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Using Landsat 8 Images for Estimating Crop Harvest Progress  


 


Introduction 


Gathering agronomic information from remotely sensed data is not a new concept. For 


decades, efforts to mine information about crop conditions have been increasing as advancing 


technology enables higher quality data to be collected. Badhwar (1984) developed an automatic 


unsupervised classification method to estimate the proportions of agricultural land in three crop 


categories: corn, soybean, and other. The method takes advantage of the known signatures for 


corn and soybeans; specifically the higher ⍴max of soybeans. The data were refined to determine 


the thresholds for each class.  A linear classifier, Ho-Kashyap algorithm, then used the criterion 


function to separate each pixel into one of the classes. This methodology was developed and 


tested using Landsat 5 data over the United States over three years. It was determined to provide 


unbiased estimates of the crop proportions. The method performed best when the corn proportion 


was between 25-50% and struggled with pixels on the borders of fields. Conese and Maselli 


(1990) utilized multitemporal information to improve the classification of three different Landsat 


images. 150 ground reference points were used to determine ten classes to be used when 


classifying the entire image. A maximum likelihood classifier was used on each individual image 


and also on the multitemporal set. The error probabilities were then estimated using the error 


matrix. This information was used for the modified maximum likelihood classifier and the 


process was repeated. Using this approach increased the Kappa coefficient by 0.09 when 


compared to the multitemporal classification. Bruzzone et al (1997) used a supervised 


nonparametric approach to identify land-cover changes over time. This technique made it 


possible to detect changes without classifying each individual scene. This method also provided 


better accuracy than traditional post classification methods. Training pixels were developed 








using ground control points where the ground truth was known at both time points. A Bayesian 


approach was used to determine the probabilities of a land-cover transition. The accuracy was 


assessed using Kappa coefficients and it was determined this approach was more accurate than a 


post classification approach, 0.86 and 0.67 respectively. 


Each season, the USDA issues weekly crop progress reports. These reports give 


important details of the progression of the crops growing in the field. National Agricultural 


Statistics Service (NASS) sends questionnaires to 4,000 USDA extension and FSA agents each 


week. The data from these questionnaires are compiled to create county, state, and national 


reports. One of these reports is the harvest progress report. This report gives the percent of the 


crop that has been harvested in each state. These reports are widely used and can affect the 


commodity market prices. In 2013, these reports were interrupted by the government shutdown 


in October. Crop progress reports were not issued for the weeks of October 7 and October 15. 


Some information from those missed reports have been interpolated; however, the use of satellite 


images from those time points could rectify the data from that time period. 


 


Materials and Methods 


Data from Landsat 8 acquired over Southern Indiana during the months of September, 


October, and November 2013 were selected for analysis. Data were downloaded from USGS 


Earth Explorer. The temporal spacing of these images is important when estimating regional 


harvest progress. Because of this, 30 day intervals were selected. The acquisition dates of the 


data selected were September 6, October 8, and November 9, 2013 (Figure 1).  The scenes for 


each month were chosen based on the quality of the data. Images with minimal cloud cover were 


selected. Since cloud cover is common in the Midwest during the fall months, the amount of data 


available was quickly limited.  








 


A spatial subset of the images was taken to reduce the scenes to a smaller area of interest. 


Decatur County, Indiana was chosen because of its prolific crop production. There is a large 


amount of cropland located in Decatur County in relation to urban areas. The spatial subset was 


achieved by setting the extent to that of our National Agricultural Statistics Service Cropland 


Data Layer (downloaded for Decatur County) at the time of performing radiometric calibration. 


By subsetting the data spatially, computation time was significantly reduced through all steps of 


preprocessing the image data.  


ENVI v5.1 was used to calibrate the three scenes. The data was converted from digital 


numbers to reflectance values using the radiometric calibration tool available in ENVI. This tool 


uses the multispectral metadata file to determine the correct values to use when converting from 


radiance to reflectance. Figure 2 shows screen captures of the settings used for these radiometric 


calibrations. 


 


Figure 1. Landsat 8 data acquired for the months of September (left), October (middle), and November 


(right). 








