.553

In the study area, July through September receives the most554

rainfall with a range of 287 mm/mo. (September) to 355 mm/mo.555

(August). The weather is cool in both December and January556

with mean temperatures below 21°C. The mean air temperature557

has fluctuated throughout the 30-year period [see Fig. 6(b)].558

Fig. 5. (a) Population dynamic and wetland areas. (b) Relationship between
wetland areas and agricultural land.

The average temperature from 1988 to 1997 was consistently 559

below the 30-year mean of 25.5°C. It then rose sharply in 1998 560

and fluctuated over the next 13 years. For each year from 2012 561

through 2017, average annual temperatures have all been above 562

the 30-year mean. Average rainfall has also fluctuated over the 563

past 30 years [see Fig. 6(c)]. The average rainfall decreased 564

steadily between 1988 and 1993, and then it increased sharply 565

in 1994 to 180 mm. It then fell sharply, fluctuated and increased 566

again until 2001, when it peaked at 191 mm. After declining 567

again sharply in 2003 to 117 mm, it fluctuated for a decade. 568

There was a dramatic fall from 2013 to 2015, and then a sharp 569

rise to 2016 and a continued sharp rise through 2017. 570

V. DISCUSSION 571

A. Classification Approach 572

Our quantitative analysis results confirm that a DTC ap- 573

proach performed better than an MLC or an MDC method in 574

wetland classification of Landsat imagery. Similarly, the DTC 575

technique offered better overall accuracy than traditional MLC 576

techniques or support vector machines [15], [21], [52]. Certainly, 577

differences in the specific number of bands, multisource data 578

of different input types, decision thresholds for each image’s 579

dataset in Landsat TM, ETM+, and OLI sensors could contribute 580

to the overall accuracy differences between the present study and 581

that of those other studies. However, the DTC technique has its 582

limits in that if the training data contains error, then overfitting 583
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Fig. 6. (a) Climatological average monthly air temperature and rainfall.
(b) Average annual air temperature. (c) Average annual rainfall from 1988 to
2017, measured at the meteorological station (the Chiang Rai Meteorological
Station) nearest to the study area.

the tree can lead to poor performance. The tree should be pruned584

back to diminish errors when data outside the training set are585

to be classified [16], [24]. The decision thresholds would lead586

to the final outcome of the classification. By changing training587

data, the DT was also changed. Therefore, expert knowledge is588

required to determine the DT boundaries that separate the classes589

in future space [15].590

In a technical sense, some of our results do not concur with591

the findings of previous studies whereas certain others are in592

agreement with earlier works. In particular, it has been sug-593

gested that using MLC is a more appropriate method to map594

wetlands for wetland resource and conservation management in 595

the lower Mekong basin, made up in part by Lao PDR, Thailand, 596

Cambodia, and Vietnam [4]. Yet, our findings indicate that the 597

MLC technique did not perform well, yielding poor quality 598

results in the case of the Wiang Nong Lom and Nong Luang 599

wetlands (Chiang Saen Valley). On the other hand, MLC can 600

only provide the best results when distinguishing between forest 601

and nonforest land cover in the study area which is consistent 602

with what has been found in previous findings [7]. 603

Suitable classifiers and spectral bands have been shown to 604

have a significant impact on classification accuracy. Our study 605

showed that due to spectrally similar LULC features in wet- 606

land landscape, some LULC classes have very similar spectral 607

characteristics. For example, wetlands were misclassified as an 608

agricultural area or water body, whereas during the dry period 609

some water bodies could be interpreted as a wetland. These 610

findings are in accordance with other studies [19], [58]. Local 611

villages and small road networks could not be precisely detected 612

in Landsat data due to their mixed spectral signals. Similarly, 613

several pixels scattered throughout an agricultural area (para- 614

rubber plantation) may erroneously be classified as forest land. 615

B. Wetland Changes 616

Although high spatial resolution satellite sensors can yield 617

reliable LULC classification and change detection results with 618

more details at a local level, the long-term archive of Landsat 619

satellite images could prove useful in providing long-term data 620

records for wetland monitoring and change detection. Landsat 621

still has a limited ability to map land cover at finer scales and 622

to identify wetland vegetation habitat type associations and map 623

them [8]. Future studies should investigate specific ecological 624

functions. 625

Our results indicate that during the last 30 years a significant 626

decline in wetland areas (at the rate of 1% annually) occurred in 627

the study area. Rain-fed paddy cultivation (May through Decem- 628

ber) has long been practiced in areas surrounding wetlands. From 629

1988 to 1994, wetland areas decreased by 2.18%. It is because 630

the Thai government implemented a rice price guarantee in 1984. 631

The Bank of Agriculture and Agricultural Cooperatives (BAAC) 632

implemented the rice pledging scheme to help farmers resolve 633

their debts by providing short-term loans for them and to collect 634

growers’ paddy rice as a guarantee [42]. Upon the suggestion 635

of merchants, the planting of cassava and maize became more 636

prevalent; merchants who would eventually purchase the yield 637

would do so at a reduced rate after investing and providing seed 638

and machinery to the farmers. These two events resulted in the 639

expansion of rice and field crop cultivated areas into wetland 640

areas. In addition, in 1991 and 1992, local influencers and private 641

investors bought land in villages and areas around wetlands to 642

plant rice and fruit trees such as lychee and longan. They used 643

tractors and crawler backhoes to dredge and drain water from 644

the wetlands for rice cultivation. The drained wetlands became 645

areas suitable for cattle grazing and resulted in encroachment of 646

previously existing wetlands. 647

Wetland encroachment slowed down during 1994–2000. This 648

was probably due to the fact that local government agencies 649
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seized public land from villagers and made agreements concern-650

