


















































































































































































































4.3.2 ERS-1 SAR Radiometric Calibration 

4.3.2.1 Canadian ERS-1 SAR Processor 

The Canada Centre for Remote Sensing (CCRS) has been receiving ERS-l SAR data and 

recording them on HDDTs at the Canadian Data Reception Facility at the GSS and Prince Albert, 

Saskatchewan Satellite Station since the launch of ERS-1 in 1991. These data are correlated to 

imagery by the CERS-1 located at GSS. Because ERS-1 was initially an experimental satellite, 

the design and development of the CERS-1 processor were carried out prior to the growth of 

requirements in the scientific community for radiometrically cahorated imagery. As a resul~ the 

CERS-1 processor was not designed to perform radiometric cahbration and performs no 

corrections for changes in system gain. The intention was rather to allow all fluctuations in the 

sensor to flow through to the data. Any stability that it does produce is therefore inherent in the 

sensor itself. There are no nonnaJizations for slant range, incidence angle or antenna pattern 

dependencies (Lukowski et al., 1993). 

Since the Gatineau processor supplies much of the North American SAR data from ERS-1, 

CCRS gave a contract to the Noetix Research Inc. in 1993 to develop ERS-1 SGF Image 

Calibration Software based on the paper by Livingstone et al. (1992) to cahorate the ERS-1 SGF 

images by removing the effects of the illumination antenna and by providing the coefficients 

which conven the digital numbers on a SGF image to total power, or the nonnalit.ed backscatter 

coefficient a 0 (Noetix Research Inc., 1993). The cahbration software, however, does not 

compensate for range spreading loss. Livingstone et al. (1992) estimated the accuracy for this 

calibration is at +/- 2 dB. 
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4.3.2.2 ESA Processing and Archiving Facilities (PAF) SAR Processor 

The ERS-1 SAR PRI product is radiometrically cah'brated and corrected for the SAR antenna 

pattem and range-spreading loss at one of the ESA P AFs. The cahbration measurements were 

performed using transponders deployed by ESA/ESTEC in Flevoland, the Netherlands, a joint 

effort between the ESA PAF and the ERS Central Facility at ESA/ESRIN. The combination of 

internal cahbration parameters and accurate on-ground measurements gives the ERS-l user 

community the first opportunity to work with precisely cahbrated SAR products acquired over a 

long period (Laur et al., 1993). 

Internal Calibration Parameters 

Two types of internal cah"bration parameters are measured in the ERS-1 SAR Active Microwave 

Instrument (AMI). At the start and end of each SAR imaging sequence, a set of four cahoration 

pulse measurements and eight noise measurements is made. During the imaging sequence, 

copies of the ttansmitted pulses (replicas) are generated and appended to the raw data. One 

complete replica pulse is transmitted with every 24 raw-data range line records. These two stage 

internal calibration parameters are required to ensure that the ERS-1 SAR image products are 

internally cah"brated, especially as the ERS-1 AMI does not have an automatic gain~ontrol 

system. The system gain can drift due to temperature changes and aging. 1be gain changes are 

monitored via the replica pulse powers as they are passed through the SAR system. The 

calt'bration pulse measures the majority of the gain drift with the replica pulse being used to 

monitor the gain drift during the imaging sequence when the more representative pulse is not 

available. The thermal noise is measured when pulses are not being transmitted at the start and 

end of each imaging sequence. 
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Within ESA SAR processors, a single replica pulse associated with the image product being 

processed is extracted and used for gain normalization and range compression. Two problems 

were identified with replica pulses. The first was that the replica pulses were being extracted 

from the raw data incorrectly such that the start of the replica was misidentified by one or two 

range line records. The second problem was associated with the fact that the replica pulse itself 

is corrupt in that one or more of the 704 samples that make up the replica can have spurious 

values. Quality checking bas been introduced at the ESA P AFs including D-P AF to identify the 

two problems and, if found, to select another suitable replica pulse to be used for image 

generation (Laur et al., 1993). 

A further problem was found. The use of a replica pulse within a processor assumes that the 

replica pulse power is directly proportional to the transmitted pulse power. If this were the case, 

any transmitter pulse power variations would be compensated for in the resultant SAR image. It 

was found, however, that the above assumption is invalid (i.e., there is no direct relationship 

between the replica pulse and the calibration pulse power). The consequence of this is that any 

replica pulse power variations introduced by a SAR processor need to be removed (Laur et al., 

1993). It was suggested by Laur et al. (1993) that users of ERS-1 SAR imagery need to correct 

their imagery to obtain correctly cahbrated results. This is done by comparison of the replica 

pulse power used to generate the image in question with that used to generate the reference image 

of Flevoland from which the calibration constant was derived. The replica pulse power used for 

image generation is given in the CEOS header of each image product. The expression used for 

this correction is: 

image replica power 
Equation 4.4 

reference replica power 

(The reference replica power is 205229.) 
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No corrections are made for the calibration pulse power variations within the ESA ground 

segment SAR processors. Because the cahoration pulse power information is difficult to access 

for users and conections of its variations do not improve the cahbration measurements, it is not 

proposed to apply such a correction in the derivation of a° in ESA SAR products generation 

(Laur et al., 1993). 

Raw Data Quality Parameters 

SAR data obey a certain statistical distnoution (zero mean, Gaussian amplitude and uniform 

phase). Statistical checks on the data can establish whether the data are corrupted during on­

board processing such as in-phase (I) and quadrapture (Q) channel separation and analogue to 

digital conversion (ADC) (Laur et al. 1993). 

Laur et al. (1993) identified the ADC non-linearity as the main source of error in the 

measurement of radar cross-sections or backscattering coefficients. The AOC non-linearity 

occurs over large distnouted targets having high backscattering levels, such as sea surfaces. 

Examinations of ERS-1 SAR raw data for the period January 1992 to September 1993 indicate 

an average I channel standard deviation of 6.15 (corresponding to a power loss of 0.1 dB) 

together with a range of approximately 2 to 12. These findings indicate that a significant 

proportion (22%) of ERS-1 SAR raw data suffers from an AOC power loss higher than O.S dB. 

Thus, these findings clearly indicate the need to correct for AOC non-linearities when measuring 

the radar cross-sections of calibration targets, especially when the targets are in a coastal area 

Table 4.5 shows the radiometric stability and the radiometric accuracy measured with the 

transponder 2 before and after the ADC correction. From these results, it appears that the ADC 

non-linearities correction gives substantial improvement in the precision of the radar cross section 
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measurements. The derived radiometric parameters such as the radiometric stability and the 

radiometric accuracy are reduced by half. 

Table 4.5. Radiometric Cahbration Parameters with Correction of 

ADC Non-Linearities 

Transponder 2 Before correction of After correction of 
(38 measurements over 2 years) ADC power loss estimate ADC power loss estimate 

Radiometric stability 0.38 dB 0.18 dB 

Radiometric accuracy 0.32 dB 0.16 dB 

Max. variation of the measured RCS* ± 0.75 dB ± 0.42 dB 

* RCS: radar cross-section 

Antenna Pattern Correction 

The in-flight ERS-1 SAR antenna elevation pattern bas been estimated by ESAIESRIN using 

images over the Brazilian Amazon rain-forest (isotropic targets method). The derivation of the 

antenna pattern was done using the mean range profile of 10 images of uniform rain-forest with 

the assumption that y = ef'/cosa is a constant value for the rain-forest (for the ERS-1 SAR 

incidence angle a). The derived mean polynomial of range profiles was set to zero at the 

boresight angle (look angle 8 = 20.35°). Noise compensation was applied. In order to check 

the effect of ADC non-linearities over the rain-forest, a raw data image was analyzed and the 

ADC power-loss in the scene was derived. The estimated AOC power loss correction was then 

applied to the previously derived in-flight antenna pattern. The estimated in-flight antenna pattern 

was then compensated in ESA PRI products (Laur et al., 1993; Laycock and Laur, 1994). The 

in-flight ERS-1 SAR antenna pattern is shown in Figure 4. 7. 
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The Derivation of the Calibration Constant 

The cahbration constants for ESA ERS-1 products are derived from the Transponder 2 radar 

cross-section on October 13, 1991. Table 4.6 gives K values (±0.75 dB) for all PRI products 

processed after September l, 1992. The calibration constant is valid for one specific product and 

one specific SAR processor. The different values of K between P AFs arise from the different 

gains of the PAF processors (Laur, 1992). 

Table 4.6. Cahbration Constant K for ESA ERS-1 SAR PRI Products 

ESRIN/EECF* D-PAF UK-PAF 

K = 58.24 dB K = 58.24 K = 59.49 dB 

* EECF: ESRIN ERS- l Central Facility 

The estimation of AOC non-linearity corrections (computed from the raw block power analysis) 

to apply to the Transponder 2 radar cross-section for this date is 0.39 dB. A confirmation of the 

estimate is given by the mean AOC correction of 0.45 dB (measurements over 2 years). An 

updated cahoration constant is obtained when applying the ADC correction: 

K(update) = K + 0.39 dB Equation 4.5 

The updated cahbration constant K is consistent with previous K e~rimated error bounds at the 

end of the commissioning phase. The updated K error bounds (± 0.42 dB) are indeed within the 

previous estimation of +o.75 dB. The updated radiometric stability is 0.18 dB compared to a 

previous figure of 0.38 dB (Laur et al., 1993). 
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4.3.3 Derivation of the Radar Backscatter Coefficient c:r 0 

The generation of ERS-1 SAR temporal backscatter profiles of agricultural crops requires relating 

pixel digital numbers (DN) on SAR images to backscatter coefficients of corresponding 

distributed targets in the scene. The aim of this section is to describe the methodology for 

deriving backscatter coefficients in ERS-1 SAR PRI products. 

The relationship between image intensity and backscatter coefficient is given in its simplest form: 

<l>=K*ao Equation 4.6 

where: <I> is the average pixel intensity measurements, 

a0 is the backscatter coefficient of the clistnbuted target, and 

K is the calibration constanL 

To derive a local estimate K{a) of the cahoration constant, the following equation should be 

applied: 

sin~ 
K(a) = K * ---­

sina 
Equation 4.7 

The calibration constant, K, given in ESA SAR PRI products is K = K ( ~ = 23 °). The local 

incidence angle a can be determined by the following equations: 

(R,. + h)2 _ ~ 2 _ R,-2 

COS<Xn = --------- Equation 4.8 

where Rr is the earth radius, Ru is the distance between radar and the target (Figure 4.8). 
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The complete equation to be applied in order to determine the backscatter coefficient a' of an area 

located at incidence angle a is: 

<I> <I> sina l 

a°=---=-•---·-·---
K((l) K sin<Xn:r Rl 

rd 

Equation 4.9 

Since the ESA SAR PRI products have compensated for range spreading loss and antenna 

pattern, the equation can be simplified to: 

<I> sina 

a0 = -- • --- Equation 4.10 
K sin~ 

where: l i=N 

<l>=-•I DN/ 
N io:l 

DNi is the digiral oumber of a given pixel i and is proportional to the square-root of 

the intensity I; received from the ground resolution cell corresponding to pixel /. 

N is a large pixel number (more than 500) to ensure statistical validity to the 

estimation of the mean intensity. 

Expressed in decibels (d'<dB) = 10 .,log10 a°), we have: 

sin(l 

0'0 (dB) = (10 • log10<l>) - (10 • log10K) + { 10 • log10 (--) } Equation 4.11 

sin~ 

<J°(dB) = <l>(dB) - K(dB) + l3<dB) Equation 4.12 

sina 

where PcdB) = 10 • log10 (- • -) 

sin<Xrct-
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In PRI images, the range of incidence angles a is typically from 19.5° at the near-range to 26.6° 

at the far-range. The correction factor P can vary from - 0.7 dB to -t-0.6 dB with image swath . 

4.4 Summary 

.._, M1IILLIIE 

Figure 4.8. ERS-1 SAR Imaging Geometry (Laur~ 1992) 

(*GEM6: Goddard Earth Model 6) 

In this chapter, the geographical characteristics of the study area have been discussed. The 

characteristics of the airborne SAR data, ERS-1 SAR data and the ground information have been 

described. The important aspects of calibration of ERS-1 SAR data were discussed and 

procedures for derivation of the calibration constant a° were presented. 
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CHAPTER 5: AIRBORNE SAR FOR CROP CLASSIFICATION: 

A MULTIPOLARIZATION APPROACH 

S. l Introduction 

As discussed in Chapter 3, airborne SAR data have been used by researchers to identify crops 

for the past two decades (e.g., Brisco et al., 1984; Brown et al., 1984; Foody,, 1988; Brisco et 

al., 1989a; Fischer and Mussakowski, 1989; Brown et al., 1993a; Foody et al., 1994). The 

accuracy of SAR crop classification, however, varies and is not always sufficiently high for crop 

inventory and analysis. This can be attnbute~ in part, to the performance of per-pixel classifiers 

when applied to SAR data because the results of such classifications are often noisy. In order to 

reduce noise and improve classification accuracy, it is necessary to take into account the spatial 

correlation among pixels (Qiu and Goldberg, 1985). A per-field classification approach should 

improve classification accuracy since fields in Canada are generally planted with a single crop 

(Brown et al., 1984; Brisco et al., 1989a). Therefore, efforts have been directed towards 

development of techniques to extract and classify homogeneous segments on SAR images (Benie 

et al., 1989; Fiumara and Pierdicca, 1989; Thomson et al., 1990). 

The objective in this chapter is to evaluate spatial information processing and classification 

methods for improving crop cltiSification using multipolarization airborne SAR data. 

Specifically, contextual (filtering) and textural processing techniques are investigated to examine 

their effects on improving classification accuracy. Per-pixel and per-field classification 

approaches are tested to determine the most appropriate classification method for use in an 

agricultural environment; and co-polarization (C-HH), cross-polarization (C-HV) SAR data and 

their combinations are evaluated for crop classification. 