Atmospheric calibration was also completed using ENVI v5.1. This calibration was 


achieved using the dark pixel subtraction method. This method uses the assumption that the 


darkest pixels in the image should have a reflectance value of zero and any difference is assumed 


to be the effect of atmospheric scattering. The darkest pixels are then adjusted to zero. The rest 


of the image is then adjusted by the same factor. Figure 3 shows the settings used in the ENVI 


Dark Subtraction tool to achieve this correction. 


Figure 3: Screen captures of settings used for radiometric calibrations 


Figure 2: Screenshot of settings used for darkest pixel subtraction and results for 


September image. 








After these calibrations were complete, the three scenes were co-registered. The 


registration was achieved using ERDAS Imagine 2014. Ground control points (GCPs) were 


selected near the perimeter of the image and were uniformly distributed. Five GCPs were used in 


each image. Objects chosen as GCPs included building corners, grain bins, and road 


intersections. The scene acquired in November was used as the reference image and the other 


scenes were registered to that image. Figure 4 shows the GCPs used for registration; the total 


RMS was 0.28. 


 


 At this point, the data was prepared for classification.  Supervised classification was 


preferred over unsupervised classification for the added control in making adjustments and fine-


tuning the classification.  The NASS Cropland Data Layer (CDL) was used to identify known 


soybean and corn fields.  The CDL is a raster product made by the USDA NASS which shows 


Figure 4: Image registration.  The September image (right) was registered to the 


November image (left).  Also shown are the ground control points and the reported 


RMS error. 








the type of crops grown across the lower 48 states at a 30-meter resolution.  This dataset was 


used to look up whether a given field was soybeans or corn when training our classifier. 


Looking at the three images, it was apparent that the changes that occur over the course 


of the harvest season are substantial.  The majority of the image in September indicates healthy, 


live crops that are green.  In the October image, much of the crop has senesced and is darker 


brown in color.  Finally, in November, most of the crop appears a gray or tan color which 


indicates that it has been harvested.  Because of these temporal effects, classification could not 


be performed by using common spectral signatures across all three images; it was necessary to 


treat each image as a separate classification problem.   


 Beginning in September with no identifiable fields where the crop had been harvested, 25 


area of interest (AOI) polygons were drawn for soybeans field and another 25 for corn fields.  An 


additional 25 area of interest polygons were drawn for urban and forest classes to account for 


non-cropland areas that should be excluded from harvest progress calculations.  Although it was 


not important to distinguish between forest and urban areas for the purpose of estimating harvest 


progress, their spectral signatures are dissimilar; taking the mean of the two classes by merging 


them would result in a poor classification.  The AOI polygons were used to add spectral 


signatures of each class through the Spectral Signature Editor.  Then, for each of the four classes 


(soybean, corn, forest, urban), all of the signatures of that given class were merged together to 


generate a single spectral signature class used in the classification.  Classification was performed 


with the ERDAS Supervised Classification tool using the maximum likelihood method and 


defaults for the other settings. 


For the next image in October, the 75 total area-of-interest polygons were reused from 


the September image where the possible classes were now standing corn, standing soybeans, 








harvested corn, harvested soybeans, forest, and urban.  While the NASS CDL was used to 


distinguish corn and soybean fields from one another, no data was collected to ground truth 


fields that had been harvested.  However, it is relatively straightforward to determine those fields 


that had been harvested from the imagery by eye; harvested fields have a light tan or gray 


appearance while senesced, standing crops are a dark brown color. 


However, when training the classifier for the AOIs in the November image, it was 


observed that some fields had changed from a tan harvested color in October back to a dark 


brown color.  This is likely attributed to tillage that often takes place in the fall where the post-


harvest residue is worked down into the soil, exposing the moist soil below which will produce a 


dark brown appearance.  Additionally, other fields appeared to have new, green vegetation 


growth; this is likely cover crops or weeds that had grown after harvest took place and further 


complicate classification. 


Initially, it was observed that the classification struggled with marginal fields that were 


adjacent to forested areas along rivers and streams.  Because the 25 AOI polygons used for a 


given crop were merged into a single class where the mean reflectance value is taken, these 


marginal fields were far enough from the mean that they were more closely related to the forest 


class.  To resolve this, additional classes were created to capture these marginal soybean and 


corn fields.  Five AOIs were used for each of these two classes. 


 


Results and Discussion 


The classification results for each image were compared to determine how well the 


classifier distinguished corn from soybeans, and then how well it distinguished standing from 


harvested crops. Figure 5 shows the classification of corn, soybeans, forest, and urban areas. 