ing wetlands and local boundaries. Villagers could continue to651

use those lands for agriculture, but they needed to pay a land tax652

to the local governments. Because those lands were owned by653

government, farmers were required to inform the government654

if they no longer wished to use land for agriculture. Basic655

infrastructure facilities, such as local roads, water supply, and656

electricity were developed in communities surrounding wetlands657

during 1994–1995. During this period, local people perceived658

abnormal weather conditions resulting in wetlands drying up. In659

response, during 1995–1996 farmers started to dig farm ponds660

in their rice fields to raise water crops, fish and chicken.661

The percentage of wetland areas in the study area decreased662

by 2.7% from 2000 to 2006. A possible explanation for this663

is the Ninth National Economic and Social Development Plan664

(2002–2006). Since 2002, emphasis was on reviving the econ-665

omy and building immunity to adverse changes for the people666

through grass-root economic development. The government had667

adopted a national plan for infrastructure to encourage eco-668

nomic growth and the development of infrastructure in order669

to enhance the country’s productivity and growth of exported670

goods. Consequently, the project increased crop production,671

service businesses and residential areas, and also resulted in a672

rapid increase in land prices [38]. Therefore, there were many673

developmental projects in the study area, such as the construction674

of roads, irrigation systems, and government buildings. As a675

result, many moats, mounds, archaeological sites, and ancient676

settlements in/and surrounding wetlands were destroyed along677

with their archeological evidence and value [38]. In 2003, the678

reduction of water runoff flowing into wetlands and the intensive679

use of water from wetlands during the summer for agricultural680

practices, particularly tangerine farms, caused extreme drought681

conditions drying out some wetlands [38]. At the same time,682

alien species, such as the Giant Mimosa (Mimosa pigra) and683

the Golden Apple Snail (Pomacea canaliculata) spread rapidly684

in wetlands [31], [53]. Buffalo and cattle populations declined685

because of disease outbreaks and shrinking grazing areas in and686

around the wetlands [38]. Villagers sold household land holdings687

to private investors or landlords; they did not have enough forage688

area to feed their cattle and buffalo [38]. In 2004, some farmers689

began to cultivate irrigated rice fields. The season lasts from690

January to May. Irrigated rice fields require the draining of691

water from wetlands and the Mae Lua River into the fields.692

During this time, wetlands were being gradually encroached693

upon by expanding rice farmland in addition to the water being694

drained.695

The conversion of wetlands to agricultural uses slowed down696

during 2006–2011. One reason may be the limited success of697

the Strategic Wetland Management Plan of Nong Bong Kai wet-698

land. Through community participation in a strategic planning699

process, this Plan aimed to promote sustainable wetland man-700

agement and restore the Nong Bong Kai wetland and vicinity to701

its natural healthy and functioning state. This plan has a 20 year702

strategy (2004–2024) and a five-year action plan (2004–2008)703

[31], [53]. Local communities, particularly in Pasak and Yo704

Nok subdistricts, were strengthened by various conservation and705

training activities regarding fish and water birds, water use, and706

liquid biofertilizer made from apple snails. However, despite 707

some successes in slowing down encroachment into wetlands, 708

farmers started to grow irrigated rice crops. Farmers in Yonok 709

subdistrict started to cultivate irrigated rice extensively during 710

2007. There was not enough water for rice crops; therefore, water 711

had to be drained from the wetlands. During the 2009–2010 dry 712

seasons, there was not enough water for crops because of the 713

water scarcity problem created by draining. 714

The strategic wetland management plan was effective for 715

a short-time period (2004–2008) as it helped to strengthen 716

community conservation efforts and encourage the wise use of 717

wetlands. Its effectiveness was temporary. However, from 2011 718

to 2017, the percentage of wetland areas decreased by 2.61%. 719

In October 2011, the government implemented a rice pledging 720

scheme that allowed farmers to pledge and give an unlimited 721

supply of their rice to the government at a fixed price that was 722

higher than the going market rate [33], [34]. It offered crop in- 723

surance and income security. It established a registration system 724

for farmer households and issued credit cards to farmers [33]. 725

Farmers wishing to participate in the program were required to 726

obtain approval from the Department of Agriculture and their 727

community. Product could be pledged at any local rice miller; 728

millers then were to issue a warehouse receipt to the farmers to 729

claim funds from the BAAC which was then obligated to process 730

the payment to the farmers [34]. The scheme was beneficial and 731

convenient and provided many incentives to grow rice and partic- 732

ipate. Unfortunately, and quite naturally, the program increased 733

crop cultivation in at-risk areas, such as wetlands. As a result, 734

rice cultivation has encroached into wetlands. As evidence, one 735

can merely look at the wetlands near the Yonok Sub-district 736

boundaries. In 2011, local governments designated these lands 737

as for landless households (0.0004–0.0032 km2 per household). 738

After 2011, because of the elevated price of rice, these areas were 739

converted to rice cultivation. Thereafter, in 2017, as a result of 740

decreased rice exports, many farmers converted these rice fields 741

into fish ponds because of the reduction in rice prices caused by 742

lower exports. 743

Wetlands and wetland ponds act as natural water storage, 744

can serve as a water supply and ease agricultural water scarcity 745

problems. Farmers reported declining water levels in wetlands 746

and the Mae Lua River since 2013 and experienced extreme 747

drought in 2015. These conditions decreased rice yields and 748

caused a reduction in fodder and grass for buffalo and cows. It 749

reduced the number of buffalo and cows and, consequentially, 750

caused a reduction in a primary income source, the sale of dung 751

and manure for fertilizer. 752

C. Response to Wetland Changes 753

As a result of the reduction in fodder and grass for buffalo 754

and cows and with support from the local governments, buffalo 755

raisers and farmers began planting fodder, such as napier grass, 756

crop residue, and legumes, on their land surrounding wetlands. 757

There was not enough water for crops, thus, farmers dug ponds 758

to store water on their lands and local governments dredged 759

wetlands (they dredged canals around wetlands) for storage 760

water and buffer zones. 761
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As a result of the reduced fish and aquatic animal population,762

local people made efforts to conserve and rehabilitate fish and763

aquatic animals. They agreed to make Wat Pa Mak Nor, a temple764

situated in the wetlands, a fish conservation area at which fishing765

was prohibited. These have forced communities to consider766

and pursue alternate livelihood measures, such as raising water767

crops, fish, chickens, individual household crop farming for768

household consumption, making handicrafts, and nonfarm day769

labor.770

D. Drivers of Change to Wetlands771

1) Agriculture: Our findings confirm that increasing agricul-772

tural land area has a statistically significant effect on decreasing773

wetland areas. Ground data can be used to corroborate these774

results and describe the resulting changes in more detail. Rain775

fed rice has been grown for decades. Since 2007, some paddy776

fields in areas surrounding wetlands converted to irrigated rice777

fields that withdrew water from the Mae Lua River and wetlands.778

Consequently, this expansion of agricultural areas impacted779

and contributed to the gradual conversion of wetlands to rice780

cultivation fields. This could possibly be linked to governmental781

agricultural policy. Through a 1986 policy, the Thai government782

attempted to improve infrastructure and facilities to enhance783

agricultural productivity. By supporting prices to increase farm-784

ers’ income, a rice policy was implemented through the paddy785

pledging program which allowed farmers to obtain a higher786

price for their crops [6]. Meanwhile, the government promoted787

a para-rubber plantations policy called “the one million RAI788

project,” in which the government guaranteed a rubber price789

to bolster farmers’ incomes. This has led to widespread land790

conversion to para-rubber cultivation [26]. Since 2003, large791

areas have been cultivated for the production of para-rubber,792

palm oil and pineapples in study areas. As a result, there was a793

rapid rise in the expansion of agricultural areas during the study794

period.795

2) Population: Wetlands have been affected by population796

growth and increasing economic development, which have im-797

pacted the provision and availability of ecosystem services and798

resources. Due to the unavailability of 1988 population data,799

it is not possible to assess if the post-1988 data represents the800

beginning or the continuation of a trend. Our ARIMA modeling801

used past population values (that are available only from 1993802

to 2017) to predict that the population in 2020, 2030, and803

2040 would be 33 723, 32 494, and 31 264 people, respectively.804

However, the decline in wetland size does not appear to be related805

to local population size. From 1993 to 2017, people increasingly806

moved from rural to urban areas. The local populations that807

remain in the rural areas are primarily dependent on subsistence808

agriculture, and many small-scale farmers have the potential to809

successfully transform subsistence production to commercial810

production [35]. At the same time, agribusiness firms have811

extended over large areas of para-rubber, palm oil, and pineapple812

plantations. These developments have led to human activities813

and other processes that damage the wetlands and impact the814

upstream catchments of the streams and rivers that drain into815

them.816

3) Other Drivers of Change: We suggest that digging ponds 817

and constructing farm roads or cart paths for access to the wet- 818

lands in the Chiang Saen Valley would lead to isolated fragments 819

of wetlands and waterways. Additionally, encroachment for 820

grazing, overexploitation of wetland products and invasive alien 821

species are a major threat to the sustainability of the wetlands. 822

Other studies have generated similar findings [55]. 823

4) Climate Change: Wetlands appear to be vulnerable to 824

agricultural activities and climatic variability [21]. It remains 825

unclear to what degree climate change contributes to the impact 826

on the Chiang Saen Valley wetlands. Unfortunately, we lacked 827

meteorological data from ground truth observation; therefore, 828

we collected meteorological data from the station nearest to the 829

study area. However, great challenges exist in understanding 830

climate change and its complex impact on our study area. It has 831

led to a reduction in the services provided by wetlands, such 832

as food and available water, as was discussed in Section V-B. 833

Wetland changes might not be directly related to temperature 834

and/or rainfall variations, but they are climatic conditions impor- 835

tant to wetlands and agricultural production. Empirical evidence 836

from trends on temperature and rainfall have been linked to 837

perceived changes, especially rainfall and its impact on wetlands 838

and local livelihood activities, particularly agriculture, livestock, 839

and fisheries. 840

5) Legislation: Recently, Thailand adopted a strategic plan 841

to focus on biodiversity. The plan was generated by the Office 842

of Natural Resources and Environmental Policy and Planning 843

(ONEP) in cooperation with the Office of the National Economic 844

and Social Development Board and the Biodiversity-based 845

Economy Development Office (public organization). Many 846

stakeholders were involved in the planning and development 847

process of this plan that was approved by the Cabinet on March 848

10, 2015. The time frame of the plan is 2015–2021 and has five 849

objectives: 850

1) to address the causes of biodiversity loss; 851

2) to promote biodiversity conservation and sustainable use; 852

3) to improve the status of biodiversity; 853

4) to develop the capacity to manage biodiversity and ecosys- 854

tem services; 855

5) to enhance implementation through participatory plan- 856

ning, knowledge management, and capacity building [32]. 857

It highlights wetlands in objective 2) on conservation and 858

biodiversity restoration: to protect wetlands and control the 859

expansion of community, pollution, overfishing, and climate 860

change, which can cause loss of wetlands and degradation; to fo- 861

cus on and address biodiversity issues to create criteria to assess 862

the impact on the Environmental Impact Assessment (EIA) to 863

protect wetlands; to push the Cabinet Resolution of November 3, 864

2009 regarding classification of Thailand’s wetlands as to their 865

level of importance, conservation measures, and more practical 866

action for conservation and management of the wetlands. 867

There are agencies and legislation related to the utiliza- 868

tion, conservation, and restoration of wetlands. Each agency is 869

granted specific wetland regulatory authority through separate 870

legislative acts. For instance, the OONEP and the Pollution 871

Control Department (PCD) receive their authority from the 872

Promotion and Conservation of National Environmental Quality 873
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Act of 1992; the Department of National Parks, Wildlife and874