99 



5.2 Data Description 

The C-HH and C-HV airborne SAR amplitude data used in this study were acquired in narrow 

mode by the Convair 580 aircraft of CCRS on July 10, 1990 (Livingstone et al., 1987; 1988). 

The detailed characteristics of the SAR systems are descnoed in Section 4.2.1. Differentiation of 

crops, based on their stage of development, is greatest in mid-July for Oxford County. As a 

result, it was anticipated that crop separability in the microwave region would be optimum at this 

time (Foody et al., 1989; Fischer et al., 1992). The incidence angles in the narrow mode of 

collection ranged from 45 to 76 degrees for the swath width. The study site, however, fell 

within approximately 15 degrees of the incidence-angle range. As a result, backscatter variation 

within this range was assumed to be indicative of surface variation, rather than of incidence-angle 

effects. The spatial resolution of the data was approximately 6 m (Figure 5.1). 

Figure 5.1. Colour composite of C-HH texture (red), C-HV texture (green),. and C-HH (blue) 

for the study area acquired on July 10, 1990 
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Ground data were collected by field teams during the Oxford County Soil Moisture Experiment 

(OXSOME) in July, 1990 (Hutton et al., 1990; Brown et al., 1991). The field boundaries were 

digitized at CCRS from SPOT satellite data acquired during the 1990 growing season. Extensive 

ground data were collected for agricultural fields and included: crop species, plant maturity, 

percentage cover, canopy heigh~ row spacing, row direction and plant condition. 

5.3 Methodology 

Both contextual (filtering) and textural processing techniques are investigated to examine their 

effects on improving classification accuracy. Per-pixel and per-field classification approaches are 

tested to determine the most appropriate classification method for agricultural crop identification. 

The per-field classification method was performed using field-boundary data to define 

homogeneous areas. Mean and modal values for each field were calculated and used to replace 

the pixel values in the field. The classifications based on field means, modes and their 

combinations were performed using a non-parametric classifier. The classification accuracies 

achieved using the per-pixel and per-field classification approaches, in conjunction with the 

various processing methods using spatial information, are the emphasis in this study. 

5.3.1 Preprocessing 

Since the development of image segmentation techniques is not the aim of this study, field 

boundaries for the study area were extracted from a geographic information system (GIS) and 

were used to define homogeneous areas. The geocoded (i.e., Universal Transverse Mercator 

(UTM) coordinates) field-boundary tile for the study area was generated using a PAMAP O1S. 

First, the field-boundary file was converted from a vector format to a raster format with a pixel 

size of 4 m by 4 m; then a IO-pixel buffer was applied to the field boundaries to eliminate the 

effects of field boundary pixels and minor image registration errors on crop discrimination. The 
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file was then imported into the PCI EASYP ACE image processing system11 and the C-HH and C­

HV images were geometrically corrected to the geocoded field boundaries using a second-order 

polynomial and a nearest-neighbour resampling algorithm. The accuracy of the geometric 

corrections was within one pixel. 

5.3.2 Contextual Information in Classification 

In order to reduce speckle and within-field variability11 a 5x5 median filter was applied to the raw 

C-llll and C-HV data. These images were used to determine the effectiveness of simple filtering 

on classification accuracy, particularly in conjunction with the field.classification approach. 

5.3.3 Texture Information in Classification 

A grey-level co-occurrence matrix (GLCM) is a two-dimensional array that can provide 

conditional joint probabilities of all pairwise combinations of pixels within a computation 

window (Haralick et al., 1973; Haralick, 1979). The co-occurrence of grey values represents the 

probability of any two pairs of grey values occurring at a user-defined interpixel sampling 

distance and orientation. Texture statistics generated from the GLCM represent a single spatial 

measure of image texture from which the GLCM is computed (Barber and LeDrew, 1991 ). The 

mean texture features based on GLCMs were generated using PCI EASI/P ACE software (PCI, 

1994 ). The GLCMs used in this analysis consisted of the conditional joint probabilities of 

neighbouring grey values from the 8-bit SAR image at an interpixel sample distance of l and 

orientation perpendicular to the azimuth/flight direction. An l lxl l moving window was used in 

the generation of the texture statistics. This window size was found to produce superior results 

to a 7x7 window (Treitz et al.11 1993 ). 
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The pixel values of the texture images were 16-bit, so they were scaled to 8-bit values in order to 

be compatible with other data types for the subsequent image processing. A supervised 

maximum-likelihood classification of the four crops performed on both the 8-bit and the 16-bit 

images resulted in similar classification accuracies (i.e., Kappa coefficient ( K) = 0.69), 

indicating that the information content remained similar after linear scaling. Scbmullius et al. 

( 1994) also used linear scaling of 16-bit airborne SAR data to 8-bit in their study of variations of 

radar backscatter over time for agricultural crops in Germany. 

S.3.4 Per-Pixel Classification 

In order to assess the effectiveness of the per-field classification approach, a comparison with a 

traditional per-pixel classification was required. For this reason, a number of per-pixel 

classifications were performed using C-HH and C-HV raw and preprocessed data (e.g., Figures 

5.2 to 5 .. 5). 

The four major crops classified in this study were winter wheat, com, soybeans, and alfalfa 

For each crop, pixel sample blocks were randomly extracted within representative fields in order 

to calibrate the classifiers. To assess the accuracy of the classifications, validation pixels, 

independent from the cah'bration pixels, were randomly selected for each crop. Fields that 

exhibited anomalies, such as backscatter that deviated significantly from the norm of a particular 

class, were excluded from both the calibration and validation samples. These anomalies usually 

resulted from crop management and/or soil drainage characteristics. Cahbration and validation 

pixels were extracted from different fields, a requirement for the per-field approach where a field 

was defined as a homogeneous area and all pixels were assigned the value of either the mean or 

mode. This reduced the number of fields that could be used for cahl>ration and validation, so 
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Figure S.2. C-HH image for the study area acquired on July lOY 1990 
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Figure 5.3. C-HH texture image (using the mean texture statistics of the GLCM) 
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Figure 5.4. C•HV image for the study area acquired on July 10, 1990 

Figure 5.5. C-HV texture image (using the mean texture statistics of the GLCM) 
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caltoration bad to be restricted to three winter wheat fields., eight com fields, five soybean fields 

and seven alfalfa fields. Other crops in the study area were too few in number or size to be 

included. 

Cahoration data were extracted for each of the crops from the imagery and the histograms were 

examined in order to determine whether a parametric or non-parametric classifier was more suited 

to the data distnbution. The cahbration data did not follow a Gaussian distribution., particularly 

for the texture images, indicating that a non-parametric classifier was better suited. The 

minim1JD1-distance-to-means (MD) assigns each pixel to the class which has the minimmn 

distance between the pixel value and the class mean. In situations where the maximum­

likelihood classifier's (MLC) multivariate normal distnbution assumption does not bold., the MD 

may perform better than the MLC. This is because the MD does not require assumptions. In this 

study, the MINDIS program in the EASJ/PACE software was used (PCI, 1994). 

Tests were performed to compare a MD (non-parametric classifier) and a MLC (parametric 

classifier). The results indicated that the MD classifier performed better under most 

circumstances (Tables 5.1 and 5.2). In all cases., Kappa coefficients ( K) were higher for the 

MD classification than for the maximum-likelihood classification. For example, the per-field 

classification accuracy ( K) for the C-HH texture image increased from 0.81 to 0.91 when using 

the MD as a post-segmentation classifier as opposed to the maximum-likelihood classifier. For 

this reason, the MD classifier was used for the remaining analyses. 
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Table 5.1. Comparison of MD and MLC: Per-Pixel Classifications(%) 

Image Classifier Winter Corn Soybeans Alratra Overall Kappa 
Wheat CodCicient 

C-HH MD 6LIO 23.30 22.00 91.20 49.36 0.37 

C-HH MLC 55.40 0.00 55.90 91.20 50.63 0.35 

C-HV MD 35.30 56.40 18.00 69.80 45.41 0.33 

C-HV MLC 40.60 52.20 14.50 74.50 45.85 0.28 

C-HH filleted MD 89.50 SS.30 60.60 100.00 75.51 0.70 

C-HH filtered MLC 89.50 21.50 75.J0 99.50 69.27 0.59 

C-HH texture MD 99.70 63.90 68.40 100.00 82.26 0.78 

C-HH texture MLC 99.70 43.20 69.70 100.00 76.69 0.69 

Table 5.2. Comparison MD and MLC: Per-Field Oassifications {%) 

Image • Classifier Winter Corn Soybeans Alfatra Overall Kappa 
Segmentation Wheat Coefficient 

C-HH-mean MD 100.00 75.00 80.00 100.00 88.20 0.85 

C-HH-mean MLC /00.00 58.30 80.00 100.00 83.47 0.78 

C-HH-mode MD 80.50 66.70 100.00 100.00 8S.84 0.82 

C-HH-mode MLC 80.50 66.70 70.00 100.00 78.75 0.72 

C-HV-mean MD 100.00 100.00 60.00 80.20 85.84 0.83 

C-HV-mean MLC 100.00 83.30 60.00 80.20 81.JJ 0.75 

C-HV-mode MD 100.00 9(.70 60.00 100.00 88.20 0.86 

C-HV-mode MLC 100.00 91.70 60.00 [00.00 88.20 0.84 

C-HH texture- mean MD 100.00 83.30 90.00 100.00 92.92 0.91 

C-HH texture - mean MLC l00.00 66.70 80.00 100.00 85.84 0.81 

C-HH texture - mode MD 100.00 75.00 80.00 100.00 88.20 0.85 

C-HH texture - mode MLC 100.00 75.00 60.00 /00.00 83.47 0.78 
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5.3.5 Per-Field Classification 

Field boundaries permitted segmentation of the C-HH and C-HV data into homogeneous fields 

using an image-polygon-growing algorithm and homogeneous classifier (PCI, 1994 ). A unique 

grey level was assigned as a label to each output polygon of the field-boundary file which was 

then input to the homogeneous classifier as a theme channel. The homogeneous classifier then 

defined the homogeneous segments of interest. There were two values that could be assigned to 

segments, namely the mean and the mode. Both were tested in this study. The pixel values in 

each field were replaced with mean and modal values for that field. Post-segmentation 

classifications using the MD were then performed on field means and modes of C-HH and C-HV 

data. 

5.4 Results and Discussion 

5.4.1 Per-Pixel Classification 

Both single-channel C-ml and C-HV SAR data had poor validation accuracies (Table 5.3). The 

overall validation accuracy for C-HH SAR data was 49 .36% ( K =0.37), while the overall 

validation accuracy for C-HV was 45.41% (K=0.33) (Table 5.3). The lower accuracy for C­

HV, however, is contrary to what one would expect from the microwave theory and the 

conclusions drawn by other researchers. According to Holmes ( 1990), the degree of 

inhomogeneity of a surface or volume is strongly associated with the cross-polarization scattering 

coefficient of that surface or volume. The separation of crop types can be enhanced using cross­

polarization data A possible reason for the contradiction is the low signal-to-noise ratio which 

occurred with the C-HV data 
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The application of a 5x5 median filter to the raw data improved classification accuracies 

significantly for both the C-HH and C-HV images. For example, the validation accuracies of the 

filtered C-HH and C-HV images increased to 75.51% (K=0.70) and 64.55% (K=0.57) 

respectively (Table 5.3). The C-HH texture image provided the highest validation accuracy of 

82.26% (K=0.78) and the C-HV texture image produced a validation accuracy of 74.18% 

(K=0.68) (Table 5.3). In all cases, the C-HH image provided better validation accuracies than 

its C-HV equivalent. It is evident that texture statistics are able to improve classification 

accuracies significantly for mapping agricultural crops. However, texture statistics in 

combination with a per-pixel classifier did not appear to provide sufficient accuracy for 

operational mapping of crops in southern Ontario. 

Table 5.3. Validation Accuracies(%) for Per-Pixel Classifications 

Image Winter Corn Soybeans Alralfa Overall Kappa 
Wheat Coefficient 

C-HH 61.10 23.30 22.00 91.20 49.36 0.37 

C-HV 35.30 56.40 18.00 69.80 45.41 0.33 

C-HH filtered 89.50 55.30 60.60 [00.00 15.Sl 0.70 

C-HV filtered 70.20 71.40 30.60 84.30 64.SS 0.51 

C-HH texture 99.70 63.90 68.40 100.00 82.26 0.78 

C-HV texture 87.60 79.30 38.10 90.10 74.18 0.68 

5.4.2 Per-Field Classification 

The per-field validation accuracies for single-channel C-HH, C-HV (mean and mode trials) and 

their combinations were inconclusive as to whether the mean or the modal value for defining 

homogeneous areas provided the best classification results. For example, classifications based 

on the field mean provided a slightly higher accuracy for the C-HH data, whereas the field mode 

provided a slightly higher accuracy for the C-HV data (Table 5.2). For the majority of trials, 
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particularly with image combinations, the field mean was used and applied to the post­

segmentation classifier. 

All per-field classifications improved validation accuracies to varying degrees. The highest per­

field classification accuracy ( K ::0.91) was achieved in four separate classifications; C-HH 

texture mean; C-HH filtered+ C-HV filtered mean; C-HH texture+ C-HV texture mean; and C­

HH + C--HV mean {Figure 5.6). This represents more than a 40% increase in validation 

accuracy over the single-channel C-fill or C-HV per-pixel classifications (Tables 5.3 and 5.4). 

Among the four highest classification accuracies, three are achieved with the combinations of 

CHH and C-HV data This confirms the strong potential of multipolarization data for crop 

classification. 

