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Abstract: Abandonment of agricultural land is a global issue and a waste of resources and 

brings a negative impact on the local economy. It is also one of the key contributing factors 

in certain environmental problems, such as soil erosion and carbon sequestration. In order to 

address such problems related to land abandonment, their spatial distribution must first be 

precisely identified. Hence, this study proposes the use of multi-temporal Landsat imageries, 

together with crop phenology information and an object-oriented classification technique, to 

identify abandoned paddy and rubber areas. Results indicate that Landsat time-series images 

were highly beneficial and, in fact, essential in identifying abandoned paddy and rubber 

areas, particularly due to the unique phenology of these seasonal crops. To differentiate 

between abandoned and non-abandoned paddy areas, a minimum of three time-series 

images, mainly acquired during the planting seasons is required. For rubber, multi-temporal 

images should be examined in order to confirm the wintering season. The study demonstrates 

the advantages of using multi-temporal Landsat imageries in identifying abandoned paddy 

and rubber areas wherein an accuracy of 93.33% ± 14% and 83.33% ± 1%, respectively, 

were achieved. 
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1. Introduction 

Detecting land abandonment has become one the most important global agenda and political 

discussions in recent decades due to the strong relationship that the environment has with the  

socio-economy of a country [1,2]. Land abandonment has also been identified as one of the key 

contributing factors of soil erosion [3] and increasing carbon sequestration [4–6], as well as having 

implications on landscape planning [2]. From the economic point of view, abandonment of agricultural 

land means that resources are wasted and food production is decreased, thus negatively affecting the 

local economy [7]. 

Land abandonment is commonly associated with the land cover changing from an agriculture land to 

an arboreous shrubland or a secondary forest [2]. Additionally, it is identified as a heterogeneous  

area [4,8,9] or an area with high variability in terms of reflectance [7]. In the Malaysian context, 

agricultural land is considered abandoned when the area has a minimum coverage of at least 0.4 hectares 

and is left uncultivated for three consecutive years or more [10]. In 2014, a total area of 119,273 hectares, or 

2%, of Peninsular Malaysia’s arable soil was declared abandoned [10]. This statistic however, can 

dynamically fluctuate due to any additions of newly abandoned lands or the development of previously 

abandoned lands [10]. According to Ponnusamy [11], abandoned lands are commonly scattered and 

widespread [4]; hence, to detect and identify them can pose quite a challenge in terms of cost, time, and labor. 

Advanced technology, such as remote sensing, has been useful in identifying abandoned lands [1]. 

By employing remote sensing imagery, complemented by an object-oriented classification technique, an 

automatic procedure of monitoring abandoned lands [7] with fast results can be performed. While studies 

on detection of abandoned agricultural land in Malaysia are almost nil, such studies have been carried 

out in other countries [1,4,9,12] where satellite imageries such as Landsat TM, MODIS, and IKONOS 

were utilized. These studies show that remote sensing is greatly useful in studying land abandonment, 

especially when large areas are involved, since the images could provide reliable land-use data from 

previous years. Nevertheless, most of these studies looked at annual crops rather than perennial crops, 

as they dominate many equatorial countries. 

In utilizing remote sensing imagery to detect abandoned lands, multi-temporal images can also be 

used as a strategy [13] in achieving the best possible classification accuracy [14] and in estimating 

vegetation phenology [15]. This is because the changes in the reflectance during the cropland cycle are 

recorded by satellites and, thus, can be observed with multi-temporal images [1]. While the dates of 

these images are undeniably important, it is also essential to note that the key dates differ between 

abandoned classes [1]. For annual crops, for instance, ideally three images should be captured during 

spring, summer, and fall of a single year for both pre- and post-abandonment periods. On the other hand, the 

usage of satellite images from many dates is preferable for accurate monitoring of non-annual crops [1]. 

Moreover, for crops such as rubber, its unique phenological characteristic is shown during foliation and 

defoliation stages [16], or growing and non-growing seasons, where during the growing seasons, its 

NDVI value is high and similar to an evergreen forest [17]. As for paddy, its unique phonological 

characteristic is shown during the flooding and transplanting phase [18]. 