Plant Conservation (DNP) receives its authority from the Na-875

tional Park Act of 1961 and the Wild Animal Reservation and876

Protection Act of 1992; the Department of Fisheries receives877

its authority from the Fisheries Act of 1995 [46], [47]. Due878

to the vast amount of legislation and number of regulatory879

entities, determining who has jurisdiction over wetlands and880

what procedures must be followed can be confusing. There is no881

lead agency tasked with looking at “the big picture” that could882

coordinate efforts of all concerned agencies. The Wiang Nong883

Lom and the Nong Luang wetlands (in Chiang Saen Valley) have884

been designated as wetlands of international importance [46],885

but a lack of clear, discernible boundaries inhibits the efforts of886

officials to establish policies to acknowledge and protect areas887

of importance. Existing wetlands should be protected by special888

land use policy, but implementing such policy may intensify889

already existing land conflicts.890

Our study’s conclusion is that LULC affected the ecosystem891

of the Wiang Nong Lom and Nong Luang (in Chiang Saen892

Valley) wetlands, and, accordingly, it can lead to changes in893

resource allocations. These wetlands are especially vulnerable894

to drivers of land-use change, with agricultural expansion being a895

major threat to wetland sustainability. Moreover, socioeconomic896

development and institutional policies (and to a lesser extent,897

population changes) are also forces driving wetland changes. It898

is hoped that the findings of this study will heighten the interest of899

governmental policy-makers in understanding and recognizing900

the importance of wetlands. They can also learn from, and apply901

these findings in their effort to manage natural resources, resolve902

conflict and make effective arrangements among stakeholders903

for the common pool of resources.904

VI. CONCLUSION905

In sum, the findings of this study are both technological and906

substantive, as follows.907

1) In high heterogeneous landscapes of small wetlands908

and surrounding areas with spectral similarities between909

LULC types, the DTC outperformed traditional methods910

that use Landsat imagery, such as MLC and MDC. In the911

future, research challenges will be to find suitable methods912

of extracting wetland vegetation information and enhance913

classification accuracy with high resolution images.914

2) Wetlands are at risk and those near agricultural land with915

extended cultivation have suffered losses. This indicates916

that existing legislation, policies, programs, and strategic917

ecosystem plans cannot protect small-scale wetlands if918

they are not enforced.919

3) Agricultural policies and wetlands conservation programs920

influence land use decisions. Agricultural policies change921

the economic incentives to cultivate crops, extend cultiva-922

tion and encroach upon wetland areas.923

4) Although many of the goods and services provided by924

small wetlands have little or no market value, they have925

benefits that inure to the local people. A large number926

of people live in and around wetlands and depend on927

their resources for their livelihoods. Perhaps the best928

way to protect the wetlands and their resources is to929

educate the community regarding their importance and 930

benefits. It would be wise to build alliances within the 931

community to preserve wetlands, and develop community 932

advocacy to be persistent, watchful and active to empower 933

communities to become more active stewards of wetlands 934

in their communities. An example would be volunteer 935

monitoring programs. Giving local communities manage- 936

ment and control over wetland resources is vital to their 937

successful sustainable management. Additionally, gov- 938

ernment agencies should consider the potential for rural 939

job creation, should encourage farmers to produce crops 940

with less water and should assist them in promoting agro 941

production, processing, marketing and distribution of high 942

value crops. Doing so can minimize the detrimental impact 943

of agricultural activities on neighboring the wetlands. 944
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Changes of Wiang Nong Lom and Nong Luang
Wetlands in Chiang Saen Valley (Chiang Rai

Province, Thailand) During the Period 1988–2017

1

2

3

Nuttiga Hempattarasuwan, George Christakos, and Jiaping Wu4

Abstract—Pressure on the Wiang Nong Lom and Nong Lu-5
ang wetland resources in the Chiang Saen Valley of Chiang Rai6
Province (Thailand) has increased in recent years with the ex-7
pansion of farmlands and other major sources of wetland conflict8
related to public land encroachment. Both of these wetlands have9
been designated as strategic ecosystems. Yet, there is a limited10
understanding of the way different wetlands respond to change11
drivers (agriculture, climate, population, etc.), and currently no12
scientifically valid protocols exist for local wetland mapping and13
monitoring. Distinguishing between small wetlands and land use14
and land cover (LULC) components is a challenging affair due15
to the highly heterogeneous landscape and spectral similarity of16
compositionally different types of tropical regions. The goals of17
this article are both technological and substantive, i.e., it aims to18
(A) propose a synthesis of quantitative techniques that can improve19
LULC mapping using remotely sensed data (Landsat TM, ETM+,20
OLI), and (B) assess the wetland changes during the last three21
decades and better understand the interaction between wetland22
changes, human population, and the environment. In regards to23
goal (A), the proposed classification approach employed a synthesis24
of techniques of decision tree classification (DTC), maximum likeli-25
hood classification (MLC), and Mahalanobis distance classification26
(MDC), with different bands and ancillary data inputs. The results27
demonstrated that the implementation of the DTC algorithms to28
address LULC mapping problems exhibited an overall mapping29
accuracy of 83.9%, which is significantly higher than that of MLC30
and MDC. It was found that the DTC technique performs well

Q1
31

when combined with visible, NIR, and shortwave-infrared bands, a

Q2

32
digital elevation model and normalized difference vegetation index33
layers. Subsequently, the postclassification analysis using DTC34
showed a notable improvement of approximately 88.0% classifica-35
tion accuracy. Regarding goal (B), our results showed that during36
the last 30 years, wetland areas in the Chiang Saen Valley have ex-37
perienced a dramatic decrease of 30.5%, whereas forest landscape38
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surrounding the wetlands has decreased by an astonishing 50.9%. 39
Contrarily, we found that agricultural land size has increased by 40
24.3%. We suggest that ground data can be linked to the etiology 41
of these results, including the gradual conversion of wetlands to 42
rice cultivation fields as a result of the government rice pledging 43
scheme. Large areas in the study region have been cultivated by 44
para-rubber, palm oil, and pineapple agribusiness production since 45
2003. In addition, short-term subsidizing government policies pro- 46
mote intensive production for commercial agriculture prompting 47
farmers to transition from subsistence to commercial farming, 48
further impacting wetland conversion. As a result, and in further 49
view of the fact that rapidly expanding agricultural areas have 50
contributed significantly to the decrease of wetland areas during 51
the last three decades, the Chiang Saen Valley wetlands have been 52
designated as wetlands of international importance. The overall 53
recommendation of the present work is that special land-use policy 54
and relevant regulation and/or legislation are critical components 55
of any effort to achieve wetland sustainability. Q356

Index Terms—Chiang Saen Valley, decision tree (DT), land cover, 57
land use, remote sensing, Thailand, wetlands. 58

I. INTRODUCTION 59

W ETLAND ecosystems provide significant benefits to 60

human populations and help maintain and provide pro- 61

tection to wildlife. The development and conversion of wetland 62

areas to other land use types (silviculture, agricultural use, etc.) 63

affects wetland functioning [29]. In developing countries, such 64

as Thailand, and in many other countries around the world, 65

wetlands have been degraded and demonstrate disappearing 66

environmental conditions [50]. Thailand consists of roughly 67

7.5% wetlands, most of which are small. 14 of them have been 68

registered as Ramsar sites (www.ramsar.org) and are wetlands of 69

national and international importance; 69 sites have been desig- 70

nated as non-Ramsar wetlands of international importance [46]. 71

A total of 47 are sites of national importance [46], and more than 72

40 000 wetland sites are designated as sites of local importance 73

[53]. There is limited available data regarding systematic conser- 74

vation of wetlands in this country. A total of 22 sites in northern 75

Thailand have been classified as inland wetlands. Northern 76

people rely heavily on wetlands for food and water. The northern 77

wetlands have been lost or degraded primarily due to their con- 78

version to agricultural and aqua-cultural uses and grazing [46]. 79

The small-scale wetlands of Wiang Nong Lom and Nong 80

Luang in the Chiang Saen Valley of Chiang Rai Province are sur- 81

rounded by low mountains and hills. They experience extended 82

1939-1404 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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periods of warm weather because of their inland nature and83