Table 5.4. Validation Accuracies (%) for Field Classifications 

Image - Segmentation Winter Corn Soybeans Alfalfa Overall Kappa 
Wheat Coefficient 

C-HH-mean 100.00 15.00 80.00 100.00 88.20 0.85 

C-HH-mode 80.SO 66.70 100.00 100.00 85.84 0.82 

C-HV-mean 100.00 100.00 60.00 80.20 85.84 0.83 

C-HV-mode 100.00 91.70 60.00 100.00 88.20 0.86 

C-HH median filter - mean 100.00 66.70 90.00 100.00 88.20 0.85 

C-HV median filter - mean 100.00 100.00 60.00 80.20 85.84 0.83 

C-HH texture - mean 100.00 83.30 90.00 100.00 92.92 0.91 

C-HV texture - mean 100.00 100.00 S0.00 80.20 83.47 0.80 

C-HH + C-HH filter - mean 100.00 7S.OO 80.00 100.00 88.20 0.85 

C-HH + C-HH texture - mean 100.00 83.30 90.00 100.00 92.92 0.91 

C-HV + C-HV filter - mean 100.00 100.00 60.00 80.20 85.84 0.83 

C-HV + C-HV texture - mean 100.00 100.00 60.00 80.20 85.84 0.83 

C-HH + C-HV - mean 100.00 100.00 70.00 100.00 92.92 0.91 

C-HH filter+ C-HV filter - mean 100.00 100.00 70.00 100.00 92.92 0.91 

C-HH texture + C-HV texture - mean 100.00 100.00 70.00 100.00 92.92 0.91 

C-HH - mean+ C-HV - mode 100.00 91.70 70.00 100.00 90.56 0.88 
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The reason these four classifications exhibited similar classification accuracies is due, in part, to 

the high correlations (r ~ 0.98) between these images after segmentation. Crop characteristics 

analyzed on a per-field basis generally display reduced spectral variance within a crop while 

leaving the mean relatively unchanged. This provides better classification decision rules for the 

MD classifier. It must be remembe~ however, that these accuracies are artificially high, since 

in the MD classification there are no unclassified pixels, meaning that all crops within the study 

area are classified into one of four classes. For example, pasture and oats are grouped into one 

of the four classes. These assignments are not evident in the validation data. It is desirable, 

therefore, to develop better measures for the classification accuracy in a per-field classification. 

In most classifications, wheat and alfalfa are easily separated. The majority of confusion among 

the four major crops occurred with com and soybean, due to these two crops possessing similar 

tones and textures. 

Figure 5 .6. Per-field classification results of a C-IIll mean and C-HV mean combination 
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The user must also be aware that some of these processes are more computationally intensive 

than others and must be applied appropriately. For example, in this study, texture statistics (a 

very CPU-intensive process) produced 5-10% improvement over simple median filtering. It may 

be judged that this level of improvement is not justified based on the amount of computer 

processing required. Alternatively, per-field classification of multiple polarizations provide 

classification accuracies similar to those which include texture features and are therefore a viable 

alternative to calculating texture features. 

5.5 Summary 

Operational methodologies for improving agricultural crop identification have been tested using 

C-HH and C-HV airborne SAR data collected on July 10, I 990. Raw SAR data, filtered SAR 

data and SAR texture statistics were classified using per-pixel and per-field classification 

approaches to determine their effectiveness for agricultural crop classification. The approaches 

presented for improving agricultural crop classification proved to be effective, especially the per­

field classification method. Results indicate that C-HH and C-HV data, classified using a 

standard per-pixel MD classifier, provide relatively poor classification accuracies. Inclusion of 

texture statistics in the per-pixel classification improves accuracies by approximately 30% and 

simple median filtering boosts accuracies by approximately 25%. However, using a per-field 

classifier, the classification accuracies improve by about 40%. 

Multipolarization SAR data were also evaluated for crop classification. Results indicated that C­

HV SAR data yielded lower overall classification accuracy ( 45.41 % ) than C-lill SAR data 

(49.36%). The lower accuracy for C-HV is contradicting conclusions put forward by other 

researchers. A possible reason for the contradiction is the low signal-to-noise ratio with C-HV 

data. It was also found that three of the four best per-field classification accuracies ( K =0.91) 

were achieved using combinations of C-HH and C-VV SAR data. This confirms the strong 

potential of multipolarization data for crop classification. 
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CHAPTER 6: INTEGRATION OF SATELLITE SAR AND VIR DATA 

FOR CROP CLASSIFICATION 

6.1 Introduction 

The synergistic effects of SAR data and imagery acquired in the visible and infrared (VIR) 

portions of the spectrum have been recognized as important for two main reasons. First, 

timeliness of SAR fills information gaps during overcast or hazy periods at the critical stages of 

the growing season, and second, the combination of data from different parts of the spectrum 

often leads to increased classification accuracy. Previous studies have shown that combining 

airborne SAR and satellite VIR data improves crop classification accuracies (Brown et al., 1984; 

Guindon et al., 1984; Hirose et al., 1984; Brisco et al., 1989a; Fiumara and Pierdicca, 1989; 

Dixon and Mack, 1990; Brisco and Brown, 1995). Very little research, however, has been done 

to improve crop classification accuracies using data from two satellite sensors (Fog et aL, 1993; 

Kohl et al., 1993). Thus, the potential of satellite SAR and VIR synergism still needs further 

investigation. 

Conventional statistical classifiers, such as the maximum-likelihood classifier (MLC), make a 

number of untenable assumptions about the dataset to be classified (Foody et al., 199S). For 

example, this parametric approach requires data to have a Gaussian distribution. SAR data, 

however, are not normally distributed due to speckle. Therefore, the accuracies of SAR crop 

classification using conventional statistical classifiers are often not sufficiently high for crop 

inventory and analysis. In order to improve classification accuracy, it is necessary to explore 

robust classifiers using non-parametric and non-statistical approaches. 

The artificial neural network (ANN) classifier presents a distn"bution-free approach to image 

classification. It also has the special advantages of simple local computations and parallel 
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processing (Schalkoff, 1992). In the past few years, studies have shown that neural networks 

compare well to statistical cl•ification methods in the classification of multidate, multisource 

remote sensing/geographic data, very high dimensional data, and when classification is done 

with a large number of classes (e.g., Benediktsson et al., 1990a; 1990b; Kanellopoulos et al. 

1991; Paola and Schowengerdt, 1995). When applied to airborne SAR data, it was found that 

for the c.lusification of agricultural crops ANN algorithms produced higher classification 

accuracies in general than those derived from statistical classifiers (Foody et al., 1994; 1995). 

Therefore, it is desirable to investigate the effectiveness of ANN algorithms for crop 

classifications using satellite SAR and VIR data. 

The objective of this chapter is to evaluate the synergy of multitemporal ERS-1 SAR and Landsat 

1M data for crop classification using an artificial neural network approach. The specific 

objectives are: 

• to evaluate early- and mid-season crop classification accuracies using a single-date SAR 

image alone and also using multitemporal SAR data, 

• to evaluate the synergism of multitemporal ERS-1 SAR and Landsat 1M data for 

improving crop classification, and 

• to evaluate an ANN algorithm as a post-segmentation cla.uifier in comparison to the 

conventional maximum-likelihood classifier. 

6.2 Data Description 

Three dates of early- and mid-season ERS-1 C-W SAR data were acquired during the 1992 

growing season (June 15, July 24 and August S). The July 24 SAR image was acquired in 

ascending mode, while the others were recorded in descending mode. One date of Landsat 1M 

data was also acquired on August 6, 1992. The ERS-1 SAR and Landsat TM images are shown 

in Figure 6.1 and 6.2. The cbarateristics of the data are descnbed in Chapters 2 and 3. 
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Figure 6 1 · · Landsat TM • unagery of the stud 
Red:TM4 G y area acqu:-...11 • reen·""'6" u,:;u OD Au .• .,,..,. and Blue:TM3 gust 6, 1992 

p· igure 6.2 .. Multite mporal ERS-1 SAR • 
growing seas imagery of the study on · Red· A area, acquired . ugust 5, Green:July 24 during the 1992 

9 and Blue:June 15 
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Detailed field information was collected at the time of the overpasses and was input to a 

geographic information system (GIS) to aid in developing and understanding the classifications. 

6.3 Methodology 

In the analyses presented in this chapter, single-date SAR data, multitemporal SAR data, and 

combinations of SAR and TM data are classified. In all cases, a per-field classification approach 

is adopted since this conforms to conventional mapping strategies and bas been widely used in 

radar remote sensing as a means of reducing the effect of speckle (Foody et al., 1994; Ban et al., 

1995). The ANN classifier is used in post-segmentation classifications. Also, per-pixel 

classifications using the MLC are performed for comparison purposes. 

6.3.1 Preprocessing 

The raw-signal SAR data were processed by the Atlantis Processor at the Canada Centre for 

Remote Sensing and were geometrically corrected to the 1992 field boundaries (Universal 

Transverse Mercator -UTM projection) to a sub-pixel accuracy. The geocoded field-boundary 

file for the study area was digitized from a SPOT image in a PAMAP GIS and was then imported 

into a PCI EASJ/PACE image processing system. To eliminate the effects of field-boundary 

pixels and minor image registration errors on crop discrimination, a 5-pixel buffer was applied to 

the field boundaries. This procedure is similar to the one described in Chapter 5. 

6.3.2 Selection of Calibration and Validation Blocks 

The major crops classified in this study were winter wheat, com, soybeans, barley/oats, alfalfa 

and pasture/cut-bay/cut-alfalfa. Due to the differences in growing stages and ground-cover 

density, com and soybeans were further divided into two classes: good growth and poor growth. 
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For each crop, pixel sample blocks were randomly extracted within representative fields in order 

to calibrate the maximum-likelihood classifier and to train the artificial neural network. 

To assess the accuracy of the classifications, validation pixels, independent from the cah'bration 

pixels, were randomly selected for each crop. Fields that exbt1>ited anomalies, such as spectral 

reflectance/backscatter that deviated significantly from the norm of a particular class, were 

excluded from both the cahbration and validation samples. These anomalies usually resulted 

from weed infestations, crop management and/or soil-drainage characteristics. The cahbration 

and validation block selections were based on the crop information; i.e., crop type, crop growth 

stage, ground cover, height, row direction, etc. These data were stored in a P AMAP 01S. 

Calibration and validation pixels were extracted from different fields, a requirement for the per­

field approach where a field is defined as a homogeneous area and all pixels are assigned the 

mean value of the field. This reduced the number of fields that could be used for cah'bration and 

validation, so cahoration had to be restricted to fewer fields than preferable. 

6.3.3 Per-Pixel Classification 

In order to assess the effectiveness of the non-parametric and non-statistical approaches, a 

comparison with the results of an MLC was required. A number of classifications for SAR, 1M 

and their combinations were performed using the MLC. 

6.3.4 Per-Field Classification 

In Canada, a field only grows a single crop. Thus, it is desirable to use a per-field classification. 

Also a per-field approach reduces the SAR speckle effects, as discussed earlier. 
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6.3.4.1 Segmentation 

A per-field classifier permits segmentation of the ERS-1 SAR image into homogeneous fields 

using field boundaries. A unique grey level was assigned as a label to each output polygon of 

the field-boundary file which was then input to the homogeneous classifier as a theme channel. 

The homogeneous classifier defined the homogeneous segments of interest. There were two 

values that could be assigned to segments, namely the mean and the mode. Only the mean was 

tested in this study. The pixel values in each field were replaced with the mean value for that 

field. 

6.3.4.2 Post-segmentation Classification 

A post-segmentation classifier, an ANN, was investigated. An artificial neural network consists 

of interconnected processing elements called units ("nodes" or "neurons"). These are organized 

in two or more layers. There is an input layer of units which is activated by the input image data. 

The output layer of units represents the output classes to train for. In between, there is usually 

one or more hidden layers of units (PCI, 1994; Paola and Schowengerdt, 1995; Foody, 1996). 

A feed-forward neural network structure is shown in Figure 6.3. A specific artificial neuron 

computational structure is shown in Figure 6.4. 

Satellite SAR 
& VIRData 

Input 
Layer 

Hidden Layers Output 
Layer 

Figure 6.3. A feed-forward Artificial Neural Network structure (Foody. 1996) 
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0, ==[;(net) --•0; 
Outputs 

Figure 6.4. A specific anificial neuron computational structure, where 

l 
net,-t W,; O;;, O; = /(net;) = --- (Schalkoff, 1992) 

1 l +e•A-ner; 

The programs use a back-propagation network that learns using the Generalized Delta Rule: 

where Tl = learning rate, a = momentum, ~ = error at the kth-layer, O; is the output of layer j, 

and Wjk is the connection weight between the jth-layer node and the kth-layer node (Li and Si, 
1992). 

The back-propagation learning algorithm has been widely used in pattern recognition applications 

of artificial neural networks. 1be term "back-propagation" refers to the training method by 

which the connection weights of the network are adjusted. It iteratively minimizes an error 

function over the network outputs and a set of target outputs, taken from a training data set. The 

process continues until the error value converges to a (possibly local) minimum. The error 

function is given as: 

where T; is the target output vector for the training set (T1, ••• , Tn) and O; is the output vector 

from the network for the given training set. On each iteration, back-propagation recursively 

computes the gradient or change in error with respect to each weight in the network, 'iJE/iJ W, and 

these values are used to modify weights. Adding a fraction of the negative gradient to each 
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weight is equivalent to performing a steepest..-descent minimization of the error function with 

respect to each weight in the network (Foody 7 1996). 

The training of the network is similar to any supervised classification procedure i.e . ., calibration 

blocks have to be selected and used to adapt the classifier. In this case7 network weights were 

adapted. The back-propagation learning procedure is shown in Figure 6.5 (Schalkoff., 1992). 

N=N•l 

Initialize training 
iteration counter N = 1 

lnilialize wti with 
randOm values• 

Compute 6 for 
output units 

Compute 6 for 
hidden &ayer(,t 

Stop: 
network trained 

Stop 

·or G'1er reasonallle values ti a Driof1 
i'lfornation .wailabfe 

• • dlldl on CQIM!rlel'ICe 

Figure 6.5. A summary of the back-propagation learning procedure (Schalkoff, 1992) 
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In this study, EASI/PACE software NNCREAT, NNTRAIN and NNCLASS (PCI, 1994) were 

used to evaluate a multilayer feed-forward neural network using back-propagation. 

