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REFLECTANCE‐BASED SENSOR TO PREDICT VISUAL QUALITY RATINGS OF TURFGRASS PLOTS M. Keskin, Y. J. Han, R. B. Dodd, A. Khalilian ABSTRACT. Turfgrass quality is visually evaluated by human assessors based on a scale of 1 to 9. This evaluation practice is subjective and does not provide accurate and reproducible measure of the turf quality. The aim of this research was to design a portable optical sensor to predict the quality ratings of turfgrass research plots from spectral reflectance. Reflectance data were collected using a dual spectroradiometer covering a spectrum of 350‐1050 nm from bermudagrass and bluegrass research plots. Two different regression methods, Multiple Linear Regression (MLR) and Partial Least Squares Regression (PLSR), were used and compared. Two wavelength bands centered at 680 nm (Red) and 780 nm (NIR) were identified since these bands carry useful information in the prediction of turfgrass visual quality. The average Standard Error of Cross Validation (SECV) was found to be about 0.76 and 0.88 by using the model with Red and NIR bands for bermudagrass and bluegrass data sets, respectively. A simple prototype sensor using the two identified bands was fabricated and tested. The prototype sensor predicted the visual quality ratings as well as the spectroradiometer with a SECV of about 0.57 using two bands. Keywords. Turfgrass, Visual quality assessment, Dual spectroradiometer, Sensor, Spectral reflectance.



T



urfgrass quality has to be assessed to evaluate new turfgrass cultivars under various management practices such as fertilization, irrigation, and disease. Traditional method of evaluating the turf quality involves the use of visual rating on a scale of 1 to 9 with 1 representing a lowest and 9 representing a highest quality turf plot (Morris, 2002). The quality is assessed by human evaluators based on shoot density, uniformity, and color of turfgrass plants. Although this rating method provides quick quality assessment without intensive labor, it is very subjective and does not provide accurate measure of turf quality. In addition, it is very difficult to train new assessors and the quality ratings are not reproducible. In the study conducted by Horst et al. (1984), 10 evaluators rated 10 cultivars of Kentucky bluegrass and tall fescue based on the quality and the density of turfgrass. They found that the visual assessment scales were significantly different among the evaluators due to the high variability of the ratings. Inaccurate evaluation of the turfgrass could be costly since future maintenance operations are based on the results of the evaluation procedure. Therefore, there is a need for a
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technology that can determine the quality of turfgrass easily, quickly, and inexpensively in a more objective manner. Spectroradiometers have been a standard tool in the assessment of plant stress from spectral reflectance in many field crops, forest trees, and turfgrass (Milton, 1987). Raikes and Burpee (1998) reported a significant reduction in the NIR radiation due to Rhizoctonia blight disease in creeping bentgrass. However, they found a low correlation between the disease severity and the NIR reflectance (R2 < 0.50). Green et al. (1998) found that the correlation between the reflectance at 810 nm and visual severity estimates was low in tall fescue (R2 < 0.63). Trenholm et al. (2000) reported strong negative correlations between nitrogen rate and reflectance at 507, 559, 661, and 706 nm in creeping bentgrass and bermudagrass. There has been very limited research on developing a prototype sensor in the assessment of turfgrass visual quality. Trenholm et al. (1999) used a seven‐channel multispectral radiometer and reported the R2 value of 0.22‐0.62 in one study and 0.22‐0.82 in another study between reflectance and visual quality. Fitz‐Rodriguez and Choi (2002) conducted a study using an eight‐channel multispectral radiometer and reported that vegetation indices correlated well with turfgrass visual quality (R2 = 0.55‐0.73). However, these studies did not include development of a prototype sensor. Multispectral radiometry can be used to assess the overall health and quality of plants. However, they are too expensive and require extensive post‐processing of collected reflectance data to be used in everyday practice. A study conducted by Bell et al. (2002) was the only work focusing on the evaluation of a vehicle‐mounted optical sensor to assess turfgrass visual quality. They stated that the NDVI was well correlated with visual quality (R2 = 0.41‐0.75). The main objective of this research was to design a prototype portable optical sensor to predict the visual quality ratings of turfgrass research plots by determining the optimum wavelength bands from spectroradiometer data and
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developing a model to predict the quality ratings from the spectral reflectance.