tropical latitude zone [49]. They perform important ecological84

functions and are characterized by complexity and heterogeneity85

in their landscapes. They are important places for cultural, social86

and recreational activities, as well as for agriculture [47], [48].87

A large number of people live in and around them and depend88

heavily on the wetland’s resources for their livelihoods. Follow-89

ing the Nong Bong Kai Strategic Wetland Management Plan90

[31], government agencies have attempted to adopt Ramsar plan-91

ning guidelines for community-based management. This strate-92

gic plan covers not only the area of the Nong Bong Kai wetland93

(designated as a Ramsar site in 2001), but also the surrounding94

areas including the Wiang Nong Lom and Nong Luang wetlands95

(in the Chiang Saen Valley). Interestingly, the two wetlands in96

the Chiang Saen Valley were designated as sites of international97

importance to Thailand and to their locale near the Nong Bong98

Kai wetland. They are part of an ecological connectivity net-99

work of wildlife, water birds, ducks, and migratory birds [31].100

However, both are being destroyed and degraded rapidly. The101

Chiang Saen Valley wetlands are now one of the most seriously102

threatened wetlands in Northern Thailand. They have undergone103

water level reduction due to withdrawal by drainage, conversion104

to agricultural uses, water pollution, overharvesting, overex-105

ploitation, introduction of invasive species (particularly Mimosa106

pigra), and a lack of awareness and knowledge of wetland107

values [31], [47], [53]. Altering wetlands through cultivation108

can have an adverse impact on the wetland ecosystem. It has led109

to a reduction in wetland size, water scarcity in the wetland110

areas, and in a reduction of the fishery and buffalo grazing111

areas.112

Understanding wetlands and their surrounding areas could113

help evaluate wetland ecosystems and provide useful informa-114

tion to environmental protection agencies. Accordingly, wetland115

mapping and monitoring are important tools that can improve116

our understanding of wetland functioning and response to natu-117

ral and anthropogenic activities [1]. Additionally, remote sens-118

ing data that can identify differences between images at different119

times is important in the detection of wetland change [43],120

[57]. Long-term change detection can help us better understand121

wetland trends and sudden changes, and to protect and analyze122

the dynamics of wetlands. In this article, the magnitude of123

wetland change can be measured; area size estimation plays a124

prominent role in ongoing efforts aimed at optimizing wetland125

use and impacting policy decisions [25].126

Numerous research studies have put forth a significant effort127

to produce land cover maps that include wetlands at a global,128

continental, and regional scale by using AVHRR [45], MODIS129

[11], SPOT [9], and other high spatial systems and spectral reso-130

lution optical sensors, such as aerial photography, hyperspectral131

sensors, LiDAR, WorldView [5]. Landsat satellite imagery has132

been widely used for regional scale wetland mapping and mon-133

itoring in recent years [12], [20].134

Various classification techniques have been used to improve135

classification accuracy. Methods, such as ISODATA, maximum136

likelihood, Mahalanobis distance, and minimum distance are the137

most common approaches to wetland mapping [4]. However, due138

to spectral confusion with different cover classes among various 139

types of wetlands, classification is difficult. 140

The K nearest neighbors [36], the decision tree (DT) [15], 141

[27], the support vector machine [15], [36], and the ran- 142

dom forest [36] are the classification algorithms most com- 143

monly used to improve wetland classification accuracy [41]. 144

Moreover, several studies have shown that combining ancil- 145

lary data with image classification can increase classification 146

accuracy [41]. 147

A review of the relevant literature reveals that most wetland 148

remote sensing studies emphasize the regional or the national 149

scales and that very few consider the continental or global 150

scales. These studies can influence policy and help policymakers 151

understand issues more clearly, and they can lead to policies 152

that address reality in rational ways. However, as regards wet- 153

land research at the regional scale and the image classification 154

methods most often applied for this purpose, very few studies 155

of small-scale wetlands utilize Landsat imagery. 156

Landsat imagery generates the long time series available in 157

Landsat archives with suitable spatial and spectral resolutions, 158

and cost free features. Therefore, Landsat data was used in the 159

study of the specific area of this artilce. Additionally, applying 160

Landsat data to investigate local small-scale wetland dynam- 161

ics in a developing country, such as Thailand, with the aim 162

to understand the relevant drivers and policies, may fill the 163

knowledge gaps in this specific region, given the limited data 164

sources presently available. 165

Communities in Thailand have identified problems and raised 166

their concerns about wetlands. In particular, the inventory and 167

monitoring of wetlands in the Chiang Saen Valley (marsh versus 168

swamp versus nonwetlands) can help communities to manage 169

and address their problems and issues. 170

Although there is an absence of reliable data, the continu- 171

ing loss and degradation of wetlands is an ongoing concern 172

to stakeholders, and there are no scientifically valid protocols 173

for wetland monitoring in the region. As such, the following 174

questions will be answered. 175

i) Which image classification method is best suited to clas- 176

sify land use and land cover (LULC) of wetlands and 177

adjacent areas and provide the best result from Landsat 178

imagery? 179

ii) How have they varied over the last three decades? 180

iii) What are the primary forces driving these changes (e.g., 181

population, policies, climate change)? 182

iv) What are recommended steps to optimize wetland 183

management? 184

A summary of the findings of this article regarding these 185

questions can be found in the conclusion section. 186

In response to these questions, a search for empirical evidence 187

to help manage natural resources, resolve conflicts and effec- 188

tively manage common pool resources of wetland areas among 189

stakeholders is urgently needed. Therefore, the objectives of this 190

article are twofold: First, to explore approaches that can improve 191

LULC classification of Landsat data, and, secondly, to assess 192

quantitatively wetland changes between 1988 and 2017 and 193

improve the understanding of human population-environment 194



IEE
E P

ro
of

HEMPATTARASUWAN et al.: CHANGES OF WIANG NONG LOM AND NONG LUANG WETLANDS IN CHIANG SAEN VALLEY 3

Fig. 1. Elevation map of the study area in the Chiang Rai Province of North
Thailand.

interaction. We hypothesized that: policy and population influ-195

ence wetland changes, such as wetland size and degradation;196

and the decision tree classification (DTC) approach can provide197

better classification than traditional approaches in heteroge-198

neous landscapes by using Landsat data.199

II. STUDY AREA200

The Wiang Nong Lom and Nong Luang wetlands (Chiang201

Saen Valley) are adjacent to each other and cover an area of202

roughly 31 km2 [47]. These wetlands and their surrounding203

areas, known as catchment areas, occupy approximately 108204

km2. They encompass areas in the Takhaopleuk, Chan Chawa,205

Chan Chawa Tai, Jomsawan, and San Sai subdistricts of Mae206

Chan District, as well as areas in Yonok subdistrict of Chi-207

ang Saen District of Chiang Rai Province in North Thailand208

(20°8
′
1
′ ′−20°14

′
35

′ ′
N, 99°54

′
1
′ ′−100°3

′
49

′ ′
E; Fig. 1) at an el-209

evation range of 358–646 m above mean sea level. A number of210

creeks and local rivers flow from the southwest and the south to211

the east parts of the region, they subsequently join the Mae Lua212

River at the wetlands, and finally they flow into the Mae Kok213

and Mekong Rivers.214

Stakeholders, such as farmers, fishermen, buffalo raisers, local215

ornithologists, and government officials who live in and around216

wetlands depend on wetland resources for their livelihood. These217

wetlands provide numerous beneficial services. They act as a218

temporary storage site of floodwaters that drain from the sub-219

basins of the Mae Kok and Mekong Rivers. They serve as a water220

source for farmers, and they also serve the general day-to-day221

water needs of households and the local population, especially222

during the dry season. Wetland areas are food sources for local223

communities, and they act as a habitat for many different fish224

species and wildlife, including migratory birds. The IUCN red225

list of threatened bird species, in particular the Eastern Grass226

Owl (Tyto longimembris) and Pied Harrier (Circus melanoleu-227

cos), are found in this wetland area [2], [3]. There were 311 and228

376 plant species found within the Wiang Nong Lom and Nong229

Luang wetlands, respectively [47], [48]. This area is also the230

home to the largest population of buffalo in Northern Thailand231

[44]. In addition, 77 archaeological sites and historic settlements232

of five ethnic groups are located within the boundaries of the233

wetlands [44].234

TABLE I
LANDSAT IMAGES USED IN THIS STUDY

III. DATA AND METHODOLOGY 235

A. Datasets 236

In this article, Landsat data (path/row: 130/46) was 237

downloaded from the U.S. Geological Survey Earth Resources 238

Observation and Science Center (https://espa.cr.usgs.gov/) 239

with cloud cover less than 10%. All images were reprojected 240

to WGS 84/UTM zone 47N, and were collected during a dry 241

season at the same seasonal time of the year to reduce problems 242

due to sun angle differences and vegetation phenology changes 243

[57] as reflected in Table I. The image selection was based 244

on the following: the acquisition of cloud-free imagery; the 245

availability of ancillary data and field information to provide 246

LULC delineation and classification; a short-term change focus 247

in order to produce time-consistent maps; and the lack of abrupt 248

changes in the study areas [31], [47], [48]. 249

The terrain’s elevation values of a digital elevation model 250

(DEM) with a 90-m spatial resolution obtained from the shuttle 251

radar topography mission were resampled at a 30-m spatial 252

resolution. Population data was derived from the censuses of 253

1993 to 2017 that are available at the Department of Provincial 254

Administration. An autoregressive integrated moving average 255

model (ARIMA; [18]) was used to predict the population size 256

in the years 2020, 2030, and 2040 to predict population size 257

over time and to be able to consider its possible impact on 258

wetland change in the future [6], [19]. Meteorological data from 259

1988 to 2017 (air temperature and rainfall) was collected at the 260

nearest station to the study area (The Chiang Rai Meteorological 261

Station). Some key-informant interviewees and focus groups 262

could provide information helpful to understanding the general 263

changes in wetlands and the impact those changes have on 264

livelihoods. 265

The locations of field samples were obtained during the period 266

March 1–5, 2017 for a particular LULC class (surveying sites 267

on a 100 m × 100 m grid of sampling units). The samples 268

generated data at a total of 534 sites. At 618 sites in areas 269

where field observation was difficult, high-resolution images 270

(freely accessible from GoogleEarth) were used for calibration 271

and validation purposes. GoogleEarth imagery was acquired on 272

March 20, 2011 and February 8, 2017. For historical images 273

before 2006, reference data were sampled according to land use 274

mapping for LULC maps for the Kok River Basin in 1994 [30], 275

the agricultural resources maps for 2000 in Northern Thailand 276

[39], the provincial soil and land use maps in 2000 [23], and 277

the Northern Region of Thailand for 2000–2002. Whereas, to- 278

pographic maps in 1992, LULC maps for the Kok River Basin in 279

1998 [40], and orthophoto maps in 2002 were used to assist with 280

the training sample selection and applied as a reference to assess 281
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the accuracy for the 1988, 1994, and 2000 images. Evaluation282