Nowadays, the object-oriented classification methodology is also becoming more popular than the 

traditional pixel-based technique, which has been studied by many researchers [19–23]. With the  

object-oriented technique, the rule set protocol can be developed and transferred between images in a 
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multi-temporal analysis, provided that image normalization has been performed [22]. This method also 

performs better than pixel-based classification techniques, especially in reducing spectral variability [20]. 

Milenov et al. [7] also found that the object-oriented method can produce an acceptable level of  

accuracy in monitoring the risk of farmland abandonment. Furthermore, this technique offers the 

possibility of integrating satellite imagery with other existing vector data during the process of object  

identification [24,25]. 

This paper aims to utilize the multi-temporal images of Landsat TM/OLI in identifying paddy and 

rubber land abandonment in Malaysia. These crops contribute vitally to the country’s gross domestic 

product (GDP), which is USD 1.6 billion and USD 0.4 billion, annually, for rubber and paddy, 

respectively. Assessing the status of paddy land abandonment is crucial not only because it is widely 

planted after oil palm and rubber, but also due to the fact that the local production of paddy is only at 

70%, leaving the country dependent on the importation of rice. Hence, having an abandonment 

monitoring program for this crop will help the country’s long term food security program. Therefore, in 

order to meet the objective of this research, that is, to develop a rule-based classification methodology 

in identifying abandoned rubber and paddy areas using multi-temporal Landsat images, the following 

research questions need to be answered: 

1. What is the total area of abandoned paddy and rubber in the study area? 

2. How accurately can abandoned paddy and rubber areas be identified using rule-based 

classification with multi-temporal Landsat imageries? 

2. Methods 

2.1. Study Area 

This study was conducted in Mukim of Sungai Siput and Kuala Kangsar, Perak (Figure 1), covering 

an area of approximately 96,816 hectares. Its exact location is from 5°5′51′′N, 100°48′59′′E to 

4°39′12′′N, 101°28′2′′E. The study area has a tropical climate with temperatures ranging from 24 °C to 

33 °C. Humidity level is generally 86% and daily rainfall is 6 mm. The soil types in this area are 

predominantly sandy clay, sandy clay loam, sandy loam, sandy, and silty clay. The topography in this 

area is relatively hilly from 18 to 1790 m where almost 50% of this area is covered by primary forest. 

2.2. Data Collection 

In this study, multi-temporal imageries of a 30-m resolution Landsat TM/OLI satellite were utilized. 

A systematic archiving of data gathered was obtained from the United States Geological Survey (USGS). 

Fifteen series of Landsat images were acquired (Table 1). Images dating from 2013 onwards were used 

to develop the phenological characteristics of rubber and paddy, while images dated as 2014 were 

purposely used for image classification and feature extraction, corresponding with the ground data 

collection dates. The historical images from 1997 and 2009 were used for image normalization and for 

supporting the feature extraction of abandoned land. 
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Figure 1. Study area in Mukim of Sungai Siput and Kuala Kangsar, Perak, Malaysia. 

Table 1. Landsat images acquisition. 

Image Date Sensor Image Purpose 

28 May 1997 TM Reference for image normalization 

21 January 2009 TM Supporting the feature extraction of abandoned land 

22 April 2013 OLI Crop phenology development 

9 June 2013 OLI Crop phenology development 

18 December 2013 OLI Crop phenology development 

4 February 2014 OLI Crop phenology development and classification 

24 March 2014 OLI Crop phenology development 

9 April 2014 OLI Crop phenology development 

11 May 2014 OLI Crop phenology development 

28 June 2014 OLI Crop phenology development and classification 

16 September 2014 OLI Crop phenology development and classification 

7 February 2015 OLI Crop phenology development 

23 February 2015 OLI Crop phenology development 

11 March 2015 OLI Crop phenology development 

12 April 2015 OLI Crop phenology development 

For classification and feature extraction, a historical land use map prepared in 2006 acquired from [10] 

was also used, providing an 8-year gap between the ancillary data and satellite imagery used for 

classification. A longer gap is chosen in order to meet the definition of abandoned land [10], that is, land 

abandoned for at least three years and also to avoid the problem of misidentifying poorly managed or 

unmanaged plantation as an abandoned land, as it could physically resemble one. 