MATERIALS AND METHODS SPECTRORADIOMETER STUDY Spectroradiometer A dual spectroradiometer system (Model: FieldSpec Dual UV/VNIR, Analytical Spectral Devices, Inc., Boulder, Colo.) was used to collect spectral reflectance data. The system had two sensors that simultaneously measure both the downwelling (reference) irradiance and the upwelling or reflected (target) radiance. Remote cosine receptor (RCR) for the reference sensor and bare tip for the target sensor were used. The standard field‐of‐view (FOV) was 180° and 25° for the reference and target sensors, respectively. Each spectrometer consisted of a 512‐channel photo‐diode array covering 350 to 1050 nm with a spectral sampling interval of 1.4 nm. ViewSpecPro software (Version: 7.14, Analytical Spectral Devices, Inc., Boulder, Colo.) was used to convert the raw data into radiance and irradiance data. The spectroradiometer was turned on one hour before the data collection for warming up. The target sensor's view angle of 25° corresponded to a reflectance measurement area that has a diameter of 45.0 cm with a sensor height of 1.0 m (40 in.). Reflectance readings were repeated twice for each plot. The measurements were taken within ±2 h of solar noon time. Data were also collected in cloudy and sunny days to study the effect of different light conditions on reflectance. Turfgrass Research Plots The plots were located at the Clemson University's Walker Golf Course, near Clemson, South Carolina. The plots had two turfgrass species, hybrid bermudagrass (Cynodon dactylon x Cynodon transvaalensis) with TifEagle cultivar and rough bluegrass (Poa trivialis) and were subjected to different treatments (table 1). They were evaluated based on the general visual quality disregarding the type of the treatment. The reflectance readings from bermudagrass plots were collected on three different dates in Fall 2002. Also, reflectance readings from bluegrass plots were taken on three occasions in Spring 2003. Data Processing The radiation data from the target sensor and irradiance data from the reference sensor were used to calculate the reflectance at each wavelength using the following equation (Hatchell, 1999): R=



Rt Rt = Rr ( Ri / π)



(1)



where R = reflectance, Rt = radiance from the target sensor, Rr = radiance from the reference sensor, and = irradiance from the reference sensor. Ri While the spectroradiometer measures the reflectance data at every 1.4 nm, a practical sensor would employ interference filters with 10‐ to 40‐nm bandwidth. Therefore, the reflectance data within ±5 nm from the center wavelengths were averaged to obtain 10‐nm reflectance bands. Averaging procedure produced 71 wavelength variables from 350 to 1050 nm. Statistical Analysis Principal Component Regression (PCR) or Partial Least Squares Regression (PLSR) methods are the appropriate modeling methods for the spectroscopic multivariate reflectance data in which the reflectance variables are not orthogonal. Esbensen (2000) and Kolsky (2001) reported that PLSR had better performance than PCR in most practical applications and is a powerful alternative to the PCR. Therefore, PLSR was used in the development and validation of the models. Also, Multiple Linear Regression (MLR) method was used as a comparison. Unscrambler multivariate statistics package (Version: 7.01, Camo, Oslo/Norway) was used in the statistical analysis. Full cross validation method was used in the model validation. The performances of various models were compared based on the Standard Error of Cross Validation (SECV) (Esbensen, 2000): Important wavelength variables which carry useful information in the prediction of turfgrass visual quality were identified based on the magnitude of the regression coefficients of the PLSR model that used all 71 wavelength variables. PROTOTYPE SENSOR STUDY Sensor Design Based on the results of the spectroradiometer study, a simple prototype sensor was designed, fabricated, and tested. The sensor system consisted of three photo sensors, a computerized data acquisition system, and a portable sensor stand to accommodate these components (fig. 1). Three individual photo sensors were fabricated to measure the light energy reflected from the turfgrass plots and incoming from the sun. The sensors are named as Red, NIR, and Reference Photo Sensors. The Red Photo Sensor was made of a lens, a red interference filter, and a photodiode (UV‐20, UDT Sensors, Inc., Hawthorne, Calif.). The lens directs the light onto the sensing area of the photodiode. The red interference filter (03FIV048, Melles Griot Inc., Albuquerque, N. Mex.) has a bandwidth of 40 nm at 650‐nm peak wavelength. The NIR Photo Sensor was identical to the



