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Abstract

:

There are only a few studies that have been made on accuracy assessments of Leaf Area Index (LAI) and biomass estimation using three-dimensional (3D) models generated by structure from motion (SfM) image processing. In this study, sweet potato was grown with different amounts of nitrogen fertilization in ridge cultivation at an experimental farm. Three-dimensional dense point cloud models were constructed from a series of two-dimensional (2D) color images measured by a small unmanned aerial vehicle (UAV) paired with SfM image processing. Although it was in the early stage of cultivation, a complex ground surface model for ridge cultivation with vegetation was generated, and the uneven ground surface could be estimated with an accuracy of 1.4 cm. Furthermore, in order to accurately estimate growth parameters from the early growth to the harvest period, a 3D model was constructed using a root mean square error (RMSE) of 3.3 cm for plant height estimation. By using a color index, voxel models were generated and LAIs were estimated using a regression model with an RMSE accuracy of 0.123. Further, regression models were used to estimate above-ground and below-ground biomass, or tuberous root weights, based on estimated LAIs.
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1. Introduction


The importance of measuring plant structures, plant functions, and growth parameters is widely recognized in agricultural production and microclimate control [1,2]. Destructive methods have often been used for on-site measurements. However, the methods require significant labor and other costs, and they are also time consuming. These techniques have other disadvantages, such as a limitation in the number of samples and sampling area size. Therefore, it is important to conduct research on non-destructive 3D image measurements, which can measure the structures of plant communities, plant functions, and growth parameters (i.e., [3,4,5,6,7,8,9,10]). Therefore, non-destructive 2D remote sensing methods, which have a rapid response time and wide aerial coverage, have been used for growth analysis, plant structure analysis, assessment of environmental response, and estimation of biomass production under different seasonal conditions. When using 2D remote sensing, the sensors are unable to detect overlapping information such as stems under leaves. Also, because of sensor positioning and the flight altitude of the sensor platforms, plant communities and plant functions with complex three-dimensional structures are difficult to measure using 2D remote sensing. For all these reasons, 3D remote sensing is a highly superior form of measurement.



Light Detection and Ranging (LiDAR), an application of active radar sensor, has been used for 3D remote sensing technology. Airborne-LiDAR measures the distance between the sensor and a ground target based on the elapsed time between the emission and return of laser pulses. Based on the scanned data, 3D shapes of ground surfaces and plant canopies can be generated.



It is relatively easy to measure three-dimensional structures of terrain using airborne-LiDAR. Thus, this method has been used to measure plant canopy structures, plant heights, and biomass [8,11,12,13,14]. However, the application of airborne-LiDAR is limited by observation timing and number of observations. In addition, it is relatively expensive and has accuracy issues, making it difficult to observe small objects such as crops. On the other hand, recent development of the Unmanned Aerial Vehicle (UAV) technology has made it possible to observe objects continuously with high accuracy from a relatively short distance without being restricted by observation time. Small-scale LiDAR instruments, which can be mounted on UAVs, have been developed. Such instruments have been used for field plant research [15,16,17,18]. To utilize UAV-LiDAR systems for agriculture fields, development of inexpensive UAV-LiDAR systems is essential.



UAV-SfM (Structure from Motion) is a passive method of constructing a 3D model from continuous 2D images taken by a consumer-grade digital camera mounted on the UAV. This method is inexpensive in comparison to UAV-LiDAR. Additionally, the ability to use texture mapping for color information makes it easy to analyze color information as point cloud data. Therefore, UAV-SfM has gained popularity in recent years in the field of remote sensing. A considerable amount of research has been conducted on vegetation height and leaf area measurements, as well as biomass growth rates [19,20,21,22,23,24,25,26,27,28,29,30,31,32,33]. For example, Diaz-Varela et al. (2015) conducted a research on tree height and crown diameter estimation for olive trees using UAV [19]. The estimation of plant heights using mixed forest was conducted by Dandois and Ellis [20]. For field crops, Holman et al. (2016) studied crop heights of wheat [21]. Kim et al. (2018) conducted research on crop heights of Chinese cabbage and white radish [22]. Mathews and Jensen (2013) performed research on the SfM based Leaf Area Index (LAI) estimation of a vineyard [23]. Badura et al. (2019) used SfM for estimation of the LAI of salt marsh vegetation [24]. Li et al. (2016) investigated the estimation of above ground biomass of maize using the UAV-SfM method [25]. However, only a few studies have been conducted that have sought to estimate terrain conditions accurately for determining growth parameters. In general, in agricultural fields, the ground surface is not always flat. One such example is ridge cultivation. It is often difficult to observe the ground surface before plant growth because crop cultivation would be started right after shaping the ridges.