Ground locations of abandoned agricultural paddy and rubber were obtained for phenology 

development and accuracy assessment. Field trips were then conducted throughout the entire study area 

on January, April, and November 2014. Additionally, an image from SPOT-6 with a 1.5 m resolution 

dated as 12 February 2014 was used to complement the classification accuracy assessment. A total of 
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120 locations were found, with 30 locations each for abandoned and non-abandoned paddy, and also for 

abandoned and non-abandoned rubber. 

Crop seasonal information, such as rubber wintering season and paddy planting dates, were also 

obtained in order to verify the crop phenology derived from the time-series images. For rubber, two (2) 

seasons are involved: primary (July to September) and secondary (February to March) [26]. For paddy, 

the first season is often at the beginning of February and the second season usually begins in June or 

July [27]. 

2.3. Crop Phenology Development 

Crop phenology for paddy and rubber was developed using the vegetation indices extracted from the 

Landsat time-series images from 2013 to 2015. Vegetation indices which are mostly derived from the 

combination of two spectral bands were used in order to minimize the effect of external factors on the 

spectral data [28]. Normalized Difference Vegetation Index (NDVI), sensitive to the greenness of 

vegetation [29] and the most commonly used vegetation index in various vegetation studies [28,30–32], 

was used. The NDVI values of each abandoned and non-abandoned crops from the 2013 images were 

extracted based on the coordinates of these locations on the ground. The average NDVI value was then 

calculated for each satellite image. Finally, the crop phenology graph was created in order to understand 

the characteristics of satellite images that should be selected for the classification analysis. 

2.4. Pre-Processing of Satellite Images 

2.4.1. Digital Number (DN) to Reflectance Conversion 

When comparing images from different sensors and platforms, the conversion of image data from 

DN to spectral radiance to Top-Of-Atmosphere (TOA) reflectance is a common and fundamental step. 

For this, the standard equation provided by USGS [33] for Landsat OLI and Chander et al. [34] for 

Landsat TM was utilized. The general processing workflow is shown in Figure 2. 

2.4.2. Image Normalization 

Since multi-temporal satellite images were used, image normalization is critical and necessary in 

order to ensure the homogeneity of the Landsat time-series data set. This is achieved by adjusting the 

radiometric properties of an image series based on a single reference image [35]. In this study, 

normalization is performed using the histogram matching method by Pratt [36]. An image dated as  

28 May 1997 was chosen as the reference image and the histogram of this reference image was matched 

to the rest of the images. 

2.5. Image Classification and Feature Extraction 

The object-oriented approach was adopted as the classification method in this research.  

Feature extraction combines the process of segmenting an image into regions of pixels, computing 

attributes for each region to create objects, and classifying the objects based on attributes to extract 

features. Landsat OLI images with dates as illustrated in Table 2 were used as image inputs with R(6) 
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G(5) B(4) band combinations as recommended for vegetation analysis [37]. NDVI images and rasterized 

land use maps were also integrated as ancillary data input. 

Table 2. The rule set protocol to classify abandoned and non-abandoned paddy and rubber. 

 Paddy Rubber 

Primary Image 

Input 

4 February 2014  

28 June 2014  

16 September 2014 

4 February 2014 

Ancillary Data 

Input 

NDVI  

Land use 2006 (Rasterized) 
Land use 2006 (Rasterized) 

Scale Parameter 20 20 

Merge Level 60 60 

Rule Set 

Land preparation phase  

Land use (Confidence image value) < 210 

NDVI < 0.3521 

SWIR 1 (Reflectance) > 0.1746 

Non-abandoned  

Land use (Confidence image value) < 250  

NIR (Reflectance) < 0.4760 

Pre-Planting (Irrigation phase)  

Land use (Confidence image value) < 210  

NDVI < 0.3521  

SWIR 1 (Reflectance) NOT > 0.1746  

SWIR 2 (Reflectance) < 0.0544 

Abandoned  

Land use (Confidence image value) < 250  

NIR (Reflectance) NOT < 0.4760 

Crop growth phase  

Land use (Confidence image value) < 210  

SWIR 1 (Reflectance) NOT > 0.1746  

SWIR 2 (Reflectance) NOT < 0.0544 

 

For image segmentation, the scale selected will directly affect the classification accuracy. The scale 

of segmentation should be proportionate to the image resolution [38]. Thus, in order to obtain the optimal 

segmentation scale, the segmentation was executed under three different scale levels of 10, 20, and 30. 