Table 1. Details of the data sets used in the study. Date the Data Taken Number of plots Turfgrass species/cultivar Treatments Mowing height (cm) Plot size
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Data Set 1 24 August 2002



Data Set 2 2 October 2002



Data Set 3 1 November 2002



Data Set 4 24 March 2003



Data Set 5 2 April 2003



Data Set 6 13 April 2003
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100



100



Bermudagrass/ TifEagle Shade, mowing height, growth regulator, nitrogen 0.32; 0.48 1.0×1.0 m; 0.75×1.0 m



Rough Bluegrass Herbicide 0.40 0.75×1.0 m
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NDVI = where DVI RVI NDVI



NIR − Red NIR + Red



(4)



= Difference Vegetation Index, = Ratio Vegetation Index, = Normalized Difference Vegetation Index.



RESULTS AND DISCUSSION



Red Photo Sensor except for the NIR interference filter (03FII048, Melles Griot Inc., Albuquerque, N. Mex.), which has a bandwidth of 10 nm at 800‐nm peak wavelength. The Reference Photo Sensor was for detecting the intensity of the incoming light and was consisted of a photodiode (UV‐005, UDT Sensors, Inc., Hawthorne, Calif.) and a glass window. The glass window was used to protect the sensor and to reduce the light intensity. For all three sensors, a 10‐kW resistor was connected in series to convert the photodiode current into voltage. A USB data acquisition board (Model ML‐1008; Measurement Computing, Inc., Norton, Mass.) was used to measure the voltage 7 times/s for 5 s. The three photo sensors were mounted on a metal pole that was placed at the front of the stand (fig. 1). Data Collection Seventy‐five turfgrass research plots (1.0 × 1.0 m in size) with hybrid bermudagrass species were used to test the portable sensor. Sensor height of 1.4 m was calculated from the sensor's angular field of view to cover a reflectance area with a diameter of 0.40 m. The sensor readings and visual quality ratings were collected from the plots within ±1h of the solar noon. The readings were repeated three times for each plot. Statistical Analysis Multiple Linear Regression (MLR) and Partial Least Squares Regression (PLSR) models were developed using Red band only, NIR band only, and both Red and NIR bands. In addition, three more models using various reflectance ratios (vegetation indices) were also developed for comparison. The three vegetation indices were calculated from the Red and NIR variables as follows (Bannari et al., 1995):
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Reflectance



Figure 1. Portable sensor stand accommodating the three photo sensors, the laptop computer, and the data acquisition board.



SPECTRORADIOMETER STUDY The average reflectance spectrums of bermudagrass plots for three levels of visual quality ratings are shown in figure 2. Each line in this figure represents the mean of the reflectance spectrums of three plots with same visual quality scores while the error bars shows the standard error at each wavelength band. The spectrums from the bluegrass plots showed similar results. The results revealed that all plots showed relatively low reflectance in the visible region while they showed relatively higher reflectance in the NIR region. The strong absorption of the light by the plant pigments, mainly the chlorophyll, resulted in a reduced reflectance in the visible region. Since the chlorophyll absorbs the blue (350‐500 nm) and red (650‐750 nm) light, the reflectance in these two bands is relatively lower as compared to the green band (500‐600 nm) in the healthy plants. The higher reflectance in the NIR region is caused by the cellular structure of the plant leaves particularly by the air cavities inside the leaves (Knipling, 1970). Most significant difference between the mean spectrums occurs in the red (650‐700 nm) and in the NIR region (750‐900 nm). The dip around 940 nm is due to water absorption (Penuelas et al., 1993). Regression coefficients from PLSR models using whole spectrum for all six data sets are shown in figure 3. All of the models had negative regression coefficients in the visible portion of the spectrum meaning the inverse relationship between the reflectance and the visual quality ratings. On the other hand, the coefficients were positive in the NIR region which reveals that the higher quality plots had higher reflectance in the NIR portion of the spectrum. Based on the absolute value of the coefficients, most significant wavelength variables were identified as 680 nm (Red) and 780 nm (NIR). First three Principal Components (PC) were significant for the model using the whole spectrum. The total explained Y‐variance (visual quality rating) varied in the High Quality (Score=8.0) Medium Quality (Score=5.5) Low Quality (Score=3.0)
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RVI = NIR / Red