of the results was also made visually based on natural color283

composition [57]. Additionally, prior knowledge of the study284

areas and interviews with local experts were used to determine285

LULC in the study area and were used to create reference286

data [36].287

B. Image Preprocessing288

Image data was processed by the ERDAS IMAGINE. ENVI289

5.3 software was used for DTC. Atmospheric correction from the290

USGS EROS Center was applied to Landsat surface reflectance.291

The normalized difference vegetation index was calculated from292

Landsat data, and used to distinguish vegetation from nonvege-293

tation areas [43].294

Remote sensing systems have been developed to measure295

the reflected and emitted energy at various wavelengths based296

on TM, ETM+ and OLI sensors of the Landsat 5, 7, and 8,297

respectively. Consider, e.g., the visible spectrum of the Landsat 8298

images, in which the light waves occupy a small portion of299

the electromagnetic spectrum with the blue (wave length300

0.45–0.51 µm), the green (0.53–0.59 µm) and the red301

(0.64–0.67 µm) bands, whereas the NIR (0.85–0.88 µm)302

band is adjacent to visible bands [56]. These spectral bands are303

commonly used in the LULC mapping. Additionally, they have304

higher values for shortwave-infrared bands. SWIR1 (1.57–1.65305

µm) is well suited for nonwater land cover types and SWIR2306

(2.11–2.29 µm) is for all land cover types [56]. The most307

suitable bands were selected using spectrum characterization.308

Three visible bands (blue, green, and red), one NIR band,309

and two shortwave-infrared bands (SWIR1 and SWIR2) were310

combined with DEM and NDVI to establish the DT classifier,311

maximum likelihood classification (MLC), and Mahalanobis312

distance classification (MDC) purposes. The same number of313

bands was used in DTC as in MLC and MDC, thereby avoiding314

bias. All layers were resampled at a 30-m spatial resolution by315

using the nearest neighbor resampling method.316

C. Classification Scheme317

The initial LULC classes were divided into nine subclasses318

on the basis of spectral separability, and then similar spectral319

subclasses were combined with its recode utility into five classes320

(see Table II). A transformed divergence (TD) measure was used321

to determine the statistical separability among LULC classes.322

The TD assigns exponentially decreasing weights to increasing323

class separations. The divergence values (DVs) have been trans-324

formed at a scale ranging from 0 to 2000: DV > 1900 implies325

that the classes can be separated, if 1700 < DV < 1900, the326

separation is fairly good, whereas for DV< 1700, the separation327

is considered poor [14]. The obtained TD 2000 values indicated328

the high separability of each pair of subclasses in Table II to329

be considered for further analysis. The LULC classes were330

delineated based on the Anderson classification system [13] and331

Land Development Department system of Thailand [22] (see332

Table II).333

TABLE II
LAND USE AND LAND COVER CATEGORIES DELINEATED FOR CLASSIFICATION

D. Preprocessing of Calibration and Validation Data 334

Training areas were selected within each of the LULC classes 335

based on stratified random sampling [37]. This method was 336

used to divide all Landsat images into calibration (or training) 337

pixels to train the selected classification models and validation 338

(or testing) pixels to access map quality for all land cover 339

categories. The pixels were collected by random sampling using 340

visual interpretation, prior knowledge of local topography from 341

field survey with visual interpretation of Google Earth images, 342

orthophoto maps, and land use data. The same calibration and 343

validation datasets were used for all classifiers. Approximately 344

three-fourths of these pixels were assigned to calibrate and 345

construct the DTs, and the remainder was used for validation 346

purposes. 347

Images were converted into ASCII format and then used to 348

perform DTC. Once the most appropriate bands were selected, 349

a decision rule set was generated using the Landsat datasets 350

in a WEKA J48 DT algorithm. The DTs were generated using 351

the J48 DT-inducing algorithm C4.5 algorithm for classifica- 352

tion [17]. The default J48 DT uses pruning based on a 0.25 353

confidence factors setting and using a ten-fold cross-validation 354

approach to avoid unnecessary complexity and data overfitting. 355

The minimum numbers of object pruning were set to 10, 15, and 356

20 to the dataset. The results were then compared to determine 357

which number of object pruning was the most suitable based on 358

its impact on overall accuracy. The training sites were modified 359

until reliable training sets were obtained and good classification 360

accuracy was achieved. 361

E. Spectral Analysis 362

Since different sensors were used, the Landsat mean and 363

standard deviation for the training samples were estimated and 364

plotted (see Fig. 2). The different features of the LULC sub- 365

classes in the TM image [see Fig. 2(a)] and the operational land 366

imagery [OLI, Fig. 2(b)] display the reflectance values in the 367

different bands of the TM and OLI sensors. The spectral features 368
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Fig. 2. Mean spectral profile curves of the selected training samples from
(a) Landsat TM and (b) OLI data. Error bar indicates ± one standard deviation.

of the LULC subclasses are spectrally distinguishable between369

the NIR and SWIR regions, whereas visible bands differ slightly370

in their reflectance values.371

F. Image Classification372

Previous studies have demonstrated that two commonly used373

classifiers, MLC and MDC, are effective tools in the classifica-374

tion of wetlands and LULC in the same Mekong region [4],375

[54]. Thus, we included these two classifiers in this article.376

We also examined a nonparametric classifier, DT, with the aim377

to improve classification given the fact that a combination of378

Landsat and DEM data is likely not normally distributed.379

DT construction involves the recursive partitioning of the380

input training dataset into increasingly homogeneous subsets381

on the basis of tests applied to one or more of the feature space382

values [27]. The maximum likelihood decision rule is based on383

the probability of a pixel belonging to a particular LULC class384

and the members of each class follow a Gaussian frequency385

distribution in featured space [27]. A Mahalanobis distance386

decision is based on the covariance matrix, it relies on a normal387

distribution of the data in each input band, and it assumes that388

all class covariances are equal [54].389

G. Postclassification Corrections 390

Postclassification corrections can make the output of classi- 391

fication images smoother and can remove related misclassified 392

pixels [43]. A 3 × 3-pixel majority filter was applied to elimi- 393

nate a salt-and pepper appearance. Visual image interpretation 394

through google earth images, orthophoto maps, topographic 395

maps, and land use data were used to manually assign classes to 396

misclassified pixels. 397

In addition to the classified and postclassified maps, we per- 398

formed McNemar statistical significance test [10] to check any 399

significant difference of accuracies. 400

H. Map Changes 401

A cross-tabulation analysis was performed for the time period 402

1988 to 2017 aimed at identifying change transition. Conse- 403

quently, the LULC statistics, historical changes and change 404

trends were analyzed. 405

IV. RESULTS 406

A. Accuracy Assessment 407

Accuracy assessment used a stratified random design to iden- 408

tify reference points for each of the five LULC classes of 409

Table II. The strengths and weaknesses of using each technique 410

in LULC classification were represented for both diversified and 411

homogenous landscapes. 412

The performance of a classifier on the set of validation data of 413

the 2017 LULC map given in Table III demonstrates that DTC 414

produces the best results among the selected classifiers, since 415

Landsat data was fused with DEM, and it is unlikely that the 416

fused data is normally distributed. DTC performs much better 417

than traditional techniques, such as MLC and MDC, with an 418

overall accuracy exceeding 79%. Therefore, the application of 419

MLC and MDC can be excluded, but can remain experiments 420

of Landsat, and a synergy of Landsat and DEM using DTC. 421

Since DT algorithms are nonparametric, datasets with dif- 422

ferent spatial resolutions can be used together with ancillary 423

datasets, such as DEM and NDVI. It also allows a multistate 424

classification to be performed, which splits the input dataset 425

into increasingly homogenous subsets [21]. 426

A comparison of overall accuracy of DT techniques with 427

the minimum number of instances per leaf to branch was set 428

at 10. Combining Landsat data with ancillary data to produce 429

a refined LULC map, DTCb (contains blue, green, red, NIR, 430

SWIR1, DEM, NDVI) produced the highest level of overall 431

accuracy, 83.9%, which exceeded that of DTCa (blue, green, 432

red, NIR, DEM, NDVI layers) and DTCc (blue, green, red, 433

NIR, SWIR1, SWIR2, DEM, NDVI layers) that exhibited an 434

overall accuracy of 81.9% and 79.1%, respectively. Producer’s 435

accuracy is a measure of omission error or a measure of the 436

probability of reference pixels being correctly classified [28]. 437

The producer’s accuracies of DTCa consist of blue, green, red, 438

NIR, DEM, NDVI layers and DTCb contain blue, green, red, 439

NIR, SWIR1, DEM, NDVI layers; the wetland class accuracy 440

was 80% which was manifestly higher than DTCc with blue, 441

green, red, NIR, SWIR1, SWIR2, DEM, NDVI layers (74%). 442
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TABLE III
PRODUCER’S AND USER’S ACCURACY, AND OVERALL ACCURACY OF LULC CLASSIFIERS OF THE LULC MAP IN 2017 BY DIFFERENT CLASSIFICATION METHODS

Abbreviations: MLC, Maximum likelihood classification; MDC, Mahalanobis distance classification; DTC, Decision tree classification; PA,
Producer’s accuracy; UA, User’s accuracy.
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TABLE IV
McNEMAR’S TEST SHOWING THE COMPARISON OF CLASSIFIER PERFORMANCE