The result showed that the best scale level is 20 since the images of objects created at the scale level of 

10 were too small while at the scale level of 30, the objects created were too large. Hence, this data file was 

created using a scale level of 20 and a merge level of 60. The same segmentation parameters were kept in 

mind while importing other images since the similar rule set needs to be applied to other satellite images. 

In the development of the rule set, the thresholds were identified by adjusting the range given by the 

image histogram based on the researchers’ visual analysis [39]. To ensure that the range is correct, a 

preview result window was used for visual interpretation. Therefore, this technique requires the user to 

have knowledge of the study area or the fundamental characteristic of the object features [40], similar to 

supervised classification, except that no training area is needed. 

For object identification of non-abandoned and abandoned paddy areas, three OLI images dated as  

4 February, 28 June, and 16 September 2014 were selected based on the paddy phenology information 

obtained from the multi-temporal Landsat images. In these time-series images displayed in band 

combinations of R(6), G(5), B(4), paddy cultivation areas could appear in any of these three colors: red, 

blue, or green, due to different planting activities. Red-colored paddy areas were associated with land 

preparation phase, where the areas were mostly covered with soil. Blue-colored paddy areas reflected 
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pre-planting phase involving irrigation phase, known as “flood/open-canopy phase” where the paddy 

rice fields are a mixture of water and paddy plants [18]. While the paddy is growing, the optical sensor 

only measures the plants, thus appearing in green [18]. 

For delineating the paddy areas, the vector land use map of paddy areas was first rasterized based on 

the land use code. After the importation and segmentation processes, the rasterized land use map was 

displayed in an 8-bit image called a confidence image, with values ranging from 0 to 255. Then the 

threshold of the confidence image was set to less than 210, representing the paddy area boundary.  

The accuracy of the generated boundary was then examined by overlaying it on the original vector land 

use map. 

For the land preparation and irrigation phases, NDVI values less than 0.3521 were chosen, 

representing non-vegetated area. Then to complement the NDVI band, the SWIR band which is sensitive 

to both leaf area and leaf water content was used [29]. The value of the SWIR 1 band was specified to 

more than 0.1746 for the land preparation phase, representing the reflection from the mixture of soil and 

paddy plant. Since the soil tends be dry in the early planting stage, less absorption occurs at this 

wavelength, resulting in an increase in their threshold values. For the irrigation phase, the values of 

SWIR 1 band were assigned to not more than 0.1746. Since the paddy patches were mainly a reflection of 

a mixture of water and paddy plant, more water absorption was expected at this wavelength. In order to 

strengthen these rule sets, the value of SWIR 2 band was also specified to be less than 0.0544 for the 

irrigation phase. As for the crop growth phase, different threshold values were defined, where SWIR 1 

band was set to not more than 0.1746 and SWIR 2 band was set to not less than 0.0544. 

Finally, we employed the same rule set to the other images dated as 28 June and 16 September 2014 

in order to examine any possible planting activities conducted throughout the year. The hypothesis is, if 

the paddy areas permanently appear evergreen in these two images, there is a high possibility that the 

areas are abandoned. This is also confirmed by Dong et al. [18] who stated that “evergreen vegetation 

has green leaves all year round, with no period of defoliation”. 

In identifying and distinguishing between abandoned and non-abandoned rubber areas, crop 

phenology information obtained from the multi-temporal satellite images was also used. The unique 

characteristic for rubber plantation is the defoliation (leaf-off) and foliation (new leaf emergence)  

phases [16]. Based on the aforementioned knowledge, an image dated as 4 February 2014 was selected. 