(3)
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W a v e l e n g t h (n m) Figure 2. The average reflectance spectrum of different bermudagrass plots having different levels of visual quality ratings.
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Regression Coefficients
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Measured Figure 4. Measured vs. predicted visual quality ratings obtained from the model with all 71 variables (whole spectrum) using the PLSR on Data Set 2. 10 o Predicted ____ Line of Best Fit
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Measured Figure 5. Measured vs. predicted visual quality ratings obtained from the model with the most important bands (Red and NIR) using the PLSR on Data Set 2.
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range of about 70% to 86% and 68% to 77% for bermudagrass and bluegrass data sets, respectively. Trenholm et al. (1999) reported similar finding stating that reflectance at 661 and 813 nm and some vegetation indices such as NDVI and IR/R were highly correlated with visual turf quality. Also, Fitz‐Rodriguez and Choi (2002) obtained similar result expressing that the vegetation indices calculated from the reflectance data of 660 and 760 nm correlated well with visual turf quality. In addition, Bell et al. (2002) tested a prototype sensor employing Red (671 nm) and NIR (780 nm) bands and reported favorable results for the sensor to assess the visual turf quality. When the PLSR analysis was performed using only the most important (Red and NIR) bands, only the first PC was significant. The total explained Y‐variance varied in the range of about 66% to 83% and 67% to 75% for bermudagrass and bluegrass data sets, respectively, and were not significantly different from the models using the whole spectrum. The measured versus predicted visual quality rating plots were given in figures 4 and 5 for the model using the whole spectrum and the one with only the most important bands (Red and NIR) for the Data Set 2. The SECV value was 0.59 (R2 = 0.86) for the model with whole spectrum while the model with Red and NIR bands had a SECV of 0.64 (R2 = 0.83) (figs. 4 and 5; table 2). Based on this observation, it was concluded that the use of only two most important bands could be sufficient in the prediction of the visual quality scores. Similar results were obtained for other data sets (table 2).
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Figure 3. The regression coefficients obtained from the PLSR analysis for the first PC for both bermudagrass (DS 1, DS 2, and DS 3) and bluegrass (DS 4, DS 5, and DS 6) data sets.



The PLSR model and MLR model with all 71 variables (whole spectrum) were compared and no significant difference was observed in their SECV values even if the SECV values with the model using whole spectrum were relatively lower (table 2). Also, the SECV values were not significantly different between the two regression methods when the whole spectrum and only Red and NIR bands were used. Therefore, it was concluded that either regression method could be used to develop a model with only Red and NIR bands. Regarding the vegetation indices studied in this research, even if the differences were not significant,