Therefore, it is necessary to develop a UAV-SfM measurement method to accurately estimate ground surfaces with crop vegetation, and it is also necessary to accurately estimate the growth parameters of the plants using this method. In this study, the ground surface 3D model was created for a sweet potato field, which was planted into ridges. The model was created after transplanting sweet potato seedlings. Furthermore, methods to estimate changes in growth parameters, such as plant height, LAI, biomass, and yield, were examined. Errors of such parameters were also evaluated (Figure 1). Potential practical applications of this study are the prediction of harvest weight, improvements of field management, and construction of 3D maps of farms.




2. Materials and Methods


2.1. Crop and Cultivation Conditions


Materials Sweet potatoes are widely grown all over the world because they grow on poor land. The tuberous root of sweet potatoes provides a rich source of starch and dietary fiber. Leaves are also consumed as vegetables in some areas. It was brought to Japan around the early 17th century. Currently, it is widely cultivated all over Japan [34].



In this study, a 60 × 20 m sweet potato field, located in Ecosystem Research Field II (36.0508 °N, 140.075 °E) of the National Institute for Environmental Studies in Tsukuba, Ibaraki, Japan, was used. Sweet potato (Ipomoea batatas L.) cv. Beniazuma, which is the most widely grown cultivar in Ibaraki, Japan, was used. The sweet potatoes were grown in multi-cultivation, and the ridges were covered with black vinyl sheets. The average height of the ridges was about 21 cm. The field of 60 m × 20 m was divided into six blocks (S1 to S6) of 10 m × 20 m.



Different amounts of fertilizer were applied for each block. The amounts of fertilizer used in each block varied between 0, 0.025, 0.02, 0.1, 0.15, and 0.2 kg/m2. The standard amount of fertilizer commonly used is 0.15 kg/m2 (Figure 2a). A commercial fertilizer that contains 3% nitrogen, 10% phosphoric acid, 10% potassium (Kinsei Kasei No. 3, Taki Chemical Co., LTD., Hyogo, Japan), and a fertilizer of 2% granulated magnesium lime (Tagen Lime Industry Co., LTD., Tochigi, Japan) was applied. Seedlings were transplanted on 27 May 2015 (0 days after planting, or DAP).




2.2. Instrumentation and Measurement Methods


A small UAV, Spreading Wings S1000 (DJI, Shenzhen, China) equipped with a custom made 3-axis gimbal, was used in this study (Figure 1). The deployed diagonal wheelbase size of the S1000 is 1045 millimeters (mm) but can be 650 mm when stored, which is convenient for mobile uses. The standard landing gear length of the S1000 is 305 mm, but for this study it was extended by about 200 mm. This length increases the stability of the take-off and landing of the UAV and allows for the attachment of multiple cameras to the gimbal. Further, to secure proper measurement, S1000 can automatically open and close the landing gears. The maximum power output of the propeller motor is 500 watts (W). The total weight of the main unit is 4.5 kg, and two units of batteries (6S LiPo 8000 mAh) are 6.6 kg. The takeoff weight is 11 kg, and the payload is 4.4 kg. According to the specifications, the flight time was up to 15 minutes, but the practical flight time was about 10 minutes. Flight control was performed by the A2 multi-rotor stabilization controller based on information from the Global Navigation Satellite System (GNSS) and the Inertial Measurement Unit (IMU). Once a flight plan is created on a PC and uploaded to the UAV, it will automatically fly based on the previously configured flight path. The 3-axis gimbal for a camera can be operated in any direction. The gimbal has its own IMU and it can be controlled independently from S1000. This prevents blurring caused by the camera shaking from wind or vibration.