In this image displayed in band combinations of R(6), G(5), B(4), the non-abandoned areas appeared in 

brown-green color due to the unique defoliation phenology, while abandoned areas were light-green in 

color. At the defoliation stage, the rubber canopy is either covered with little or no green leaves, resulting 

in low NDVI values [16]. NIR band was utilized since the reflectance increases nonlinearly with the 

number of leaf layers, where a full canopy reflects 85% more light than a single leaf layer [29]. To 

delineate the rubber areas, the threshold range for the rasterized land use image was set to less than 250. 

Consequently, to complement the rule set development, the NIR value was set to less than 0.4760 in 

order to delineate the non-abandoned rubber from the abandoned rubber areas.  
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Figure 2. Workflow for abandoned and non-abandoned paddy and rubber feature extraction. 

2.6. Layer Updating 

To finalize the findings, the classification results were overlaid with the historical Landsat TM image 

dated as 21 January 2009, providing a five-year gap in order to confirm any abandonment status. Paddy 

areas that depicted land preparation and irrigation activities were renamed as non-abandoned paddy 

while paddy areas that consistently appeared to be in a crop growth phase were labeled as abandoned 

paddy. Meanwhile, the defoliated rubber areas were renamed as non-abandoned rubber, and the  

non-defoliated rubber areas as abandoned rubber. The final classification procedure involved eliminating 

any areas less than 0.4 hectares in order to meet the definition of an abandoned agricultural land [10]. 
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2.7. Accuracy Assessment 

For the accuracy assessment, all of the ground data points, the SPOT-6 image, and the historical 

Landsat images were utilized. Thirty sample points for each of the four classes (abandoned paddy,  

non-abandoned paddy, abandoned rubber, and non-abandoned rubber) were located using stratified 

random sampling, where the number of points is stratified to the distribution of the classification  

classes [41]. In total, 120 independent points were used for the purpose of validation. According to  

Dong et al. [18], the land cover classification accuracy is influenced by three factors: (i) quality of 

satellite image, (ii) in situ data, and (iii) algorithm. Standard error, S(p̂) and standard error of adjusted 

area, S(Â), which incorporate user and producer accuracy with known area proportions of the map 

classes, Wi, were then calculated for each class [42]. 

3. Results and Discussion 

3.1. Crop Phenology 

3.1.1. Paddy 

As seen in Figure 3 below, the NDVI values for abandoned and non-abandoned paddy areas are 

clearly distinct. For the non-abandoned paddy area, the NDVI values recorded were low for the  

4 February 2014 and 7 February 2015 images, while high values were recorded for the 9 June 2013 and 

11 May 2014 images. The low NDVI could be attributed to activities where paddy crops were absent, 

such as seedling or irrigation, while the high values could indicate the presence of paddy crops such as 

during the growth phase. The phenology for the abandoned paddy area meanwhile is evidently different 

from the non-abandoned paddy, where the NDVI values were consistently high throughout the time-

series images [18]. These areas were found to be covered by grasses and bushes (Figure 3ii) with no 

presence of paddy planting activities such as land preparation and pre-planting. 

 

Figure 3. Phenology for paddy; (i) non-abandoned paddy; (ii) abandoned paddy. 
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To demonstrate the importance of time-series images in discriminating between abandoned and  

non-abandoned paddy areas, images of three paddy cultivation areas with three different dates  

(4 February, 28 June, and 16 September 2014) were also selected (Figure 4). Changes in color, either to 

red or blue, can be clearly seen in the images of the first (area I) and third (area III) paddy cultivation areas 

during the period where different paddy planting activities were carried out (Figure 4a–c,g–i). The second 

paddy cultivation area (area II) (Figure 4d–f) however, maintained its green color throughout the selected 

period despite the fact that these images were obtained during the planting season. 

 

Figure 4. Landsat time-series imagery for three selected paddy areas (a–i); (4.1) spectral 

reflectance for area I; (4.2) spectral reflectance for area II; and (4.3) spectral reflectance for 

area III. 

In terms of spectral reflectance of paddy cultivation areas, Figures 4.1 and 4.3 demonstrate the 

reflectance of different types of features while Figure 4.2 only shows the spectral signature of vegetation. 