Overall, the classification appears to be accurate. In September, fewer pixels were classified as 


corn compared to the other months. In November, pixels previously classified as soybeans in 


September and October were being misclassified as corn. Table 1 shows the number of pixels 


assigned to each crop class for each month. These values were converted to acres based on the 


30-meter pixel resolution. These estimates were then compared to the NASS county estimates for 


acres planted of each crop in Decatur County in 2013. The calculated acres were expected to be 


higher than the reported acres because the area classified was approximately 20% larger than 


Decatur County. According to these results, October was the most accurate classification result 


for corn, with acres being underestimated in September and overestimated in November. The 


results for soybeans were accurate and consistent for September and October, but were 


underestimated in November. 


 


 


Figure 5: Classification results. September 6, 2013 (left), October 8, 2013 (middle), and November 9, 


2013 (right). Pixels classified as corn are green, pixels classified as soybeans are red, and pixels 


classified as urban or forest are black. 








 


When looking at the classification of harvested and standing crops for each month, the 


expected trend is apparent. Figure 6 shows the classification results of harvest progress of corn 


over the three months while figure 7 shows the results for soybeans. Table 2 compares the results 


of the classification to the USDA reports available for 2013. For October, when reports were not 


generated due to the government shutdown, 2011 estimates were used for comparison. The 


results for September and October are very similar to the progress reported by the USDA. The 


results for November are very similar for soybeans, but appear to be overestimating the corn 


harvest progress. 


Figure 6: Classification results for standing corn (green) and harvested corn (yellow) for September, 


October, and November (left to right). 


Table 1: Comparison of classification results to the 2013 USDA planting report. 


* Area classified is larger than area reported 


**2013 Decatur County NASS county 


estimates 








 


The results from September showed pixels that should have been classified as cropland 


were being misclassified as urban and forest. This resulted because of the marginal acres near 


forests and rivers, where end of season senescence was not uniform across the entire field. To 


solve this issue, more classes were added to capture the spectral signatures of these areas. Figure 


8 shows the improved classification of an area identified as difficult to classify when these 


additional classes were added. 


Figure 7: Classification results for standing soybeans (red) and harvested soybeans (yellow) for 


September, October, and November (left to right). 


Table 2: Comparison of monthly classification results to USDA harvest reports. 








  


In November, the classification results were affected by the number of different 


management practices occurring in the field. Tillage operations and cover crops caused some 


fields to be misclassified. Some pixels that had previously been classified as soybeans were 


classified as corn. Also some fields that had been classified as harvested in October were 


classified as standing in November. Figure 9 shows an area identified as difficult to classify in 


November where several soybean fields were misclassified in November. 


 


 


 


 


Figure 8: Comparison of classification results for September (original image, right) when single classes were 


used for each crop (middle) and when additional classes were added (right).  Corn pixels are green, soybeans 


are red, and urban/forest pixels are shown in black. 


Figure 9: Comparison of classification results for October (left) and November (right).  Standing 


soybeans are maroon, harvested soybeans are orange, standing corn is dark green, and harvested 


corn is light green, and urban/forested areas are black. 








Conclusions 


 Of the three months classified, October was determined to be the most accurate. 


Classification becomes difficult when crop senescence varies within fields and also when late 


season management practices are occurring. In order to further improve classification for the 


purpose of tracking harvest progress, a more robust methodology is proposed. Identify the time 


point when the separability of corn and soybeans is highest and use an image acquired near this 


time point to create a base classification. Use the results from this classification to create a mask 


for each crop of interest. This mask should then be used to isolate the pixels determined to be 


corn and soybeans for subsequent classifications. This method will provide an accurate and 


stable estimate of acres and will alleviate the error associated with management practices late in 


the season.  


 A decision tree system, similar to how crops are classified in the NASS CDL, would also 


aid in the multi-temporal, multi-image aspects of this classification problem.  For example, a 


decision tree might limit the possible classifications to “harvested,” “cover crop,” or “tilled, bare 


earth” following a classification of “senesced.”  Similarly, the decision tree might prohibit a 


classification of “standing” or “senesced” following a classification as “harvested.”  These 


techniques would prevent some of these types of problems experienced in this study.   
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