6.4 Results and Discussion 

6.4.1 Per-Pixel Classification 

Although three-date SAR combination displayed a 4% improvement for classification accuracy 

over the best single-date classification alone, the overall validation accuracies for both single­

date SAR and multitemporal SAR were very low (see Table 6.1). The first reason for the poor 

accuracies is that the MLC is not an effective classifier for SAR data classifications, due to 

speckle. The second reason for the poor performances is that the single-parameter, high 

incidence angle ERS-1 SAR system does not provide sufficient differences for eight crop 

classes. Satellite SAR systems with multi-incidence angle, multiresolution, multiwavelength~ 

and multipolarization, such as the Canadian RADARSAT, are very desirable to improve the 

performance of satellite SAR data for crop classification. The third reason for the poor 

accuracies is that the cahbration and validation blocks were selected based on the August 5 field 

data, but the change of crop cover over the growing season can cause confusion. For example, 

an alfalfa class in June was shown as a pasture/cut-bay/cut-alfalfa class in August. 

Landsat TM3,4,5 alone produced an 89.8% classification accuracy (Table 6.1). Combinations 

of SAR and TM data improved the classification accuracies in general. The best overall accuracy 

(91.85%) was for the combination of all three dates of SAR and TM3,4,5 imagery. This 

represents a 2% increase over the TM3,4,5 classification alone. 
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Table 6.1. MLC Classifications for SAR, TM Data and their Combinations 

s~ June 15 SAR. July 24 SAR. Aug. S TM345. Aug. 6 Overall Kappa 

Accuracy (%) Coefficient 

X 30.32 0.07 

X 28.7S 0.18 

X 33.68 0.09 

X X X 37.66 0.28 

X 89.81 0.88 

X X 90.30 0.89 

X X 91.40 0.90 

X X X X 91.85 0.91 

6.4.2 Per-Field Classification 

Per-field classification with an ANN proved to be very effective. The best single-date (Aug. 5) 

SAR classification using per-field ANN improved the overall accuracy by about 26% compared 

to that of the per-pixel classification (Tables 6.1 and 6.2). The crop classification accuracies 

improved by almost 20% using the combination of June, July and August SAR data (Tables 6.1 

and 6.2) Although these overall classification accuracies { <60%) are not sufficiently high for 

operational crop inventory and analysis, both single--date and multitemporal SAR data have 

demonstrated their abilities to discriminate certain crops in the early- and mid-season. For 

instance, winter wheat, poor-growth com and alfalfa could be differentiated perfectly from others 

using the combination of the three-date SAR (Table 6.3). 

The best per-field classification of 96.8% with an ANN classifier was achieved using the 

combination of TM3,4,5 and Aug. 5 SAR data (Table 6.2, Figure 6.6). It represents an 8.5% 

improvement over a single TM3,4,5 classification alone. It also represents a 5% increase over 
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the best per-pixel classification. In this classification, accuracies of 100% were achieved for all 

crops except the alfalfa and pasture/cut-bay/cut-alfalfa classes (Table 6.4 ). Alfalfa bad a 16.3 % 

commission error to the first com class (i.e., good growth), and pasture/cut-bay/cut-alfalfa bad a 

15 .1 % commission error with the second class of soybeans (i.e., poor growth). The second­

best classification accuracy of 95.9% was achieved using the combination of TM3,4,5 and the 

July 24 SAR image (Table 6.2). These results indicate that a combination of mid-season SAR 

and VIR data is very well suited for crop classification. The success of this combination may 

have been because the ground conditions were similar since the SAR data and TM data were 

acquired only one day or a few days apart. 

All classification accuracies improved using the per-field ANN except that of TM3,4,5 (Tables 

6.1 and 6.2). This is possibly because the neural network for the second com class (i.e., poor 

growth) was not well trained. It resulted in poor accuracy for the second com class ( only 

25.9%) with a commission enor to the barley/oat class of 62.l %, while all other classes were 

100% correctly classified (Table 6.5). 

Table 6.2. ANN Per-Field Classifications for SAR, TM Data and their Combinations 

SAR. June IS SAR, July 24 SAR, Aug. S TM345, Aug. 6 Overall Kappa 
Mean Mean Mean Mean Accuracy (%) Coefficient 

X 41.66 0.30 

X 59.94 0.46 

X X X 57.24 0.51 

X 88.48 0.87 

X X 88.08 0.86 

X X 95.92 0.9S 

X 96.81 0.96 

X X X 93.62 0.93 

X X X X 93.89 0.93 
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Table 6.3. ANN Per-Field Classification for the Combinations of the Three-Date SAR (%) 

Wmter Com l Com2 Soybeans 1 Soybeans 2 Alfalfa Pasture/ Barley/ 
Wheat cut-hay-alf Oats 

W. Wheat 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Com 1 13.2 60.4 26.4 0.0 0.0 0.0 0.0 0.0 

Com2 0.0 0.0 100.0 0.0 0.0 0.0 0.0 62.1 

Soybeans l 16.1 32.2 7.6 44.l 0.0 0.0 0.0 0.0 

Soybeans 2 0.0 58.S 0.0 0.0 41.5 0.0 0.0 0.0 

Alfalfa 0.0 0.0 0.0 0.0 0.0 100.0 0.0 0.0 

P/cut-hay-alf 0.0 0.0 0.0 61.8 0.0 27.7 0.0 10.5 

Barley/Oats 0.0 0.0 0.0 0.0 0.0 86.8 0.0 0.0 

Table 6.4. ANN Per-Field Classification for the Combination ofTM3,4,5 

and Aug. S SAR Data(%) 

W-mter Com l Com2 Soybeans l Soybeans 2 Alfalfa Pasture/ Barley/ 
Wheat cut-hay-alf Oats 

W. Wheat 100.0 0.0 0.0 0.0 0.0 0.0 o.o 0.0 

Com 1 0.0 100.0 0.0 0.0 0.0 0.0 o.o 0.0 

Corn 2 0.0 0.0 100.0 0.0 0.0 0.0 0.0 0.0 

Soybeans l 0.0 0.0 0.0 100.0 0.0 0.0 0.0 0.0 

Soybeans 2 0.0 0.0 0.0 0.0 100.0 0.0 0.0 0.0 

Alfalfa 0.0 16.3 0.0 0.0 0.0 83.7 0.0 0.0 

P/cut-hay-alf 0.0 0.0 0.0 0.0 15.l 0.0 84.9 0.0 

Barley/Oats 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0 
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Table 6.5. ANN assification fo Per-Field CJ • 

W. Wheat 

Com 1 

Com2 

W-11111:r Com I r TM3,
4

.S (%) 

Wheat Com2 S oybeans l 

100.0 Soybeans 2 Alf.dfa ,. 
rasture/ 

0.0 cut-bay-alf ~/ 
0.0 0.0 0.0 

100.0 

0.0 

0.0 0.0 0.0 

0.0 0.0 0.0 

0.0 0.0 0.0 

0.0 

Soybeans 1 0.0 

Soybeans 2 0.0 

Alfalfa 0.0 

P/cut-hay-alf 0.0 

Barley/Oats 0 .0 

Figure 6.6. ANN 

12.0 25.9 0.0 0.0 0.0 0.0 62.l 

0.0 0.0 100.0 0.0 0.0 0.0 0.0 

0.0 0.0 0.0 100.0 0.0 0.0 0.0 

0.0 0.0 0.0 0.0 100.0 0.0 0.0 

0.0 0.0 0.0 0.0 0.0 100.0 0.0 

0.0 0.0 0.0 0.0 0.0 0.0 /00.0 

per-field classiti • 1cation for th and TM3 e combination of ER ,4,5 (Aug 6) d S-1 SAR {A · ata ug. 5) 
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6.5 Summary 

The synergistic effects of multitemporal ERS-1 SAR and Landsat TM data were evaluated for 

crop classification using an artificial neural network (ANN) approach. Eight crop types and 

conditions were identified: winter wheat, com (good growth), com (poor growth), soybeans 

(good growth), soybeans {poor growth), barley/oats, alfalfa, and pasture/cut-hay/cut-alfalfa. 

The results show that both single-date and multitemporal SAR data yielded poor classification 

accuracies using a maximum-likelihood classifier (MLC). With the per-field approach using a 

feed-forward artificial neural network, the overall classification accuracy of three-date SAR data 

improved almost 20%, and the best classification of a single-date {Aug. 5) SAR image improved 

the overall accuracy by about 26%. Although these overall classification accuracies ( <60%) were 

not sufficiently high for operational crop inventory and analysis, both single-date and 

multitemporal SAR data demonstrated their abilities to discriminate certain crops in the early- and 

mid-season. Using the combination of TM3A,5 and Aug. 5 SAR data, the best per-field ANN 

classification of 96.8% was achieved. It represents an 8.5% improvement over a single 

TM3,4,5 classification alone. This indicates that a combination of mid-season SAR and VIR 

data is very well suited for crop classification. 
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CHAPTER 7: ERS-1 SAR FOR CROP IDENTIFICATION: 

A MULTITEMPORAL APPROACH 

7.1 Introduction 

Past studies have demonstrated that mu.ltitemporal SAR data can enhance the ability to 

distinguish between crop spectral patterns (e.g., Brisco et al., 1984; Brown et al., 1984; 

Fischer and Mussakowski, 1989; Foody et al., 1989; Dobbins et al., 1992; see Section 3.4.2 in 

Chapter 3 for the detailed review). However, comparatively few datasets have been available 

for study because of the increased cost and logistics of generating multitemporal SAR data 

with airborne platforms (Brisco et al., 1992). With the launch of the European Remote 

Sensing Satellite (ERS-1 ), the first long-duration spacebome imaging SAR system became 

available to provide researchers with an excellent opportunity for developing agricultural 

applications of remote sensing data using multitemporal SAR imagery (e.g., Brown et al., 

1993a; Kurosu et al., 1993; Wooding et al., 1993; Borgeaud et al., 1994). 

The objectives of this study are to understand and analyze the multitemporal radar backscatter 

characteristics of crops and their underlying soils over the growing season and to determine the 

earliest time of the year for differentiation of individual crop types. The specific objectives 

are: 1. to generate ERS-1 SAR temporal backscatter profiles for each crop type; to identify 

fields displaying anomalous radar backscatter characteristics, statistically describe the 

anomalous fields, and discuss reasons for those anomalies; and 2. to evaluate early- and mid­

season multitemporal SAR data for crop classification using sequential masking techniques. 

7.2 Data Description 

The ERS-1 C-Band (5.3 GHz) VV polarization SAR data used in this study were acquired on 

six dates during the growing season in 1992 and on nine dates during the 1993 growing season. 
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Except for July 24, 1992, all data were acquired during two descending passes (Figures 7. l, 

7.2, 7.3, 7.4, 7.5 and 7.6; Table 7.1). The 1992 images were received and processed at the 

Gatineau Receiving Station in Canad~ while the 1993 data were processed and fully calibrated 

at D-PAF, Germany. The detailed characteristics of the ERS-1 SAR data are described in 

Chapter 4. 

Ground data were collected by field teams during the ERS-1 Soil Moisture Experiment 

(ERSOME) in the 1992 and 1993 growing seasons (Gardell et al., 1993). The 1992 field 

boundaries were digitized from a SPOT satellite image at CCRS and were updated at the 

University of Waterloo using a 1993 SPOT image. Extensive ground data were collected for 

agricultural fields and included crop type, growth stage, percentage cover, canopy height, row 

spacing, row direction and plant condition. 

Table 7.1 Fifteen Dates ofERS-1 Data 

Date Orbit Mode 

May27, 1992 2 Descending 

June 15, 1992 I Descending 

July 24, 1992 '! Ascending 

Aug. 5, 1992 2 Descending 

Sept 28, 1992 I Descending 

Oct 14, 1992 2 Descending 

May 31, 1993 2 Descending 

June 16, 1993 1 Descending 

July S, 1993 2 Descending 

July 21, 1993 l Descending 

Aug.9, 1993 2 Descending 

Aug. 25, 1993 1 Descending 

SepL 13, 1993 2 Descending 

Sept. 29, 1993 I Descending 

Oct. 18, 1993 2 Descending 
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Figure 7 .1. ERS-1 satellite orbits of the study area 
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Figure 7 .2. Multitemporal ERS-1 SAR imagery of the study area, acquired during the 1992 growing 

season - Red: July 24, Green: June 15, and Blue: May 27 
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p· tgure 7 .3. Multitem poral ERS-1 SAR· season R unagery of the stud - ed: OcL 14 y area. acqoin: • , Green: Sept. 289 and Bl . d dunng the 1992 gro • ue.Aug.S wing 

Figure 74 · · Multitem poral ERS-1 SAR • imagery f 
season - R o the stud ed: July 5 G y area. acquired • , reen: June 16, and dunng the 1993 • Blue: May 31 growmg 
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F" igure 7 .6. Multitem poral ERS-1 SAR • image 
season - Red· 0c ry of the study . t 18, Green: Sept 29, ~aclq~Sired during the 1993 cmo • ue. ept 13 .,. wtng 
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7.3 Methodology 

7.3.1 Field-Boundary Preparation 

Since the development of image segmentation techniques is not the aim of this study, field 

boundaries for the study area were extracted from a geographic information system (GIS). The 

geocoded field-boundary file for the study area was generated using a P AMAP O1S. The file 

was then imported into the PCI EASI/PACE image processing system. To eliminate the effects 

of field-boundary pixels and minor image registration errors on crop discrimination, a 5-pixel 

buffer was applied to the field boundaries. This procedure is similar to the one described in 

Chapter 5. 