A digital single-lens reflex camera (EOS kiss X7, Canon INC., Tokyo, Japan) was used to measure images. The effective pixels are about 18 million pixels and the weight is about 370 grams (g). Continuous shooting at up to four frames per second is possible; but in this experiment, it was set to an interval of one shot per second. The GNSS coordinate update rate was set to once per second, and the trajectory of the camera movement was recorded using a GNSS receiver GP-E2 (Canon INC., Tokyo, Japan). In order to reduce the influence of wind and vibration, the shutter speed priority program mode was selected, and the shutter speed was set to 1/1000 seconds and the diaphragm was automatically adjusted. The measurements for each period used the same flight route. To improve the accuracy of the 3D model, fourteen iron columns with a height of 30 cm and a diameter of 5 cm with yellow marks at the top were installed as Ground control points (GCPs) at the boundaries of each block around the sweet potato field (Figure 2, shown as red colored circle marks). The GNSS coordinates of each GCP were recorded using a GNSS receiver GP-E2 (Figure 1j). UAV measurements were made at an altitude of approximately 30 m above the ground, from 11:00 to 14:00, when the sun’s altitude was sufficiently high. Measurement dates were five days and the dates were 10 June (14 DAP), 29 June (33 DAP), 10 August (75 DAP), 5 September (101 DAP), and 15 October 2015 (141 DAP). The measurement for each period was performed using a 28 mm focal length lens, except for 10 June, 10 August, and 15 October. During these three days, data taken by a 50 mm lens were added and compared with images captured by a 28 mm lens. The survey of the ground surface was conducted on the same day as the UAV measurement. Ridge heights and plant heights on the site were measured with a ruler, by selecting ten places in each fertilizer block on each measurement date. In addition, 1 m × 1 m sample areas were established for each fertilizer block, and LAIs and dry weights of the above-ground parts were determined by cutting plants. The minimum measurement unit of the ruler was 1 mm. Collected sample leaves were placed on a flat desk and the LAI was determined by processing images taken by a camera. The dry weight of the above-ground parts was measured by drying at 80 ℃ for one day. The tuberous roots collected on 15 October of the harvest day were finely sliced and dried at 80 ℃ for two days, and then the dry weight was measured (Figure 1k).




2.3. Development and Accuracy Evaluation of Ground Surface Model and Plant Height Model in Ridge Cultivation


Figure 1 shows a workflow of the construction of the ground surface model and the plant height model in ridge cultivation. First, at different growth stages, the sweet potato field was continuously measured with a camera mounted on a UAV to obtain 2D color images with GNSS coordinates (Figure 1a). Next, in order to construct 3D Digital Surface Models (DSMs) including plants and ground surfaces, 3D point cloud models with color information were constructed from the acquired images using the SfM. Then, the data were converted into 3D dense point cloud models with color information (Figure 1c).



The series of calculations were computed using Agisoft Photoscan (Agisoft LLC, St. Petersburg, Russia), which is commercially available. The following procedures were used for the generation of 3D point cloud models. First, by using the Scale-Invariant Feature Transform (SIFT) method, multiple key points of 2D images were searched repeatedly [35,36]. Then, the 3D coordinates of the obtained key points were calculated [37]. Errors were minimized using the Bundle-Adjustment method [38]. Noises were removed using the Clustering Views for Multi-View Stereo (CMVS) method, and then the 3D dense point cloud models were created [39,40]. Since 2D images acquired by the camera have coordinate information such as longitude, latitude, and altitude, this information was used for the calculation. Also, 3D point cloud models were aligned using GCPs which were installed on the ground (Figure 1j). The 3D dense point cloud models were generated by increasing the accuracy of the point cloud models through the correction calculation (Figure 1c). Conversion of the 3D dense cloud models into 3D DSMs was conducted using the inverse distance weighting (IDW) method, which interpolates and fills in the missing images [31].