Low reflectance is observed for both areas I and III in the 16 September 2014 image and  

4 February 2014 image, respectively. The shape of the spectral signature resembles that of water bodies, 

where these images were possibly acquired during the irrigation phase. For area I and III, two types of 

energy could be identified from the unique spectral signature of vegetation: (i) low energy in the NIR 

wavelength, which could be attributed to young vegetation, where in the early stages, paddy crops are 
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mixed with background soil; and (ii) high energy in the NIR region due to the grown paddy crops where 

they dominate the background soil. Since the reflectance indicates planting activities, these areas were 

identified as non-abandoned. As for the spectral reflectance in Figure 4.2, it remained unchanged in the 

three images, suggesting that these are permanently vegetated areas, such as with shrubs or bushes, or 

abandoned areas. From this, it is important to note that if images from only a single date were used 

instead, such as the ones dated as 28 June 2014, misclassification could possibly occur due to the similar 

NDVI readings for both abandoned and non-abandoned paddy areas as all represent vegetated areas. If 

images from another date possessing lower NDVI values were used, other classes such as soil or water 

body could be represented. Therefore, the utilization of multi-temporal satellite images based on the 

planting activities is crucial to discriminate between abandoned and non-abandoned paddy areas. 

3.1.2. Rubber 

Figure 5 below shows the NDVI values for abandoned and non-abandoned rubber areas using  

multi-temporal Landsat images. The differences in the NDVI values between abandoned and  

non-abandoned rubber were not too evident, except for the lower and higher NDVI values for  

non-abandoned rubber for the 4 February and 9 April 2014 images. It was hypothesized that the lower 

NDVI value was due to the higher mean temperatures in February 2015 [43], causing noticeable 

defoliation in the non-abandoned rubber plantation, as dry monsoon is known to contribute to  

defoliation [16]. On the other hand, the NDVI value for the abandoned rubber was high due to the 

heterogeneous condition of the abandoned areas where evergreen crops were not subjected to defoliation. 

While the month of February is known as the defoliation season for rubber, images dated as 7 and 23 

February 2015 did not depict this vital crop phenology information. 

 

Figure 5. Phenology for rubber; (i) non-abandoned rubber; (ii) abandoned rubber. 
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In discriminating between abandoned and non-abandoned rubber areas, information on the wintering 

season is essential in order to select the right satellite images based on the appropriate phenology phases. 

The implications of ignoring this information on wintering will not only result in the difficulty to 

differentiate the abandoned areas, but will also pose a major challenge in discriminating between rubber 

and oil palm via visual interpretation and unsupervised classification, as demonstrated in Figure 6a–c. 

For instance, if the classification procedure is implemented on images dated as 28 June or 16 September 

2014, rubber and oil palm classes would be indistinguishable as demonstrated by mark points I, II, and 

III in Figure 6b,c. 

 

Figure 6. Multi-temporal Landsat OLI imagery used to choose the right satellite image in 

discriminate between non-abandoned rubber and oil palm; (a) images dated as 4 February 

2014; (b) images dated as 28 June 2014; (c) images dated as 16 September 2014; and 

abandoned rubber appear permanently green using time series image (d) images dated as  

4 February 2014; (e) images dated as 28 June 2014; (f) images dated as 16 September 2014. 

From the visual interpretation, it can be seen that non-abandoned rubber areas appear in  

brown-green color during the wintering season, or defoliation stage, while abandoned rubber areas are 

permanently in green, mainly due to the mixed presence of rubber and other non-defoliating woody trees 

(Figure 6d–f). 

3.2. Image Classification and Accuracy Assessment 

3.2.1. Paddy 

The final results for paddy classification were extracted from the combination of 2014 Landsat OLI 

time-series images and the 2009 historical Landsat TM image (Figure 7). Ground visits confirmed that 
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the abandoned paddy areas were vegetated by grasses and bushes (Figure 3). Therefore, the paddy areas 

that appeared to be in the crop growth phase throughout the time-series images were identified as 

abandoned due to the absence of paddy planting activities since 2009, while paddy areas depicting 

planting activities such as land preparation and pre-planting were classified as non-abandoned.  