7.3.2 SAR Data Radiometric Calibration And Geometric Correction 

Quantitative comparisons of the multitemporal SAR data require calibrated images. The ERS-

1 SAR calibration principles and procedures are described in Chapter 4. For the 1992 data, the 

effects of the illumination antenna were removed, but range-spreading loss was not 

compensated (Noetix Research Inc., 1993). The accuracy for this calibration was 

conservatively estimated at± 2 dB (Livingstone et al., 1992; Brown et al., 1993a). The 1993 

data were radiometrically calibrated, i.e., corrected for the SAR antenna pattern and 

compensated for range-spreading loss. The calibration accuracy is ,t 0.42 dB {Laur er al., 

1993). 

The SAR images were then geometrically corrected to field boundaries (Universal Transverse 

Mercator - UTM projection) with a 12.5 m pixel spacing using a second-order polynomial and 

a nearest-neighbour resampling algorithm. 
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7.3.3 Derivation of the Radar Backscatter Coefficient <J° 

The generation of ERS-1 SAR temporal backscatter profiles of agricultural crops requires 

relating pixel digital numbers (DN) on SAR images to backscatter coefficients of 

corresponding distributed targets in the scene. The detailed methodology for deriving 

backscatter coefficients in ERS-1 SAR PRI products is described in Chapter 4. 

Using both 1992 and 1993 field-boundary files, radar backscatter characteristics for each field 

were analyzed for each date using PCI EASYP ACE. First, the DN values on each image were 

converted to power (amplitude squared), then the mean backscatter of each field(> 500 pixels) 

was calculated in the power domain and imported to EXCEL. For 1993 data, the local 

incidence angles of the study area for each scene were calculated using the central pixel 

numbers of the study area from the near range. Then the local estimate K( a) of the calibration 

constants was determined using Equation 4.7. Finally, the a 0 (dB) of each field for both 1992 

and 1993 data was derived using Equation 4.10. 

7.3.4 Temporal Backscatter Profile Generation 

SAR temporal backscatter profiles for both the 1992 and the 1993 growing season were 

generated in EXCEL for major crop types (i.e., com, soybeans, winter wheat, barley/oats, 

alfalfa and pasture). First, the temporal backscatter profile for each individual field was 

generated; then the general temporal backscatter profile for each crop was generated by 

averaging the a 0 of all fields for that crop on each date. 
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7.3.S Claaification of Multitemporal SAR Data: A Sequential-Masking Approach 

7.3.S.l Selection of Calibration and Validation Blocks 

For each crop, pixel sample blocks were randomly extracted within representative fields in 

order to calibrate the maximum-likelihood classifier (MLC). To assess the accuracy of the 

classifications, validation pixels, independent of the calibration pixels, were randomly selected 

for each crop. Fields that exhibited anomalies, such as backscatter that deviated significantly 

from the norm of a panicular class, were excluded from both the calibration and validation 

samples. Calibration and validation pixels were extracted from different fields, a requirement 

for the per-field approach where a field is defined as a homogeneous area and all pixels are 

assigned the value of the mean. This reduced the number of fields that could be used for 

calibration and validation (Ban et al .. , 1995). 

7.3.5.2 Per-Pixel Chmification 

In order to assess the effectiveness of the field-classification approach, comparison with a 

traditional per-pixel classification was required.. For this reason, MLC classifications were 

performed using early- and mid- season ERS-1 SAR data in 1992 and 1993 .. 

7.3.5.3 Per-Field aaaification 

Field boundaries permitted segmentation of the ERS-1 SAR data into homogeneous fields 

using an image-polygon-growing algorithm and homogeneous classifier (PCI, 1994). A unique 

grey level was assigned as a label for each output polygon of the field-boundary file which was 

then input to the homogeneous classifier as a theme channel.. The homogeneous classifier 

defined the homogeneous segments of interest. There were two values that could be assigned 
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to segments., namely the mean and the mode. Only the mean was tested in this study. The 

pixel values in each field were replaced with the mean value for that field. Post-segmentation 

classifications using an ANN algorithm were then performed on field means of the ERS-1 SAR 

data. The procedure is similar to the one described in Chapter 6. 

7.3.S.4 Sequential-Masking Classificadon 

The sequential-masking classification procedure is an interactive human/computer interface 

patterned after photointerpretation techniques in which the most distinct image features are 

labelled ( classified) first. Image analysis is then carried out on the less-interpretable image 

features until the entire image is classified. Sequential masking employs image-processing 

techniques and GIS operations simultaneously to classify multitemporal images. Sequential 

masking also allows incorporation of ancillary spatial data such as thematic maps (e.g., soil 

maps) into the classification process (Ehrlich et al., 1994). The classification logic of the 

sequential-masking procedure is summarized in Figure 7. 7. Although sequential-masking 

techniques were developed using satellite VIR data for land-use mapping, the potential has not 

been fully explored due to lack of multitemporal datasets (i.e., the problem of cloud cover). 

The availability of multitemporal satellite SAR data provides an excellent opportunity to 

investigate sequential-masking techniques for crop classification. 
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Figure 7. 7. Summary of the classification logic of the sequential masking procedure 

(modified from Ehrlich et al., 1994) 

136 



7.4 Results and Discusnon 

7.4.1 ERS-1 SAR Temporal Backscatter Proffles 

As discussed in Chapter 3, a wide range of parameters affects the backscatter of microwaves 

from vegetation and soil. The important instrument parameters, however, are frequency, 

polarization and incidence angle. The crucial features of the target in determining the 

proportion of radiation returning to the instrument are plant canopy (e.g., plant type, height, 

density, biomass, water content and growth stage) and soil parameters (e.g., soil moisture 

content, roughness and tillage direction). The SAR temporal backscatter profiles for each crop 

show the complexity of the relationship between microwave and agricultural parameters over 

the growing season. 

7.4.1.1 ERS-1 SAR Temporal Backscatter Profiles for Major Crops: 1992 

ERS-1 SAR Temporal Backscatter Profiles 

The ERS-1 SAR temporal backscatter profiles for major crops are shown in Figure 7 .8. From 

this figure, it is possible to make the following observations for the earliest differentiation of 

crop types: 

• Winter wheat can be successfully separated from other crops in May and June since it is at 

a very different growth stage from other crops. 

• Alfalfa and pasture can be separated from other crops in the mid-season, but they both have 

very similar profiles throughout the growing season. 

• Com and soybeans have similar profiles in the early and mid- season, but can be separated 

from each other in the late season. 
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Figure 7 .8. ERS-1 SAR temporal backscatter profiles for major crops during the 1992 growing season 

Anomalous Fields 

Some anomalous fields were observed during the analysis. For example, on July 24, there was 

more than 2 dB of difference for the backscatter of an anomalous com field (4-31) when 

compared with the average com backscatter of more than 20 fields (Figure 7 .9). This was 

caused by the differences in ground coverage, growth conditions and local climate. According 

to field observations, the normal fields were densely covered by com (>90% ), while the 

anomalous field only had 70% of com coverage and was infested by weeds (Figure 7.10). The 

fields were wet because of rain. Other anomalies observed are mainly caused by changes in 

the fields. For example, one of the harvested small-grain fields (with residue) was ploughed 

before the data acquisition on October 14 (Figure 7. I I). This caused a 2 dB increase in radar 

backscatter when compared with that of other harvested small-grain fields. There was another 

2 dB increase in radar backscatter when an alfalfa field was ploughed ( compared with 
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backscatter of the alfalfa fields). These indicate that close attention should be given to the 

changes of the field status over the growing season. In general, the anomalies usually resulted 

from crop condition and crop management, and/or soil drainage and soil roughness 

characteristics. These anomalies can cause confusion during classification and they should be 

excluded from the selection of calibration and validation fields if a supervised classification is 

used. 

o---------------------
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• --o- - 4 ... 31 

Figure 7.9. Comparison of a com anomaly and the com average 

Figure 7 .10. Com: poor growth and good growth (July 20, 1992) 
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Figure 7 .11. Comparison of a barley/oats anomaly and the barley/oats average 

7.4.1.2 ERS-1 SAR Temporal Backscatter Profiles for Major Crops: 1993 

ERS-1 SAR Temporal Backscatter Profiles 

Using multitemporal ERS-1 SAR data during the 1993 growing seasons, the radar backscatter 

characteristics of crops and their underlying soils were analyzed. The SAR temporal 

backscatter profiles were generated for each crop type (Figure 7.12). Using com as an 

example, radar backscatter was high in the early season when fields were relatively rough with 

bare soil. With crop development, backscatter decreased due to attenuation and absorption by 

the vegetation canopies. The decreasing trend continued until August 9, when com was at cob 

development stage. Then the backscatter started to increase as the crops reached the senescent 

stage (Figures 7.13 & 7.14). 
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Figure 7 .12. ERS-1 SAR temporal backscatter profiles for major crops during 1993 growing season 
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Figure 7.13. Com development during the 1993 growing season 

141 



Aug. 9, 1993 Aug. 25, 1993 

Sept. 13, 1993 Sept. 29, 1993 

OcL 18, 1993 OcL 18, 1993 

Figure 7.13. Com development during the 1993 growing season (conL) 
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The temporal backscatter profiles shown in Figures 7.12 and 7.14, however, do not match the 

general findings described earlier. Efforts were made to explain ups and downs in the 

backscatter patterns. ERS-1 radiometric cahbration accuracies, local climatic conditions, crop 

growth conditions, etc. were taken into account, but none of these were found to be responsible 

for such temporal backscatter behaviours. When the two ERS-1 orbits were separated, 

however, the temporal backscatter profiles started to make sense (Figure 7 .15). 
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Figure 7.14. ERS-1 SAR temporal backscatter profile for com - 1993 
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Figure 7.15. ERS-1 SAR temporal backscatter profiles for com derived from two orbits: 

error buffers included 
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Orbital <Incidence An&Jel Effects 

No previous research on the relationship of C-VV backscatter coefficient 6° and angle of 

incidence for crops bas been found in the literature. However, Ulaby et al. ( 1986a) measured 

incidence-angle effects on a com canopy using C-IIH. Although C-VV penetrates less into the 

crop canopy than C-HH, it is clear that at higher incidence angles (>30"), the backscatter 

coefficient decreases sharply when the incidence angle increases. The estimated change of 

backscatter is about 3-4 dB from 20" to 25" (Figure 7.16). 
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Figure 7 .16. Measured 6" of a fully mature com canopy in four consecutive stages of defoliation; 

all the measurements were made on the same day (Ulaby etal, 1986a) 

ERS-1 orbital (incidence angle) effects were observed on all crops (Figures 7.1S & 7.17-7.20). 

For 4• difference of incidence angles between the two orbits (about 21.5" and 25.5°), the 

average difference of radar backscatter was about 3 dB. This is similar to the findings of 

Ulaby et al. (1986a). Thus attention must be given to the local incidence effects when using 

ERS-1 SAR data, especially when comparing fields from different scenes or different areas 

within the same scene. 
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Figure 7 .17. ERS-1 SAR temporal backscatter profiles for wheat derived from two orbits: 

error buffers included 
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Figure 7.19. ERS-1 SAR temporal backscatter profiles for soybeans derived from two orbits: 

error buffers included 
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Earliest Time of Year for Differentiation of Crops 

Based on the SAR temporal backscatter profiles (Figure 7 .12), the earliest time of the year for 

differentiation of individual crop types was investigated. The results showed there were 4 dB 

of difference in backscatter between wheat and com ( or soybeans or barley/oats) on May 31. 

This is mainly due to the crops were at differenct development stages. For example, winter 

wheat was at the stage of vegetation growth on May 31 while com, soybeans and barley/oats 

were at the stage of seed-bed preparation. Thus winter wheat could be easily separated from 

all crops in the early season (May 31 and June 16). Soybeans could only be separated from the 

rest of the crops on June 16 since soybeans and com had similar backscatter profile on all 

dates, except on June 16 (Figure 7.21). This was due to the effect of litter in soybeans fields so 

that soybeans had a higher radar backscatter than com on June 16. Barley/oats could be 

distinguished from com, soybeans and alfalfa/hay on July 5 and dates thereafter. However, 

from July 5 on, barley/oats had a similar profile to wheat. In turn, wheat and barley/oats 

displayed similar patterns to alfalfa/bay after July 21. The earliest time to differentiate com 

from other crops was July 21. 

Com Soybeans 

Figure 7.21. Com and Soybeans on June 16, 1993 
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Within crop variations 

Within crop variations for com and barley/oats are illustrated in Figures 7 .22 and 7 .23. Com 

fields had larger variations at the beginning of the growing season (Figure 7 .22 and Table 7 .2). 