Table 2. SECV and R2 values for the models with different variables for all data sets obtained from PLSR. Whole Spectrum Data Sets DS1 DS2 DS3 Mean (Bermudagrass) DS4 DS5 DS6 Mean (Bluegrass)
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the lowest SECV values were obtained with the models using DVI and the mean SECV values were about 0.76 and 0.84 for bermudagrass plots and bluegrass plots, respectively (table 2). Detailed statistical comparison between various models and effects of cloudy weather and mowing height on the reflectance data can be found in Keskin (2004). The SECV values were averaged within each species to study the effect of turfgrass species on the performance of the regression models. It was observed that the within‐species and inter‐ species SECV values were not significantly different. Based on this result, it was concluded that one calibration equation could be used for two different turfgrass species examined in this study.
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PROTOTYPE SENSOR STUDY After fabricating the practical sensor, the reflectance and visual quality ratings data were collected from 75 turfgrass plots. The range of the quality ratings varied between 2.0 and 8.0 with an average rating of 6.58 on prototype sensor data set. The voltage output level was about 0.120 to 0.250 V for the Red Photo Sensor and 0.035 to 0.080 V for the NIR Photo Sensor. The voltage output from the Reference Photo Sensor was very stable (0.365‐0.368 V). In the red band, the high quality plots had lower reflectance resulting in lower voltage outputs since the plants were healthy and they absorbed the light energy in this band for photosynthesis. Therefore, an inverse relationship between the voltage output from the Red Photo Sensor and the visual quality ratings was observed resulting in a negative high correlation (r = ‐0.83). On the other hand, in the NIR band, the voltage level from high quality plots was higher due to the higher intercellular reflectance of the healthy plant leaves and a positive high correlation (r = 0.82) was observed between the quality ratings and the voltage readings. These results were in agreement with the results of the spectroradiometer study. Six different models were developed and SECV values were calculated to compare the performances of the models using full cross validation method (table 3). The SECV values varied from about 0.57 to about 0.70. The lowest SECV value of 0.57 was obtained from the model using both the Red and NIR variables (R2 = 0.60). The models with the three vegetation indices (RVI, DVI, and NDVI) did not lower the prediction error (table 3). The result obtained using the practical sensor was very close to the result of the spectroradiometer study. The measured versus predicted visual quality ratings for the model with the Red and NIR variables are shown in figure 6. From this result, it was concluded that the prototype sensor was able to predict the visual quality ratings of Table 3. The SECV and R2 values for the models with different variables for the prototype sensor. Variable Red only NIR only Red and NIR RVI DVI NDVI
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0.66 0.70 0.57 0.62 0.60 0.58
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Figure 6. Measured vs. predicted visual quality ratings for the model with the RED and NIR variables based on the prototype sensor data.



turfgrass plots within about one half of the rating index (SECV = 0.57). This also proved that it is feasible to develop a commercial turfgrass quality sensor using reflectance measurement at two wavelength bands. Bell et al. (2002) conducted a similar study using a vehicle‐mounted sensor with Red (661 nm) and NIR (780 nm) bands and reported similar result stating that the NDVI closely correlated with visual turf color quality ratings with R2 = 0.54‐0.72 for tall fescue and R2 = 0.20‐0.44 for creeping bentgrass. In this study, the sensor was placed on a stand with a laptop computer. In the real‐world application, a hand‐held sensor with a small built‐in computer would be more appropriate due to its simpler operation. The effect of cloudy weather and mowing height on the practical sensor data was not investigated in the prototype sensor study.



SUMMARY AND CONCLUSIONS In this research, the feasibility of predicting visual quality ratings of turfgrass research plots from spectral reflectance obtained using a spectroradiometer was studied and based on the results, a simple prototype sensor with two wavelength bands was designed and tested. The observations and conclusions of the study were: S Two wavelength bands centered at 680 and 780 nm were identified as the most important wavelength bands that are responsive to the turf visual quality. S SECV values were not significantly different between PLSR and MLR methods when only Red and NIR bands were used. Therefore, it was concluded that either regression method could be used to develop a model with only Red and NIR bands. S The averaged SECV was found to be about 0.76 for bermudagrass plots and 0.88 for bluegrass plots. S The prototype sensor using Red and NIR bands was able to predict the visual quality ratings of turfgrass plots within about one half of the rating index (SECV = 0.57; R2 = 0.60). As a general conclusion, the result of the study showed that it is possible to predict the turfgrass quality ratings from the spectral reflectance data. A practical sensor with only two bands is promising to assess the turfgrass visual quality in a more objective manner. However, the effect of cloudy
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