TABLE V
ERROR MATRIX FOR LULC MAP IN 2017 ACQUIRED BY DTC WITH POSTCLASSIFICATION CORRECTIONS

Moreover, the user’s accuracy is a measure of commission error;443

it is determined by dividing the total number of correct pixels in444

each category by the number of pixels that were classified in that445

category [37]. The 80% user’s accuracy of DTCa (blue, green,446

red, NIR, DEM, NDVI layers) of the wetland class was found447

to be higher than others. The majority of classification errors448

in each DTC from different layers are the misclassification of449

wetland as agricultural land or a water body.450

DT often produces a very large tree that can be incomprehen-451

sible even to experts [16]. Pruning is used to avoid overfitting in a452

DT and the unnecessary complexity of final classifiers as well as453

to improve predictive accuracy. The minimum number of object454

pruning was set as 10, 15, and 20 to a specific threshold value.455

It revealed that although the higher number of pruned objects456

simplified the tree, it reduced the overall classification of the DT457

approach.458

The results of McNemar’s test represent the number of pixels459

correctly or incorrectly classified by two classification methods460

[10] (see Table IV). The symbol f11 denotes the number of cases461

correctly classified by both classification methods, whereas,462

f22 denotes the number of cases incorrectly classified by both463

classification methods. Also, f12 denotes the number of cases464

that are correctly classified by classification 1, but incorrectly465

classified by classification 2, whereas f21 denotes the number466

of cases that are incorrectly classified by classification 1, but467

correctly classified by classification 2. The McNemar’s test468

confirms that there is a significant difference in the accuracy469

of the classification derived by DTCa with leaf of 10 and DTCb470

with leaf of 10; DTCb with leaf of 10 and DTCc with leaf471

10. Additionally, it clearly shows a significant difference in the472

accuracy of the classification derived from DTCb with leaf of473

10 and postclassification.474

Postclassification method was used to reclassify the pixels475

that were misclassified during DTC. The DTCb (Blue, green,476

red, NIR, SWIR1, DEM, and NDVI) with postclassification 477

corrections provides satisfactory results by minimizing misclas- 478

sifications; the producer’s and the user’s accuracy of wetland 479

classification increased greatly from 80.0% to 96.0% and 78.4% 480

to 87.3%, respectively. However, it still failed to distinguish 481

wetlands from agricultural land, building and villages, and water 482

bodies as given in Table V. The overall accuracy of the LULC 483

maps in the years 1988, 1994, 2000, 2006, 2011, and 2017 is 484

presented in Table VI. 485

B. Long-Term Changes 486

We detected long-term changes in the spatial distribution of 487

LULC types over the past 30 years. Fig. 3(a)–(l) represents 488

Landsat images and classification maps obtained during the 489

years 1988 and 2017. As is shown in Fig. 3(b), (d), (f), (h), 490

(j), and (l), agricultural areas increased by 24.3% during the 491

period 1988–2017. Conversely, forest areas decreased 55.5% 492

from 1994 to 2017. Wetland areas decreased significantly 30.5% 493

over the 30-year period. The conversion of wetland area to 494

agricultural area is the major cause of areal shrinkage. The large 495

forest loss is attributed to conversion to agricultural land. 496

C. Map Changes 497

Fig. 4 below shows the proportion of spatial changes of 498

the LULC in wetlands and adjacent areas. The proportion of 499

agricultural land tended to increase from 2006 to 2017 and the 500

highest proportion of agricultural area was near 70% of the total 501

in 2017. The percentage of forest area tended to decrease; only 502

approximately 9% of forest remained as of 2017. This is mainly 503

caused by the conversion to agriculture. There is a decrease in 504

the proportion of wetland cover on the landscape from roughly 505

25% in 1988 to 17% in 2017, whereas areas of building and 506
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Fig. 3. Results of the Landsat images (a, c, e, g, i, k) and classified maps (postclassification) (b, d, f, h, j, l) of 1988, 1994, 2000, 2006, 2011, and 2017.
(a) Landsat TM Bands 432-RGB (1988). (b) Postclassification (1988). (c) Landsat TM Bands 432-RGB (1994). (d) Postclassification (1994). (e) Landsat ETM+
Bands 432-RGB (2000). (f) Postclassification (2000). (g) Landsat TM Bands 432-RGB (2006). (h) Postclassification (2006). (i) Landsat TM Bands 432-RGB
(2011). (j) Postclassification (2011). (k) Landsat OLI Bands 543-RGB (2017). (l) Postclassification (2017).

Fig. 4. Study area by land use and land cover classes from 1988 to 2017.

villages and water bodies both increased slightly during the507

relevant periods.508

The changes in wetlands and their surrounding areas, as de-509

termined by a comparison of maps from 1988 to 2017. In term of510

the net changes, they included a loss of wetland area (8.19 km2)511

and forest (9.91 km2), whereas agricultural areas experienced a512

larger change by adding 14.63 km2. In contrast, water bodies513

and building/villages showed a less profound change having 514

only increased by 2.03 km2 and 1.44 km2, respectively. From 515

1988 to 2017, approximately 66% of forest cover was turned 516

into agricultural land. In addition, 31% and 7% of the total 517

wetland areas were converted to agricultural land and water 518

bodies, respectively. There was actual change in the wetland 519

areas of Takhaopleuk, Chan Chawa, Chan Chawa Tai, and Yonok 520

Sub-districts as those wetland areas were converted to rice fields 521

and farm ponds. 522

D. Wetland Change and Human-Environment Interaction 523

We addressed this issue by examining human population and 524

land use factors and related concerns. The graphs in Fig. 5(a) and 525

(b) display approximate relationships between pairs of variables. 526

Specifically, Fig 5(a) depicts population trends from 1993 to 527

2017 together with the varying wetland area sizes (the forecasted 528

population sizes for 2020, 2030, and 2040 will be discussed in 529

Section V); and Fig 5(b) represents negative correlation between 530

wetland areas and agricultural land, where the former decreases 531

while the latter increases with time. 532

Increasing human population and concomitant increasing 533

needs and higher demands can contribute to wetland loss [19]. 534

The results showed that from 1994 to 2017, the variations in 535
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TABLE VI
PRODUCER’S AND USER’S ACCURACY OF LULC CLASSIFICATION AND

OVERALL ACCURACY OF LULC CLASSIFIERS

Abbreviations: PA, Producer’s accuracy; UA, User’s accuracy.

wetland areas are not related to local population change. Thus,536

we hypothesize that if agricultural land area changes are related537

to wetland change, i.e., increasing agricultural land will decrease538

wetland areas. The results show that wetland and agricultural539

land area changes are negatively correlated with an r of −0.90540

(p < 0.05) [see Fig. 5(b)].541

The vegetation area in wetlands can often be explained by542

the local temperature [51] and rainfall [20], two key factors543

influencing plant growth. We found that wetland vegetation544

coverage (a total areas of Wetland 01 and Wetland 03, see in545

Table II) was linked to the annual average temperature (r =546

−0.85, P < 0.05), whereas it was insignificantly related to the547

annual average rainfall (r = −0.49, P > 0.05).548

Climatograph shows long term average air temperature and549

rainfall for 12 months of the year from 1988 to 2017 at the550

Chiang Rai Meteorological station [see Fig. 6(a)]. The weather551

in March becomes warmer. The hottest period of the year is552

from April to June with a mean temperature of roughly 28°C.553

In the study area, July through September receives the most554

rainfall with a range of 287 mm/mo. (September) to 355 mm/mo.555

(August). The weather is cool in both December and January556

with mean temperatures below 21°C. The mean air temperature557

has fluctuated throughout the 30-year period [see Fig. 6(b)].558

Fig. 5. (a) Population dynamic and wetland areas. (b) Relationship between
wetland areas and agricultural land.

The average temperature from 1988 to 1997 was consistently 559

below the 30-year mean of 25.5°C. It then rose sharply in 1998 560

and fluctuated over the next 13 years. For each year from 2012 561

through 2017, average annual temperatures have all been above 562

the 30-year mean. Average rainfall has also fluctuated over the 563

past 30 years [see Fig. 6(c)]. The average rainfall decreased 564

steadily between 1988 and 1993, and then it increased sharply 565

in 1994 to 180 mm. It then fell sharply, fluctuated and increased 566

again until 2001, when it peaked at 191 mm. After declining 567

again sharply in 2003 to 117 mm, it fluctuated for a decade. 568

There was a dramatic fall from 2013 to 2015, and then a sharp 569

rise to 2016 and a continued sharp rise through 2017. 570

V. DISCUSSION 571

A. Classification Approach 572

Our quantitative analysis results confirm that a DTC ap- 573

proach performed better than an MLC or an MDC method in 574

wetland classification of Landsat imagery. Similarly, the DTC 575

technique offered better overall accuracy than traditional MLC 576

techniques or support vector machines [15], [21], [52]. Certainly, 577

differences in the specific number of bands, multisource data 578

of different input types, decision thresholds for each image’s 579

dataset in Landsat TM, ETM+, and OLI sensors could contribute 580

to the overall accuracy differences between the present study and 581

that of those other studies. However, the DTC technique has its 582

limits in that if the training data contains error, then overfitting 583
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Fig. 6. (a) Climatological average monthly air temperature and rainfall.
(b) Average annual air temperature. (c) Average annual rainfall from 1988 to
2017, measured at the meteorological station (the Chiang Rai Meteorological
Station) nearest to the study area.