The variation decreased during the mid-season and the late season. There was no clear trend, 

however, for barley/oats variations mainly due to anomalous fields. The highest standard 

deviation was 2.56 dB on July 21 (Figure 7.23 and Table 7.3). It was because Field 4-25 was 

beginning to senesce and tum brownish yellow, while average barley/oats fields were still in 

the stage of seed development. Thus such variations can be major sources of mis-classification 

and attention should be given to this during crop classifications. 
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Figure 7 .22. ERS-1 SAR temporal backscatter profiles for com derived from two orbits: 

within crop variations 
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Table 7 2. Within Crop Variations (dB): Com 

Field# 31-May 16-Jun 5-Jul 21-Jal 9-Auc 25-Aug 13-Sep 29-Sep 18-0ct 

3-10 -6.91 -12.19 -9.0S -ll.15 -7.62 -8.77 -5.43 -6.70 -4.52 

3-11B -9.46 -11.32 -8.90 -12.00 -9.42 -9.59 -6.36 -1.55 -4.83 

3-12 -8.11 -10.99 -8.62 -13.07 -9.14 -9.99 -5.66 -7.31 -5.41 

3-32A -7.52 -11.26 -8.31 -12.69 -9.38 -9.58 -6.48 -7.43 -4.53 

4-12 -5.88 -9.42 -7.56 -12.96 -10.24 -9.6 -7.32 -8.1 -5.6 
4-22 -6.7 -11.11 -8.79 -12.56 -8.9S -9.1S -6.52 -7.3 -5.17 

4-29 -7.27 -9.80 -8.49 -12.57 -8.9S -9.07 -5.84 -7.08 -4.70 

4-08B -8.74 -13.71 -8.58 -11.72 -8.56 -9.24 -6.9 -7.15 -6.28 

S-01 -6.54 -11.41 -8.41 -12.30 -9.45 -10.15 -7.16 -7.38 -5.72 

5-l0A -7.57 -9.93 -8.70 -13.37 -10.48 -11.07 -6.01 -6.32 -5.28 

5-21 -6.54 -10.91 -7.49 -11.58 -9.01 -9.4 -6.17 -6.69 -5.08 

5-45 -9.02 -12.75 -10.18 -12.51 -8.81 -9.01 -6.48 -7.16 -5.41 

6-13 -7.99 -10.44 -8.SO -12.39 -9.34 -9.77 -6.33 -7.36 -5.12 

6-20 -7.63 -10.77 -1.95 -12.82 -9.39 -9.43 -5.04 -5.93 -4.33 

6-24A -9.29 -12.27 -9.34 -13.32 -9.28 -9.80 -5.95 -6.98 -5.15 

6-25 -7.20 -11.56 -8.09 -13.18 -9.28 -9.53 -5.86 -6.92 -5.03 

Average -7.65 -11.24 -8.56 -12.Sl -9.21 -9.57 -6.22 -7.09 •S.17 

STDEV 1.t)6 1.11 0.66 0.64 0.64 0.54 0.61 0.51 0.52 

Average* -7.91 .. 11.23 -8.77 -12.45 -9.00 -9.48 ..fi .. 17 -7.00 -S.22 

* Derived from all com fields using Equation 4.10. 
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Figure 7 .23. ERS-1 SAR temporal backscatter profiles for barley/oats: within crop variations 
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Table 7.3. Within Crop Variations (dB): Barley/Oats 

Field# JI.May l►Jun S.Jul 2l•Jul 9-Auc 25-Aug 13-Sep 29-Sep 18-<Jct 

4-25 -8.53 -12.66 -11.99 -11.32 -11.32 -11.97 -5.73 -8.02 -8.50 

5-17 -8.32 -9.94 -11.23 -15.87 -11.45 -12.96 -6.13 -8.70 -8.16 

4-20B-21C 5-27 -10.03 -11.33 -11.94 -lS.63 -12.84 -13.23 -8.66 -9.87 -10.14 

Average -8.96 •ll.31 -u.n -14.21 -11.87 -12.72 -6Jl4 ~ -133 

STD DEV 0.9326 1.3601 0.425 2.56 o.8426 0.663 1.5818 0336 J.0587 

Average• -8.39 -10.79 •lUO •14.72 -11.72 -12.31 -6.51 -7!JIJ -7.11 

* Derived from all barley/oats fields using Equation 4.10. 

7.4.2 ERS-1 SAR Data for Crop Clasmications: A Multitemporal Approach 

7.4.2.1 Multitemporal SAR Clasmications: 1992 

The overall validation accuracy for single-channel ERS-1 SAR data (Aug. 5) using a per-field 

classifier was 57.7% (Table 7.4, Figure 7.24). Alfalfa had the highest validation accuracy 

(91.7%). The overall validation accuracy for three-date (May 27, June 15 and July 24) SAR in 

early and mid- season using a per-field classifier was 74.3%. This is a 16% improvement over 

the single-date classification. The highest validation accuracy (78.2%) was achieved by 

classifying four-date (May, June, July and Aug.- early and mid-season) SAR data using a per­

field approach (Table 7.5). This is a 20.5% improvement over the best single-date SAR 

classification. It also represents a 30% improvement over per-pixel classification using the 

same four-date combination. Specifically, winter wheat had a validation accuracy of 100% 

while the alfalfa accuracy remained unchanged, but the accuracy for soybean classification 

improved significantly; com, however, was still quite low ( 45. 1% ). 
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7.4.2.l Multitemporal SAR Chmifications: 1993 

Based on the temporal backscatter profiles, early- and mid-season multitemporal SAR data for 

crop classification using sequential-masking techniques was evaluated. It was found that 

winter wheat and alfalfa/bay were confused with each other (Table 7 .6), but could be identified 

from other crops because they were well into the vegetation development stage while other 

crops were at the stage of seed-bed preparation or emerging (Figures 7.25 & 7.26). Using a 

single-date June 16 image, winter wheat could be successfully identified (91. l % ). Soybeans 

could be classified with some degree of success using the combination of May 31 and June 16 

SAR data (94.9% accuracy, but with high commission errors from other crops ) (Figure 7.27). 

After masking out wheat and soybeans, barley/oats could be identified on July 5 and July 21 

(mid-season) (Figure 7.28). Again, after masking out wheat, soybeans and barley/oats, com 

can be successfully separated from alfalfa/hay on July 21 (Figure 7.29). These results clearly 

indicate that crop classification can be carried out successfully using sequential-masking 

techniques with early-and mid-season multitemporal SAR. 

Table 7.6. Validation Accuracy for a Per-Field Classification Using the May 31, 1993 Image 

Winter Wheat Corn Soybeans Barley/Oats Alfalfa/Hay 
(%) (%) (%) (%) (%) 

Winter Wheat 65.6 0.0 0.0 0.0 34.4 

Com S.l 62.8 0.0 32.1 0.0 

Soybeans 11.0 67.S o.o 21.5 0.0 

Barley/Oars 12.7 Sl.3 0.0 36.0 0.0 

Alfalfa 31.5 0.0 0.0 9.7 57.8 

Overall Validation accuracy: S5.2" 
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Figure 7 .25. Winter wheat and soybeans on June 2., 1993 
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Figure 7 .26. ERS-1 SAR temporal backscatter profiles for major crops during 1993 growing season 
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Figure 7 .27. Crop separabilities after masking out winter wheat 
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Figure 7.29. Crop separabilities after masking out winter whea~ soybeans and barley/oats 

7.5 Summary 

7.5.1 Summary: 1992 SAR Data 

ERS-1 SAR temporal backscatter profiles indicate that winter wheat can be successfully 

separated from other crops in the early season. Alfalfa and pasture can be separated from 

others in the mid-season, but they both have very similar profiles throughout the growing 

season. Com and soybeans have similar profiles in the early and mid- season, but can be 

separated from each other in the late season. 

A multitemporal approach using a per-field classifier proved to be effective for crop 

identification. Using four dates of SAR data in the early and mid- season produced the highest 

validation accuracy of 78.2%. This is a 20.5% improvement over the best single-date SAR 

classification. It represents a 30% improvement over per-pixel classification using the same 

four-date combination. 
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7.5.2 Summary: 1993 SAR Data 

Using multitemporal ERS-1 SAR data acquired during the 1993 growing season, the radar 

backscatter characteristics of crops and their underlying soils were analyzed. The SAR 

temporal backscatter profiles were generated for each crop type and the earliest time of the 

year for differentiation of individual crop types was determined. The results showed that 

winter wheat could be easily separated from all crops in the early season (May 31 and June 

16). Soybeans could only be separated from the rest of the crops on June 16 since soybeans 

and com had similar backscatter profile on all dates, except on June 16. Barley/oats could be 

distinguished from com, soybeans and alfalfa/hay on July 5 and dates thereafter. However, 

from July 5 on, barley/oats had a similar profile to wheat. In tum, wheat and barley/oats 

displayed similar patterns to alfalfa/hay after July 21. The earliest time to differentiate com 

from other crops was July 21. 

Orbital (incidence angle) effects were observed on all crops. The average difference between 

the two orbits was about 3 dB. Thus attention must be given to the local incidence-angle 

effects when using ERS-1 SAR data, especially when comparing fields from different scenes 

or different areas within the same scene. 

Based on the temporal backscatter profiles, early- and mid-season multitemporal SAR data for 

crop classification using sequential-masking techniques were evaluated. It was found that 

winter wheat could be easily identified using an early-season single-date SAR image (June 16). 

Soybeans could be classified with some degree of success using June 16 SAR data. After 

masking out wheat and soybeans, barley/oats could be easily classified on July 5 and July 21 

(mid-season). Again, after masking out wheat, soybeans and barley/oats, com can be 

successfully separated from alfalfa/hay on July 21 (mid-season). These results clearly indicate 
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that crop classification can be carried out successfully using sequential-masking techniques 

with early-and mid-season multitemporal SAR data. 
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CHAPTER 8: CONCLUSIONS AND RECOMMENDATIONS 

8.1 Conclusions 

The overall objective of this research was to evaluate multipolarization airborne SAR data, 

multitemporal ERS-1 SAR data, and combinations of ERS-1 SAR and satellite VIR data for crop 

classification using non-conventional algorithms. To achieve this objective, five major issues 

have been addressed. 

The first objective was to perform a comparative analysis of classification algorithms that 

incorporate tonal, contextual, and/or textural information. 

Operational methodologies for improving agricultural crop identification were tested using C-HH 

and C-HV airborne SAR data collected on July 10, 1990. Raw SAR data, filtered SAR data and 

SAR texture statistics were classified using per-pixel and per-field classification approaches to 

determine their effectiveness for agricultural crop classification. The approaches presented for 

improving agricultural crop classification proved to be effective, especially the per-field 

classification method. Results indicated that C-HH and C-HV data, cl~sified using a standard 

per-pixel MD classifier, provided relatively poor classification accuracies. Inclusion of texture 

statistics in the per-pixel classification improved accuracies by approximately 30% and simple 

median filtering boosted accuracies by approximately 25%. However, using a per-field 

classifier, the classification accuracies improved by about 40%. 

The second objective was to evaluate multipolarization (C-HH and C-HV) airbome SAR data for 

crop classification. 
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Multipolarization SAR data were evaluated for crop classification. Results indicated that C-HV 

SAR data yielded a lower overall classification accuracy ( 45.41 % ) than C-HH SAR data 

(49.36%). The lower accuracy for C-HV contradicts conclusions put forward by other 

researchers. A possible reason for the contradiction is the low signal-to-noise ratio with C-HV 

data. It was also found that three of the four best per-field classification accuracies ( K =O.9 l) 

were achieved using combinations of C-HH and C-W SAR data. This confirms the strong 

potential of multipolarization data for crop classification. 

The third objective was to evaluate the synergistic effects of multitemporal ERS-1 SAR and 

satellite V1R data/or crop classification. 

The synergistic effects of multitemporal ERS-1 SAR and Landsat 1M data were evaluated for 

crop classification using an artificial neural network (ANN) approach. Eight crop types and 

conditions were identified: winter wheat, com (good growth), com (poor growth)., soybeans 

(good growth), soybeans (poor growth), barley/oats, alfalfa, and pasture/cut-hay/cut-alfalfa 

The results show that both single-date and multitemporal SAR data yielded poor classification 

accuracies using a maximum-likelihood classifier (MLC). With the per-field approach using a 

feed-forward artificial neural network, the overall classification accuracy of three-date SAR data 

improved almost 20%, and the best classification of a single-date (Aug. 5) SAR image improved 

the overall accuracy by about 26%. Although these overall classification accuracies ( <60%) were 

not sufficiently high for operational crop inventory and analysis, both single-date and 

multitemporal SAR data demonstrated their abilities to discriminate certain crops in the early- and 

mid-season. Using the combination of TM3,4,5 and Aug. 5 SAR data, the best per-field ANN 

classification of 96.8% was achieved. It represents an 8.5% improvement over a single 

TM3,4,5 classification alone. This indicates that a combination of mid-season SAR and VIR 

data is very well suited for crop classification. 
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The fourth objective was to develop a better understanding of the interaction of microwave 

energy with crops and their underlying soils over the growing season. 

Using multitemporal ERS-1 SAR data during the 1992 and 1993 growing seasons, the radar 

backscatter characteristics of crops and their underlying soils were analyzed. The SAR temporal 

backscatter profiles were generated for each crop type. For example, radar backscatter was high 

in early-season when fields of com and soybeans were relatively rough with bare soils. With 

crop development, backscatter decreased due to attenuation and absorption by the vegetation 

canopies. The decreasing trend continued until August 9, when com and soybeans were at cob 

or seed development stage. Then the backscatter started to increase as the crops reached the 

senescent stage. 

The earliest time of the year for differentiation of individual crop types was determined. The 

results showed that winter wheat could be easily separated from all crops in the early season 

(May 31 and June 16). Soybeans could only be separated from the rest of the crops on June 16 

since soybeans and com had similar backscatter profile on all dates, except on June 16. 

Barley/oats could be distinguished from com, soybeans and alfalfa/hay on July 5 and dates 

thereafter. However, from July 5 on, barley/oats had a similar profile to wheat. In turn, wheat 

and barley/oats displayed similar patterns to alfalfa/hay after July 21. The earliest time to 

differentiate com from other crops was July 21. 

Orbital (incidence angle) effects were observed on all crops. The average difference between the 

two orbits was about 3 dB. Thus attention must be given to the local incidence-angle effects 

when using ERS-1 SAR data, especially when comparing fields from different scenes or 

different areas within the same scene. 
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In addition, fields displaying anomalous radar backscatter characteristics were also identified and 

statistically described. Anomalies were caused by differences in ground coverage, growth 

conditions, tillage practice and local climate 

The fifth objective was to evaluate multitemporal ERS-1 SAR dataforcrop classification. 

Based on the temporal backscatter profiles, early- and mid-season multitemporal SAR data for 

crop classification using sequential-masking techniques were evaluated. It was found that winter 

wheat could be easily identified using an early-season single-date SAR image (June 16). 

Soybeans could be classified with some degree of success using June 16 SAR data. After 

masking out wheat and soybeans, barley/oats could be easily classified on July 5 and July 21 

(mid-season); Again, after masking out wheat, soybeans and barley/oats. com can be 

successfully separated from alfalfa/bay on July 21 (mid-season). These results clearly indicate 

that crop classification can be carried out successfully using sequential-masking techniques with 

early- and mid-season multitemporal SAR data 

8.2 Recommendations for Future Research 

The following recommendations can be made for future research: 

• For a better understanding of the interactions of microwave energy with crops and the 

underlying soils over the growing season, more detailed ground information on crop 

growth, within-field variation, local climate, etc. are needed. Also, more fields should be 

included in ground data collection for the calibration and validation of a per-field classifier. 