This method produced a high accuracy of 93.33% ± 14% and 96.67% ± 0.02% (Tables 3 and 4) in 

discriminating between abandoned and non-abandoned paddy areas. Figure 8 shows the distribution of 

these abandoned and non-abandoned paddy areas with the total of 579 ± 82 and 534 ± 0.1  

hectares, respectively. 

 

Figure 7. Paddy feature extraction using time-series images and historical image. 

Table 3. Accuracy assessment for abandoned and non-abandoned paddy and rubber. 

 
Abandoned 

Paddy 

Non-abandoned 

Paddy 

Abandoned 

Rubber 

Non-abandoned 

Rubber 
Others 

Classification 

Overall 

Producer 

Accuracy 

Abandoned 

Paddy 
28 1 0 0 0 29 96.55% 

Non-Abandoned 

Paddy 
0 29 0 0 0 29 100.00% 

Abandoned 

Rubber 
0 0 25 0 0 25 100.00% 

Non-Abandoned 

Rubber 
0 0 5 26 0 31 83.87% 

Others 2   4 0 6 0.00% 

Truth Overall 30 30 30 30 0 120  

User Accuracy 93.33% 96.67% 83.33% 86.67% No Data   
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Table 4. Standard Error S(p̂) and Standard Error of Adjusted Area, S(Â). 

Class Map Area (ha) Wi S(p̂) S(Â) 

Abandoned Paddy 579 0.006 0.1408 81.54 

Non-Abandoned Paddy 534 0.006 0.0002 0.12 

Abandoned Rubber 13,068 0.135 0.0124 162.34 

Non-Abandoned Rubber 17,932 0.185 0.1414 2535.11 

Others 64,703 0.668   

Total 96,816 1   

 

Figure 8. Classification Map. 

3.2.2. Rubber 

Our site visits revealed that abandoned rubber areas were not well organized where the rubber trees 

were left untapped and the ground was heavily enveloped by bushes (Figure 5). In general, the 

appearance of abandoned rubber areas was similar to a secondary forest. 

Similar to the paddy classification, the usage of historical satellite images is also important to ensure 

the accuracy of any identified abandoned rubber areas. Since rubber wintering season in the area tends 

to occur at the beginning of the year, the Landsat image dated as 21 January 2009 was utilized. An 

83.33% ± 1% accuracy for the classification of abandoned rubber and an 86.67% ± 14% accuracy for 

the classification of non-abandoned rubber were achieved in this study, as shown in Tables 3 and 4. 

Lower accuracy was observed for the non-abandoned rubber primarily due to the presence of evergreen 

perennial trees such as durian (Durio sp.) mixing with the non-abandoned rubber stands in that area. The 

total areas of these abandoned rubber and non-abandoned rubber were 13,068 ± 162 and 17,932 ± 2535 

hectares, respectively, and their distributions are shown in Figure 8. 
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4. Conclusions 

This study shows that the rule-based classification method with the utilization of multi-temporal 

Landsat images is indeed promising in identifying abandoned paddy and rubber areas where an accuracy 

of 93.33% ± 14% and 83.33% ± 1%, respectively, were achieved. To differentiate between abandoned 

and non-abandoned paddy areas, a minimum of three time-series images and an additional historical 

image are needed in order to meet the definitions of abandonment. As for identifying abandoned rubber 

areas, the requirement is slightly different. While the feature extraction and classification did not concern 

the utilization of multi-temporal images, time-series images must be used to confirm the wintering 

season and, consequently, an image acquired during the wintering time is preferable in order to avoid 

misclassification. As with the classification of paddy areas, the feature extraction and classification 

processes still involve the use of an additional historical image. 

The total area of abandoned paddy found in this study area is 579 ± 82 hectares, indicating that 52% 

of paddy area is left uncultivated for almost eight years. Meanwhile, 13,068 ± 162 hectares, or 42% of 

rubber, is considered as abandoned for the same duration. This study concludes that the use of  

multi-temporal Landsat images to identify seasonal crop land abandonment, especially paddy and 

rubber, produces a high level of accuracy. 
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