the tree can lead to poor performance. The tree should be pruned584

back to diminish errors when data outside the training set are585

to be classified [16], [24]. The decision thresholds would lead586

to the final outcome of the classification. By changing training587

data, the DT was also changed. Therefore, expert knowledge is588

required to determine the DT boundaries that separate the classes589

in future space [15].590

In a technical sense, some of our results do not concur with591

the findings of previous studies whereas certain others are in592

agreement with earlier works. In particular, it has been sug-593

gested that using MLC is a more appropriate method to map594

wetlands for wetland resource and conservation management in 595

the lower Mekong basin, made up in part by Lao PDR, Thailand, 596

Cambodia, and Vietnam [4]. Yet, our findings indicate that the 597

MLC technique did not perform well, yielding poor quality 598

results in the case of the Wiang Nong Lom and Nong Luang 599

wetlands (Chiang Saen Valley). On the other hand, MLC can 600

only provide the best results when distinguishing between forest 601

and nonforest land cover in the study area which is consistent 602

with what has been found in previous findings [7]. 603

Suitable classifiers and spectral bands have been shown to 604

have a significant impact on classification accuracy. Our study 605

showed that due to spectrally similar LULC features in wet- 606

land landscape, some LULC classes have very similar spectral 607

characteristics. For example, wetlands were misclassified as an 608

agricultural area or water body, whereas during the dry period 609

some water bodies could be interpreted as a wetland. These 610

findings are in accordance with other studies [19], [58]. Local 611

villages and small road networks could not be precisely detected 612

in Landsat data due to their mixed spectral signals. Similarly, 613

several pixels scattered throughout an agricultural area (para- 614

rubber plantation) may erroneously be classified as forest land. 615

B. Wetland Changes 616

Although high spatial resolution satellite sensors can yield 617

reliable LULC classification and change detection results with 618

more details at a local level, the long-term archive of Landsat 619

satellite images could prove useful in providing long-term data 620

records for wetland monitoring and change detection. Landsat 621

still has a limited ability to map land cover at finer scales and 622

to identify wetland vegetation habitat type associations and map 623

them [8]. Future studies should investigate specific ecological 624

functions. 625

Our results indicate that during the last 30 years a significant 626

decline in wetland areas (at the rate of 1% annually) occurred in 627

the study area. Rain-fed paddy cultivation (May through Decem- 628

ber) has long been practiced in areas surrounding wetlands. From 629

1988 to 1994, wetland areas decreased by 2.18%. It is because 630

the Thai government implemented a rice price guarantee in 1984. 631

The Bank of Agriculture and Agricultural Cooperatives (BAAC) 632

implemented the rice pledging scheme to help farmers resolve 633

their debts by providing short-term loans for them and to collect 634

growers’ paddy rice as a guarantee [42]. Upon the suggestion 635

of merchants, the planting of cassava and maize became more 636

prevalent; merchants who would eventually purchase the yield 637

would do so at a reduced rate after investing and providing seed 638

and machinery to the farmers. These two events resulted in the 639

expansion of rice and field crop cultivated areas into wetland 640

areas. In addition, in 1991 and 1992, local influencers and private 641

investors bought land in villages and areas around wetlands to 642

plant rice and fruit trees such as lychee and longan. They used 643

tractors and crawler backhoes to dredge and drain water from 644

the wetlands for rice cultivation. The drained wetlands became 645

areas suitable for cattle grazing and resulted in encroachment of 646

previously existing wetlands. 647

Wetland encroachment slowed down during 1994–2000. This 648

was probably due to the fact that local government agencies 649
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seized public land from villagers and made agreements concern-650

ing wetlands and local boundaries. Villagers could continue to651

use those lands for agriculture, but they needed to pay a land tax652

to the local governments. Because those lands were owned by653

government, farmers were required to inform the government654

if they no longer wished to use land for agriculture. Basic655

infrastructure facilities, such as local roads, water supply, and656

electricity were developed in communities surrounding wetlands657

during 1994–1995. During this period, local people perceived658

abnormal weather conditions resulting in wetlands drying up. In659

response, during 1995–1996 farmers started to dig farm ponds660

in their rice fields to raise water crops, fish and chicken.661

The percentage of wetland areas in the study area decreased662

by 2.7% from 2000 to 2006. A possible explanation for this663

is the Ninth National Economic and Social Development Plan664

(2002–2006). Since 2002, emphasis was on reviving the econ-665

omy and building immunity to adverse changes for the people666

through grass-root economic development. The government had667

adopted a national plan for infrastructure to encourage eco-668

nomic growth and the development of infrastructure in order669

to enhance the country’s productivity and growth of exported670

goods. Consequently, the project increased crop production,671

service businesses and residential areas, and also resulted in a672

rapid increase in land prices [38]. Therefore, there were many673

developmental projects in the study area, such as the construction674

of roads, irrigation systems, and government buildings. As a675

result, many moats, mounds, archaeological sites, and ancient676

settlements in/and surrounding wetlands were destroyed along677

with their archeological evidence and value [38]. In 2003, the678

reduction of water runoff flowing into wetlands and the intensive679

use of water from wetlands during the summer for agricultural680

practices, particularly tangerine farms, caused extreme drought681

conditions drying out some wetlands [38]. At the same time,682

alien species, such as the Giant Mimosa (Mimosa pigra) and683

the Golden Apple Snail (Pomacea canaliculata) spread rapidly684

in wetlands [31], [53]. Buffalo and cattle populations declined685

because of disease outbreaks and shrinking grazing areas in and686

around the wetlands [38]. Villagers sold household land holdings687

to private investors or landlords; they did not have enough forage688

area to feed their cattle and buffalo [38]. In 2004, some farmers689

began to cultivate irrigated rice fields. The season lasts from690

January to May. Irrigated rice fields require the draining of691

water from wetlands and the Mae Lua River into the fields.692

During this time, wetlands were being gradually encroached693

upon by expanding rice farmland in addition to the water being694

drained.695

The conversion of wetlands to agricultural uses slowed down696

during 2006–2011. One reason may be the limited success of697

the Strategic Wetland Management Plan of Nong Bong Kai wet-698

land. Through community participation in a strategic planning699

process, this Plan aimed to promote sustainable wetland man-700

agement and restore the Nong Bong Kai wetland and vicinity to701

its natural healthy and functioning state. This plan has a 20 year702

strategy (2004–2024) and a five-year action plan (2004–2008)703

[31], [53]. Local communities, particularly in Pasak and Yo704

Nok subdistricts, were strengthened by various conservation and705

training activities regarding fish and water birds, water use, and706

liquid biofertilizer made from apple snails. However, despite 707

some successes in slowing down encroachment into wetlands, 708

farmers started to grow irrigated rice crops. Farmers in Yonok 709

subdistrict started to cultivate irrigated rice extensively during 710

2007. There was not enough water for rice crops; therefore, water 711

had to be drained from the wetlands. During the 2009–2010 dry 712

seasons, there was not enough water for crops because of the 713

water scarcity problem created by draining. 714

The strategic wetland management plan was effective for 715

a short-time period (2004–2008) as it helped to strengthen 716

community conservation efforts and encourage the wise use of 717

wetlands. Its effectiveness was temporary. However, from 2011 718

to 2017, the percentage of wetland areas decreased by 2.61%. 719

In October 2011, the government implemented a rice pledging 720

scheme that allowed farmers to pledge and give an unlimited 721

supply of their rice to the government at a fixed price that was 722

higher than the going market rate [33], [34]. It offered crop in- 723

surance and income security. It established a registration system 724

for farmer households and issued credit cards to farmers [33]. 725

Farmers wishing to participate in the program were required to 726

obtain approval from the Department of Agriculture and their 727

community. Product could be pledged at any local rice miller; 728

millers then were to issue a warehouse receipt to the farmers to 729

claim funds from the BAAC which was then obligated to process 730

the payment to the farmers [34]. The scheme was beneficial and 731

convenient and provided many incentives to grow rice and partic- 732

ipate. Unfortunately, and quite naturally, the program increased 733

crop cultivation in at-risk areas, such as wetlands. As a result, 734

rice cultivation has encroached into wetlands. As evidence, one 735

can merely look at the wetlands near the Yonok Sub-district 736

boundaries. In 2011, local governments designated these lands 737

as for landless households (0.0004–0.0032 km2 per household). 738

After 2011, because of the elevated price of rice, these areas were 739

converted to rice cultivation. Thereafter, in 2017, as a result of 740

decreased rice exports, many farmers converted these rice fields 741

into fish ponds because of the reduction in rice prices caused by 742

lower exports. 743

Wetlands and wetland ponds act as natural water storage, 744

can serve as a water supply and ease agricultural water scarcity 745

problems. Farmers reported declining water levels in wetlands 746

and the Mae Lua River since 2013 and experienced extreme 747

drought in 2015. These conditions decreased rice yields and 748

caused a reduction in fodder and grass for buffalo and cows. It 749

reduced the number of buffalo and cows and, consequentially, 750

caused a reduction in a primary income source, the sale of dung 751

and manure for fertilizer. 752

C. Response to Wetland Changes 753

As a result of the reduction in fodder and grass for buffalo 754

and cows and with support from the local governments, buffalo 755

raisers and farmers began planting fodder, such as napier grass, 756

crop residue, and legumes, on their land surrounding wetlands. 757

There was not enough water for crops, thus, farmers dug ponds 758

to store water on their lands and local governments dredged 759

wetlands (they dredged canals around wetlands) for storage 760

water and buffer zones. 761
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As a result of the reduced fish and aquatic animal population,762