• Field-boundary information is costly to obtain over large areas. Image segmentation is a 

relatively new image-analysis technology which offers solutions to the problem of 

identifying boundaries. Further investigations on image segmentation are needed. 
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• Incidence angle ( orbital) effects should also be further investigated for crop classification 

using RADARSAT multi-incidence angle SAR data. 
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APPENDIX A: COSTS AND BENEFITS OF REMOTE SENSING 
(Lantieri, 1993) 

A.1 Costs 

The cost of remote sensing studies depends on many factors. Costs per square kilometer 

generally increase when: 

, the scale is more detailed, for example, at 1:200,000 scale, generally corresponds to a 

cost of 0S$2-4 per square kilometer; whereas at 1:25,000 scale, is US$8-15 per square 

kilometer. 

• the level of infonnation required increases, for example, land potential maps are more 
complex and therefore more expensive than general land cover maps. 

A.2 Benefits 

Compared to extensive traditional ground surveys or inquiries, the main benefits of remote 

sensing are: 
, the provision of an exhaustive view of the selected area: in large areas this avoids major 

under- or over-estimation of phenomena or problems related to earth resources, which 

can not readily be detected by ground surveys alone; 

• the provision of objective and independent information: data acquired from remote 

sensing are measured by very reliable instruments which are independent of scientific 

judgment and/or political influences; 
the provision of updated and homogeneous information over hundreds or thousands of 

square kilometers, particularly meaningful for evaluation exercises. 

At small scale and medium scale - up to l :50,000 satellite remote sensing can, in most situations, 

offer a number of advantages when compared to aerial photography, such as: 

• lower direct costs: the cost of satellite imagery is only 10 to 50 percent of that of the 

airborne or ground surveys required for the traditional production of updated thematic 

maps; 

• shorter time scale and unimpeded acquisition: while the collection of ground-based 

regional resource information may take months or even years for wide and complex 

areas, satellite remote sensing can provide results in weeks or months and hence can 

speed decision-making. Moreover, there are no political or administrative restrictions to 
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the acquisition of satellite data, which is not always the case with aerial photographs and 

sometimes even maps; 

• new activities: thanks to their large vision of the earth surface, to the availability of 

specific spectral bands and to the acquisition of imagery on a regular basis all over the 

world. satellite data offer new possibilities over very wide areas, impossible with 

traditional aerial surveys; 

• high speed of delivery and high accuracy of information. 
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APPENDIX B: SPOT - SEARCH RESULTS 

SPOT Data is Copyright SPOT-R © CNES 

Scene Centre 
No HRV Mode Angle K / J Orb Acq. Date Longitude Latitude Cloud 

2 2 XS 29.7 612/264 103 5-Jul-1996 80-44-59:W 42-42-24:N 0000 
2 2 XS 2.3 612/264 117 6-Jul-1996 80-44-23:W 42-42-24:N 1110 
2 1 XS 14.1 612/264 259 16-Jul-1996 80-43-12:W 42-42-24:N 6312 
2 1 XS -9.7 612/264 344 22-Jul-1996 80-42-59:W 42-42-24:N 2211 
2 2 XS -11.4 612/264 344 22-Jul-1996 80-59-38:W 42-42-24:N 3211 
2 1 XS -3.6 612/264 046 27-Jul-1996 80-41-35:W 42-42-24:N 4422 
2 1 XS 2.6 612/264 117 1-Aug-1996 80-40-52:W 42-42-24:N 6722 
2 1 XS -26.2 612/264 131 2-Aug-1996 80-40-32:W 42-42-24:N 4122 
2 1 XS 8.7 612/264 188 6-Aug-1996 80-39-22:W 42-42-24:N 1231 
2 1 XS -3.6 612/264 046 22-Aug-1996 80-41-03:W 42-42-24:N 1200 
2 1 XS 30.0 612/264 103 26-Aug-1996 80-40-11:W 42-42-24:N 4421 
2 1 XS 2.6 612/264 117 27-Aug-1996 80-40-18:W 42-42-24:N 3521 
3 2 PD -11.4 612/264 344 5-Jun-1995 80-56-02:W 42-42-24:N 2233 
2 2 PD -11.4 612/264 344 3-Jun-1994 80-57-12:W 42-42-24:N 0000 
2 2 PD 6.3 612/264 188 18-Jun-1994 81-00-09:W 42-42-24:N 2210 
2 2 PD 0.6 612/264 117 9-Jul-1994 81-01-17:W 42-42-24:N 5430 
2 1 PL -4.3 612/264 046 30-Jul-1994 80-46-30:W 42-42-24:N 4322 
2 1 XS -4.3 612/264 046 30-Jul-1994 80-47-05:W 42-42-24:N 3322 
2 1 PL -4.3 612/264 046 25-Aug-1994 80-47-15:W 42-42-24:N 7631 
2 1 XS -4.3 612/264 046 25-Aug-1994 80-47-50:W 42-42-24:N 7641 
2 1 PL 29.3 612/264 103 29-Aug-1994 80-48-19:W 42-42-24:N 8882 
1 1 PD -11.0 612/264 344 18-Jul-1993 80-54-39:W 42-42-24:N 7432 
2 1 PD 0.8 612/264 117 31-Aug-1993 80-59-55:W 42-42-24:N 8652 
2 2 XS 3.0 612/264 117 31-Aug-1993 80-37-10:W 42-42-24:N 7713 
2 2 XS 2.3 612/264 117 15-Jun-1992 80-41-49:W 42-42-24:N 0000 
1 2 XS -27.9 612/264 131 6-Jun-1990 80-59-03:W 42-42-24:N 2311 
2 2 XS 28.3 612/264 103 17-Jun-1990 80-59-40:W 42-42-24:N 3824 
2 1 XS -20.6 612/264 202 15-Aug-1990 80-37-02:W 42-42-24:N 1100 
2 2 PD -20.9 612/264 202 15-Aug-1990 80-39-50:W 42-42-24:N 1100 
1 1 PD 1.3 612/264 117 5-Jul-1987 80-52-44:W 42-42-24:N 5512 
l 2 XS 1.0 612/264 117 5-Jul-1987 80-56-25:W 42-42-24:N 4623 
1 1 PD -10.4 612/264 344 21-Jul-1987 80-47-45:W 42-42-24:N 0000 
l 2 XS -10.7 612/264 344 21-Jul-1987 80-51-27:W 42-42-24:N 0000 
l 1 XS 1.9 612/264 117 31-Jul-1987 80-45-50:W 42-42-24:N 0000 
1 2 PD 1.0 612/264 117 31-Jul-1987 80-54-55:W 42-42-24:N 0000 
1 1 PD -10.4 612/264 344 16-Aug-1987 80-47-29:W 42-42-24:N 2114 
1 2 XS -10.7 612/264 344 16-Aug-1987 80-51-11:W 42-42-24:N 2112 
1 2 XS 2.3 612/264 117 6-Jul-1986 80-42-26:W 42-42-24:N 0000 
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APPENDIX C: SPACEBORNE SAR SYSTEMS - PAST, PRESENT AND FUTURE 

C.l Spacebome SAR Systems: Past 

SEASAT (1978) 

The first spacebome imaging radar was the L-band SAR on SEASAT, an instrument package 

launched into an 800 km altitude near-polar orbit in June 1978. This horizontally polarized 

instrument operated at a fixed wavelength (23.5 cm) and at a fixed look angle (23° from nadir). 

The SEASAT swath width was 100 km and the resolution was approximately 25 m. It operated 

for three months. Although SAR was included in the SEASAT payload primarily for the 

purpose of ocean-wave imaging, imagery obtained over land areas clearly demonstrated its 

sensitivity to surface roughness, slope, land-water boundaries (NASA, 1988; Werle, 1992). 

SIR-A (1981) 

The next spacebome SAR to follow SEASAT was the Shuttle Imaging Radar A (SIR-A), ferried 

into a 57° inclination, 240 km altitude orbit by the Space Shuttle Columbia in November 1981. 

The SIR-A SAR technology was derived from SEASAT SAR, again using the 23.5 cm 

wavelength (L-band) and HH polarization. The look angle, however, was changed to a fixed 

angle of 47° since the SIR-A mission was to be used principally for geological research. The 

swath width was approximately 50 km and the resolution was 40m. SIR-A provided much 

improved images for geological analysis as they were relatively free of the layover distortion that 

accompanied SEASAT SAR images of high-relief regions. One of the most exciting aspects of 

the experiment was the demonstration of the radar's ability to penetrate extremely dry surfaces, 

which resulted in the discovery of ancient river channels buried beneath the Sahara Desert 

(NASA, 1988, Werle., 1992). 
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SIR-B (1984) 

The next NASA SAR mission was SIR-B, launched in October, 1984 on the Space Shuttle 

Challenger. The imaging altitude varied between 350 km, 272 km and 225 km. Wavelength and 

polarization of the SAR were the same as its predecessors on SEASAT and SIR-A; i.e. L-HH. 

The new feature was that SIR-B was equipped with an articulating antenna so that selectable 

incidence angles could be obtained over the 15° to 60° range. This capability provided the first 

multi-incidence angle data set for surface-feature (particularly forest) mapping and topographic 

mapping. SIR-B data were also the first to be digitally encoded and digitally processed, which 

represents a significant advance in SAR image processing technology. The swath width was 20 

to 40 km. Range resolution was 58 to 16 m and azimuth resolution 20 to 30 m ( 4-look). The 

Mission Length was 8.3 days (NASA, 1988, Werle, 1992; JPL, 1996). 

C.2 Spaceborne SAR Systems: Present 

Russian ALMAZ-1 (1991) 

The former Soviet Union (just prior to its dissolution) became the first country to operate a 

spacebome radar system with the launch of ALMAZ-1 on March 31, 1991. Although this 

system initiated a new era in operational remote sensing from space with the ability to provide 

high resolution data independent of weather conditions and time of day~ ALMAZ-1 was not well 

known in the SAR research and application community due to lack of promotion by Russia. 

ALMAZ-1 was launched with a nominal altitude of 300 km (it was changed to 360 km in an 

attempt to prolong its lifetime in orbit) and an orbit that ranged from 73° N to 73° S latitude. It 

returned to earth on October 17, 1992, after operating for about 18 months. The primary sensor 

on board ALMAZ-1 was S-band (10 cm) SAR with HH polarization. The look angle ranged 

from 30° to 60° and the spatial resolution varied from 10 to 30 m, depending on the range and 
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azimuth of the area imaged. The ALMAZ-1 SAR incorporated two antennas't which provided for 

eastward and westward looking swaths, each approximately 350 km wide (Lillesand and Kiefer, 

1994). 

European Earth Resources Satellites ERS-1&2 (1991 and 1995) 

The European Space Agency (ESA)'s ERS-1 was launched into a sun-synchronous near-polar 

orbit at an altitude of 785 km in July 1991. The ERS-1 payload includes a C-band Active 

Microwave Instrument (AMI) with VV polarization and a 23 ° incidence angle in mid-range. In 

Image Mode, SAR obtains strips of imagery, 100 km in width, to the right side of the satellite 

track. The spatial resolution is about 30 m in range direction and about 30 m in azimuth 

direction. The SAR return signals are processed digitally on board and transmitted to receiving 

stations. The ERS-1 SAR operated for 3 years and 10 months (ESA, 1992; Eurimage, 1994; 

ESA, 1995). The second European Earth Resources Satellite was successfully launched in 

April, 1995, carrying the same SAR instrument as ERS-1. 

Although most of the microwave instruments on board the ERS-1 are primarily designed for the 

study of oceans, ice and meteorology, this long-duration spacebome SAR system provides the 

research community with an excellent opportunity to obtain a better understanding of our land 

environment and its dynamic processes. Since its launch, it has stimulated a lot of research 

activities in a wide range of applications including agriculture, forestry, geology, flood 

monitoring and sea-ice monitoring (ESA, 1992; Eurimage, 1994). 

Japanese Earth Resources Satellite JERS-1 (1992) 

The Japanese Earth Resources Satellite JERS-1 was launched in February, 1992 with an 

expected lifetime of four years. The satellite is in a sun-synchronous, S68 km high orbit. The 

payload of JERS-1 includes a L-HH SAR with a 38.5° incidence angle in mid-range. The image 
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swath is 75 km. The spatial resolution is 18 mat 3-looks in both range and azimuth directions. 

Like ESA's ERS-1&2, the JERS-1 is an experimental satellite. Its data are used for exploration 

of earth resources and monitoring land surfaces (ESA, 1995; RSI, 1995b). 

SIR-C/X-SAR (1994) 

The SIR-C/X-SAR mission represented a very imponant step forward. Not only was it the first 

spacebome SAR system which simultaneously acquired multi-frequency SAR imagery, but also 

it was the first opportunity to use a multi-polarization capability from space. SIR-C/X-SAR is a 

joint project of the National Aeronautics and Space Administration (NASA), the German Space 

Agency (DARA) and the Italian Space Agency (ASI}. 

SIR-C/X-SAR is an imagine radar system launched aboard the NASA Space Shuttle in April and 

October 1994. SIR-C provided increased capability over SEASAT, SIR-A, and SIR-B by 

acquiring digital images simultaneously at two microwave wavelengths (L-band at 23 .5 cm and 

C-band at 5.8 cm). These vertically and horizontally polarized transmitted waves were received 

on two separate channels, so that SIR-C provided images of the magnitude of radar backscatter 

for four polarization combinations: HH, VV, HV, and VH. Data on the relative phase 

differences between the fill, VV, VH, and HV returns were also acquired. This allowed 

derivation of the complete scattering matrix of a scene on a pixel by pixel basis. From this 

scattering matrix, every polarization configuration (linear, circular or elliptical) can be generated 

during ground processing. The radar polarimetric data will yield more detailed information about 

the surface geometric structure, vegetation cover and subsurface discontinuities than image 

brightness alone. 