local people made efforts to conserve and rehabilitate fish and763

aquatic animals. They agreed to make Wat Pa Mak Nor, a temple764

situated in the wetlands, a fish conservation area at which fishing765

was prohibited. These have forced communities to consider766

and pursue alternate livelihood measures, such as raising water767

crops, fish, chickens, individual household crop farming for768

household consumption, making handicrafts, and nonfarm day769

labor.770

D. Drivers of Change to Wetlands771

1) Agriculture: Our findings confirm that increasing agricul-772

tural land area has a statistically significant effect on decreasing773

wetland areas. Ground data can be used to corroborate these774

results and describe the resulting changes in more detail. Rain775

fed rice has been grown for decades. Since 2007, some paddy776

fields in areas surrounding wetlands converted to irrigated rice777

fields that withdrew water from the Mae Lua River and wetlands.778

Consequently, this expansion of agricultural areas impacted779

and contributed to the gradual conversion of wetlands to rice780

cultivation fields. This could possibly be linked to governmental781

agricultural policy. Through a 1986 policy, the Thai government782

attempted to improve infrastructure and facilities to enhance783

agricultural productivity. By supporting prices to increase farm-784

ers’ income, a rice policy was implemented through the paddy785

pledging program which allowed farmers to obtain a higher786

price for their crops [6]. Meanwhile, the government promoted787

a para-rubber plantations policy called “the one million RAI788

project,” in which the government guaranteed a rubber price789

to bolster farmers’ incomes. This has led to widespread land790

conversion to para-rubber cultivation [26]. Since 2003, large791

areas have been cultivated for the production of para-rubber,792

palm oil and pineapples in study areas. As a result, there was a793

rapid rise in the expansion of agricultural areas during the study794

period.795

2) Population: Wetlands have been affected by population796

growth and increasing economic development, which have im-797

pacted the provision and availability of ecosystem services and798

resources. Due to the unavailability of 1988 population data,799

it is not possible to assess if the post-1988 data represents the800

beginning or the continuation of a trend. Our ARIMA modeling801

used past population values (that are available only from 1993802

to 2017) to predict that the population in 2020, 2030, and803

2040 would be 33 723, 32 494, and 31 264 people, respectively.804

However, the decline in wetland size does not appear to be related805

to local population size. From 1993 to 2017, people increasingly806

moved from rural to urban areas. The local populations that807

remain in the rural areas are primarily dependent on subsistence808

agriculture, and many small-scale farmers have the potential to809

successfully transform subsistence production to commercial810

production [35]. At the same time, agribusiness firms have811

extended over large areas of para-rubber, palm oil, and pineapple812

plantations. These developments have led to human activities813

and other processes that damage the wetlands and impact the814

upstream catchments of the streams and rivers that drain into815

them.816

3) Other Drivers of Change: We suggest that digging ponds 817

and constructing farm roads or cart paths for access to the wet- 818

lands in the Chiang Saen Valley would lead to isolated fragments 819

of wetlands and waterways. Additionally, encroachment for 820

grazing, overexploitation of wetland products and invasive alien 821

species are a major threat to the sustainability of the wetlands. 822

Other studies have generated similar findings [55]. 823

4) Climate Change: Wetlands appear to be vulnerable to 824

agricultural activities and climatic variability [21]. It remains 825

unclear to what degree climate change contributes to the impact 826

on the Chiang Saen Valley wetlands. Unfortunately, we lacked 827

meteorological data from ground truth observation; therefore, 828

we collected meteorological data from the station nearest to the 829

study area. However, great challenges exist in understanding 830

climate change and its complex impact on our study area. It has 831

led to a reduction in the services provided by wetlands, such 832

as food and available water, as was discussed in Section V-B. 833

Wetland changes might not be directly related to temperature 834

and/or rainfall variations, but they are climatic conditions impor- 835

tant to wetlands and agricultural production. Empirical evidence 836

from trends on temperature and rainfall have been linked to 837

perceived changes, especially rainfall and its impact on wetlands 838

and local livelihood activities, particularly agriculture, livestock, 839

and fisheries. 840

5) Legislation: Recently, Thailand adopted a strategic plan 841

to focus on biodiversity. The plan was generated by the Office 842

of Natural Resources and Environmental Policy and Planning 843

(ONEP) in cooperation with the Office of the National Economic 844

and Social Development Board and the Biodiversity-based 845

Economy Development Office (public organization). Many 846

stakeholders were involved in the planning and development 847

process of this plan that was approved by the Cabinet on March 848

10, 2015. The time frame of the plan is 2015–2021 and has five 849

objectives: 850

1) to address the causes of biodiversity loss; 851

2) to promote biodiversity conservation and sustainable use; 852

3) to improve the status of biodiversity; 853

4) to develop the capacity to manage biodiversity and ecosys- 854

tem services; 855

5) to enhance implementation through participatory plan- 856

ning, knowledge management, and capacity building [32]. 857

It highlights wetlands in objective 2) on conservation and 858

biodiversity restoration: to protect wetlands and control the 859

expansion of community, pollution, overfishing, and climate 860

change, which can cause loss of wetlands and degradation; to fo- 861

cus on and address biodiversity issues to create criteria to assess 862

the impact on the Environmental Impact Assessment (EIA) to 863

protect wetlands; to push the Cabinet Resolution of November 3, 864

2009 regarding classification of Thailand’s wetlands as to their 865

level of importance, conservation measures, and more practical 866

action for conservation and management of the wetlands. 867

There are agencies and legislation related to the utiliza- 868

tion, conservation, and restoration of wetlands. Each agency is 869

granted specific wetland regulatory authority through separate 870

legislative acts. For instance, the OONEP and the Pollution 871

Control Department (PCD) receive their authority from the 872

Promotion and Conservation of National Environmental Quality 873
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Act of 1992; the Department of National Parks, Wildlife and874

Plant Conservation (DNP) receives its authority from the Na-875

tional Park Act of 1961 and the Wild Animal Reservation and876

Protection Act of 1992; the Department of Fisheries receives877

its authority from the Fisheries Act of 1995 [46], [47]. Due878

to the vast amount of legislation and number of regulatory879

entities, determining who has jurisdiction over wetlands and880

what procedures must be followed can be confusing. There is no881

lead agency tasked with looking at “the big picture” that could882

coordinate efforts of all concerned agencies. The Wiang Nong883

Lom and the Nong Luang wetlands (in Chiang Saen Valley) have884

been designated as wetlands of international importance [46],885

but a lack of clear, discernible boundaries inhibits the efforts of886

officials to establish policies to acknowledge and protect areas887

of importance. Existing wetlands should be protected by special888

land use policy, but implementing such policy may intensify889

already existing land conflicts.890

Our study’s conclusion is that LULC affected the ecosystem891

of the Wiang Nong Lom and Nong Luang (in Chiang Saen892

Valley) wetlands, and, accordingly, it can lead to changes in893

resource allocations. These wetlands are especially vulnerable894

to drivers of land-use change, with agricultural expansion being a895

major threat to wetland sustainability. Moreover, socioeconomic896

development and institutional policies (and to a lesser extent,897

population changes) are also forces driving wetland changes. It898

is hoped that the findings of this study will heighten the interest of899

governmental policy-makers in understanding and recognizing900

the importance of wetlands. They can also learn from, and apply901

these findings in their effort to manage natural resources, resolve902

conflict and make effective arrangements among stakeholders903

for the common pool of resources.904

VI. CONCLUSION905

In sum, the findings of this study are both technological and906

substantive, as follows.907

1) In high heterogeneous landscapes of small wetlands908

and surrounding areas with spectral similarities between909

LULC types, the DTC outperformed traditional methods910

that use Landsat imagery, such as MLC and MDC. In the911

future, research challenges will be to find suitable methods912

of extracting wetland vegetation information and enhance913

classification accuracy with high resolution images.914

2) Wetlands are at risk and those near agricultural land with915

extended cultivation have suffered losses. This indicates916

that existing legislation, policies, programs, and strategic917

ecosystem plans cannot protect small-scale wetlands if918

they are not enforced.919

3) Agricultural policies and wetlands conservation programs920

influence land use decisions. Agricultural policies change921

the economic incentives to cultivate crops, extend cultiva-922

tion and encroach upon wetland areas.923

4) Although many of the goods and services provided by924

small wetlands have little or no market value, they have925

benefits that inure to the local people. A large number926

of people live in and around wetlands and depend on927

their resources for their livelihoods. Perhaps the best928

way to protect the wetlands and their resources is to929

educate the community regarding their importance and 930

benefits. It would be wise to build alliances within the 931

community to preserve wetlands, and develop community 932

advocacy to be persistent, watchful and active to empower 933

communities to become more active stewards of wetlands 934

in their communities. An example would be volunteer 935

monitoring programs. Giving local communities manage- 936

ment and control over wetland resources is vital to their 937

successful sustainable management. Additionally, gov- 938

ernment agencies should consider the potential for rural 939

job creation, should encourage farmers to produce crops 940

with less water and should assist them in promoting agro 941

production, processing, marketing and distribution of high 942

value crops. Doing so can minimize the detrimental impact 943

of agricultural activities on neighboring the wetlands. 944
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