Germany/Italy's X-SAR operated at X-band (3.1 cm) with W polarization, resulting in a three­

frequency capability for the total SIR-C/X-SAR system. Because radar backscatter is most 
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strongly influenced by objects comparable in size to the radar wavelength, this multi-frequency 

capability bas provided information about the earth's surface over a wide range of scales not 

d.iscerruole with previous single-wavelength experiments. Radar images generated by SIR-C/X­

SAR have been used by scientists to help understand some of the processes which affect the 

earth's environment, such as deforestation in the Amazon, desertification south of the Sahara, 

and soil moisture retention in the Mid-West (JPL, 1996). 

Canadian RADARSAT (1995) 

The Canadian RADARSAT was successfully launched on November 4, 1995. RADARSAT is 

equipped with an advanced SAR with a planned lifetime of five years. Using a single-frequency, 

C-Band, the RADARSAT SAR bas the unique ability to shape and steer its radar beam over a 

500 km range. Users have access to a variety of beam selections that can image swaths from 35 

km to 500 km with resolutions from 10 m to 100 m, respectively. Incidence angles range from 

less than 20° to more than 50°. 

RADARSAT provides complete global coverage with the flexibility to support specific 

requirements. Toe satellite's orbit is repeated every 24 days. RADARSAT provides daily 

coverage of the Arctic, views any part of Canada within three days, and achieves complete 

coverage at equatorial latitudes every six days using a 500 km wide swath. 
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APPENDIX D: SPACEBORNE SAR FOR AGRICULTURAL CROP CLASSIFICATION 

• DISCUSSION OF SELECTED STUDIES 

D.l Early Spaceborne SAR Data for Crop Classification 

Cihlar,. Prevost and Vickers (1986) conducted a feasibility study to discriminate among various 

land-cover categories on SIR-B L-band data. The data were acquired over agricultural areas after 

harvest in southwestern Saskatchewan, Canada. The Hoosier area was imaged at an incidence 

angle of 34° and the Lake Diefenbaker area at two incidence angles (15° and 34 °). Images were 

interpreted visually using prints. In order to facilitate the transfer of information between the 

SAR image and the ground map, and to determine digital values for the visually interpreted 

tones,. digital SIR-B data were also processed. The images were co-registered with TM images,. 

and a field-by-field analysis was conducted and image tones were assigned. Since the SIR-B 

data were acquired over areas with no corresponding ground observations,. enhanced 1M images 

were employed to determine land-cover types in those areas. The results show that general land­

cover categories can be visually delineated on SIR-B images, but contextual interpretive 

parameters (shape and pattern) must be used to compensate for tonal overlap between categories. 

If image tone were used in isolation, it is likely that digital pixel-by-pixel analysis would not be 

successful. The main difference between the 34° and 15° images was the greater tonal variation 

within the latter. Similar trends were observed, however, in data collected at two incidence 

angles. Soil surface roughness was a dominant factor influencing radar backscatter at L-band in 

dry harvested agricultural areas. 

Hutton and Brown ( 1986) conducted a comparative analysis of space and airborne L-llll radar 

imagery in an agricultural environment near Napierville, Quebec. They attempted to detennine 

the extent to which agricultural ground features influenced radar returns and compared the 
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relative radar backscattering coefficients derived from both a SIR-8 L-HH image (October 7, 

1984) and an airborne SAR L-HH image (October 25, 1984). They also compared the results of 

this study with those derived from an analysis of sites in western Canada The study was 

accomplished by carrying out a visual assessment of the images and by performing digital 

classifications. From visual analysis of both space and airborne SAR images, it was concluded 

that the radar returns from rows or ditches dominated those of the actual ground cover in the 

areas where row/field/ditch orientations were orthogonal to the sensor look direction. In all other 

cases, the radar returns from the ground-cover type dominated over the row/field/ditch 

orientation. Pasture, which is devoid of rows, showed no orientation dominance. The digital 

results indicated that pasture, ploughed fields and unharvested com were separable on the 

airborne image in most of the classifications, but harvested com was not consistently or 

accurately defined. On the spacebome image, separability was much poorer and almost non­

existent if backscattering values (i.e., ttaining areas) were derived from orthogonal regions. 

Pasture had the highest classification accuracies of any of the ground-cover types studied. Post­

classification filtering of both types of data increased the overall accuracies in most cases. The 

dissimilarities between the ground characteristics because of different farming practices did not 

allow for a relevant comparison from eastern Canada to western Canada. 

Cihlar and Hirose (1984) and Cihlar (1986) conducted a qualitative and quantitative analysis of 

single-date digital airborne X- and L-band data, SEASAT SAR data, and LANDSAT MSS data 

for four agricultural sites in western Canada which represent sul>arid and semi-arid climatic 

regimes. MSS images were rectified to a UTM map and all SAR data were registered to these 

images. Filters were used to reduce speckle. The boundaries of each field were outlined and 

digital values for each cover type were extracted. Images were visually examined to establish 

possible relationships between features imaged by SAR and ground observations. Cihlar and 

Hirose (1984) also performed digital classifications for various SAR, VIR, and SAR plus VIR. 

combinations. One classification using individual pixels as input and one classification using 
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field means as input was performed for each band combination. Results of the analysis 

demonstrated the impo~ce of cover type for determining SAR backscatter. Several crop/site 

combinations exbtl>ited distinct tones. Cover type was the single most important parameter, and 

other variables (such as surface roughness, cultivation direction) were also significant in some 

cases. Also highlighted was the complexity of the relationships between radar return and crop 

type, agroclimatic region, and SAR sensor parameters, and the need for further detailed studies 

of these relationships. A necessary part of such a study are data sets with detailed documentation 

of ground conditions over the growing season, preferably on a per-pixel basis. In addition to 

plant canopy development, soil surface roughness and its distnl>ution within a field should be 

adequately characterized. Analysis indicated that SAR return from the soil surface is often a 

significant component of the total backscatter from cultivated fields, particularly under semi-arid 

agroclimatic conditions with lower total biomass. Cihlar and Hirose ( 1984) found that for all the 

combinations that included MSS data, the overall average classification accuracy of the per-field 

classification was higher than the accuracies obtained using the single-pixel values. Conversely, 

band combinations that included only SAR data gave mixed results in that per-field accuracies 

were higher than per-pixel accuracies for some sites and lower for other sites. 

D.2 Moltitemporal Spaceborne SAR Data for Crop Classification 

Schotten et al. (1995) conducted an assessment of the capabilities of multitemporal ERS-1 SAR 

data to discriminate between agricultural crops and to determine the earliest possible stage in the 

growing season at which crop type can be distinguished. The test site is located in South 

Flevoland, an agricultural region in the Netherlands where 12 crop types are found. Fourteen 

ERS-1 SAR images were acquired during the 1992 growing season between May and 

November. The field-based classification yielded an overall classification accuracy of 80% with 

the optimal data set. For potatoes, winter wheat, grass, winter rape, spring barley, fruit trees 

and luceme, an accuracy and reliability of over 80% was achieved. For sugar beet, maize, 
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onions., beans., and peas., the accuracy and reliability were below 80%. The stage at which the 

crop type could be assessed is crop dependenL Wmter wheat, spring barley, potatoes., winter 

rape and luceme could all be distinguished in the period between mid-June and mid-August. 

Grass and fruit orchards could only be distinguished using images acquired after the more 

seasonal crops had been harvested. Sugar beet, maize, onions, beans and peas could not be 

distinguished acceptably using SAR images. 

Ban and Howarth (1995) investigated ERS-1 SAR temporal-spectral profiles for agricultural crop 

identification. During the growing season in 1992, six dates of ERS-1 C-VV SAR data were 

acquired over an agricultural area in Oxford County, southern Ontario, Canada. Radar 

backscatter characteristics for five major crops were analyzed for each date. ERS-1 temporal­

spectral SAR profiles for the five major crops were generated and the earliest time of the year for 

identification of individual crop types was determined. The results showed that winter wheat 

could be successfully separated in the early season, but other crops could not be differentiated 

from one another until mid- and late season. The mean highest validation accuracy for four 

dates in early and mid- season using a per-field classifier reached 78.2%, which represents a 

20% improvement over that of the single-date classification. Fields which display anomalous 

radar backscatter characteristics were identified and statistically described. It was found that 

these anomalies usually result from growing conditions and crop management practices. Soil 

drainage and soil roughness characteristics can also influence radar backscatter. 

Aschbacher ( 1995a and 1995b) conducted an assessment of ERS-1 SAR for rice-crop mapping 

and monitoring. A study area of approximately 10 x IO sq. km was selected in Kanchanaburi 

Province, West Thailand. Multitemporal ERS-1 SAR data were available for eight acquisition 

dates, namely 1991: November 22; 1992: October 7; 1993: February 24, May 7, June 11, 

August 20, October 29 and December 3. Extensive ground measurements were taken in parallel 

to ERS-1 data acquisitions during the main growth period in August to December 1993. Plant 
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height, plant moisture content, plant density, number and size of leaves, stalk diameters, and 

height of standing water were measured, together with more general observations regarding the 

state of the water/soil surface, state of plants, and weather at acquisition time. The analysis of 

ERS-1 SAR data was supported by aerial photographs and a SPOT panchromatic image. 

Irrigated or flooded rice fields showed a very characteristic radar backscatter signature. In radar 

imagery, rice fields appear very dark during the flooded, vegetative phase, and tum brighter 

during the reproductive and ripening phase. The radar backscattering coefficient CJ° increases 

from about -15 dB to about -8 dB during plant growth, and thus covers a dynamic range which 

is significantly larger than that of any other agricultural crop. The relatively good correlation 

between CJ° and plant-growth parameters makes the use of ERS-1 SAR data particularly suitable 

for crop-growth monitoring. As regards rice-field mapping. a simple, pixel-based maximum 

likelihood classification was carried out, based on multitemporal, Gamma MAP speckle filtered 

radar images (four dates, June 6, August 20, October 29, and December 3, 1993). It was found 

that: 

• Multitemporal ERS-1 SAR data are highly suitable for rice-field mapping. The 

classification accuracy is 89% for rice fields versus other land covers. 

• At least three images should be available during the growth cycle. The optimum 

acquisition dates are during the flooded vegetation phase, at the end of the reproduction 

phase and shortly before harvest. 

• The use of a pixel-based standard maximum likelihood classifier is sufficient, although 

more sophisticated methods may yield slightly better results. Speckle filtering of the 

input data is mandatory. 

As regards rice-crop monitoring, it was found that: 

• Multitemporal ERS-l SAR data are very suitable for rice-crop monitoring. 
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• The radar backscatter coefficient CJ°[dB) of rice fields is highly correlated with rice-plant 

height (r=O. 77). Consequently the use of radar data allows one to determine the 

approximate stage of plant growth. 

• The radar signal shows a potential correlation with rice yield, but the relationship may be 

indirect. 

D.3 Integration of Spaceborne SAR and VIR Data for Crop Classification 

Ban and Howarth (1996b) investigated the synergistic effects of integrating SAR data and 

imagery acquired in the VIR portions of the spectrum. Combinations of ERS-1 SAR and 

Landsat TM data were used to evaluate classification accuracy for eight crop classes: winter 

wheat, com (good growth), com (poor growth), soybeans (good growth). soybeans (poor 

growth), barley/oats, alfalfa, and cut bay and pasture. The study area was situated in an 

agricultural area in Oxford County, southern Ontario, Canada. Three dates of early- and mid­

season ERS-1 C-VV SAR data were acquired during the 1992 growing season (June 15. July 24 

and August 5). July 24 SAR data were acquired in ascending mode, while others were acquired 

in descending mode. One date of Landsat TM data was also acquired on August 6, 1992. Both 

per-pixel and per-field classifications were performed on single-date SAR, multitemporal SAR, 

single-date TM and the combinations of SAR and 1M data. Two post-segmentation classifiers 

(mioirnlllll distance and artificial neural network:) were evaluated. Results showed that 

combinations of SAR and VIR. improve classification accuracies, the best results showing overall 

accuracies in the mid-90% range. The per-field approach using an artificial neural network 

produced better accuracies than using a per-field minimum distance classifier or a per-pixel 

maximum likelihood classification. 
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Kohl eta/. (1993) conducted a comparison of ERS-1 SAR and SPOT XS data for crop acreage 

estimation for agricultural statistics as part of the Monitoring Agriculture by Remote Sensing 

(MARS) pilot project. The study was performed on two test sites: Seville, Spain and Great 

Driffield, UK. Six ERS-1 Fast-Delivery {FD) scenes acquired between April and December 

1992 over the Seville test site were analyzed. The information content extracted from those 

scenes was evaluated relative to a four-date SPOT XS data set acquired in the 1992 growing 

season and the results of a ground survey. The preprocessing of the FD data included 16- to S­

hit conversion't speckle reduction using G-MAP and Texture/Mean filter and geometric 

registration of the images. Maximum Likelihood Qassifications (MLC) for 22 land-use and 

land-cover classes were performed based on five..<fate ERS-1 SAR, a single-date SPOT XS, and 

combined three-date ERS-l SAR and a single-date SPOT XS data The results showed a 

significant increase in classification accuracy of the combined ERS-1 and SPOT data sets in 

comparison to either ERS-1 or SPOT alone. For the Great Driffield site, five-date ERS-1 SAR 

data from April to October and single-date SPOT data in May were acquired and analyzed. The 

unfiltered FD data using a MLC showed that the classification accuracy of four-date ERS-1 is 

slightly better than that of five-date. This is probably because the late-October image is not 

significant for the crop in question. The work demonstrated that the information content of the 

ERS-1 data is complementary to the SPOT data and that multi-date SAR data performs better than 

a single-date SPOT data for certain classes. 
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APPENDIX E: GROUND INFORMATION· AN EXAMPLE OF GREEN SHEETS 

BLOCK 4 • OXFORD COUNTRY • JULY 21, 1993 
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