Following the estimation method of the 3D ground surface model (Digital Terrain Model, DTM), a series of 2D color images capturing sweet potato vegetation was used. A series of 2D color images with GNSS data (which was captured on 10 June with relatively low plant coverage) were used (Figure 1a). In the Hue, Saturation, Value (HSV) color model, H values between 70 to 150 and V values 20 or more are categorized as vegetated areas, and then a binary image was generated, which indicates the vegetated area as white and the non-vegetated area as black (Figure 1b). A previously used method was employed in this study [41]. It is common to utilize the HSV color system to remove the green component, since it is difficult to remove the color using RGB color system. In order to remove the influence of the shadow around the plant, enlargement filter processing ranging from 1 × 1 pixel to 15 × 15 pixels for the vegetated area (white part) was used (Figure 1b). Enlargement filtering is to enhance white pixels around a single white pixel. This was conducted to remove the shadows around the plant. This process was programmed using IDL 8.0 (Harris Geospatial Solutions, Inc., Tokyo, Japan). For the mask processing, a binary image created with the previous process was applied for the original color 2D image. The process was performed using Agisoft Photoscan. The method described in an Agisoft manual was used [42]. The 3D point cloud model was created using the SfM, and then the 3D dense point cloud model was generated (Figure 1c). The DTM was calculated using the IDW method with the 3D dense cloud point model (Figure 1d). However, with the DTM obtained under this process, part of the plants and shadows remained as holes in the image. In order to fill in the holes and obtain an accurate 3D DTM with ridge shape information, rectangular median filter (N × M pixel, N = 1 to 37, M = 1 to 5) processes were applied (Figure 1e). The long side direction of the filter was determined based on the direction of the ridges. The maximum and the minimum heights of a ridge were determined based on the derived DTM, and heights of the ridge were calculated. The 3D Plant Height Models (PHMs) were generated by subtracting the DTM of 10 June from the DSMs constructed from the image set at each measurement time (10 June, 29 June, 10 August, 5 September, and 15 October). Using the PHM determined, the highest points of individual plants at each measurement time were extracted, and the plant height was determined (Figure 1g). During the experiment periods, actual plant heights of ten consecutive plants in each ridge in different blocks were measured, and also location information of the plants measured was recorded. The highest PHM was measured using ENVI (Esri Japan, Tokyo, Japan) and location information was referenced. The error evaluation was performed by comparing the plant height and ridge height estimated from the models with the actual measured values (Figure 1l).




2.4. Estimation Method of LAI and Dry Matter Weight and Their Accuracy Evaluations


LAI was estimated by a regression model because the vegetative leaf overlapping was significant. It is also difficult to measure the LAI directly because of this overlapping. To obtain LAI estimation, a 3D dense point cloud model with color information (Figure 1c) was converted into a 3D voxel model with color information of 1 cm × 1 cm × 1 cm. The size was determined based on the resolution of 2D images, which was approximately 1 cm × 1 cm. IDL 8.0 software (Harris Geospatial Solutions, Inc., Tokyo, Japan) was used to calculate voxels. For voxel calculation, green points were extracted from dense points cloud data, and the points within the region of interest (ROI) were converted into voxels with the coordinate system of X, Y, and Z axes. The region without any vegetation was treated as a null voxel. The data of the dense point cloud has different or, non-uniform, point density and position coordinates. Therefore, it is not adequate to use such point cloud data to estimate area data. For this reason, after converting dense point cloud data into georeferenced voxel data, the correlation with the area was calculated.



A 1 cm × 1 cm × 1 cm size of the voxel was employed in this study. This is a nice round number often used for UAV based SfM analysis. However, the resolution was slightly smaller than the resolution of PHM, which was derived by the dense point cloud data. Nevertheless, rather than using the dense point cloud data directly, we considered that the utilization of georeferenced data is appropriate to calculate the correlation with the leaf area data. The plant areas (70 < H < 150 and V > 20) were extracted using the HSV color model, and the number of voxels were counted based on a previous publication [41]. Usually, the HSV color system is used to remove green components, since it is difficult to remove green colors using the RGB color system. Then, the regression equation for the LAI was obtained from the voxel count and the actual measurement was determined. The equation was used to determine the correlation and estimation of the LAI (Figure 1h). An accuracy comparison was also performed between the estimation equation obtained from the previous process and the estimation equation obtained by extracting a plant region from a 2D image. Lastly, the correlation between the estimated LAI and the dry weight and yield of the above-ground parts was determined. Then, the estimation equations were calculated (Figure 1l).





3. Results


3.1. Examples of 3D Dense Point Cloud Models of the Sweet Potato Field


Figure 2 shows examples of the top view (a) and side view (b) images of the 3D dense point cloud model with color information for the sweet potato field on 29 June, or 33 DAP. The measurement was made by a UAV from about a 30 m height, with a camera equipped with a 28 mm focal length lens. The effective pixels are about 18 million pixels, and an approximate resolution size was 1 cm × 1 cm. A 3D dense point cloud model was generated from the series of 2D color images obtained with GNSS coordinate data. Sizes of sparse models are from 2,582,260 to 5,902,547 points for 28 mm lens-based data and 2,665,378 to 3,122,074 points for 50 mm lens-based data. Further, sizes of dense cloud models were from 2,516,8884 25,168,884 to 28,818,086 points for 28 mm lens-based data and 34,976,385 to 44,298,887 points for 50 mm lens-based data. The number of points were counted using the Agisoft PhotoScan. The spatial resolutions of 3D models were 1.6 to 1.8 cm/pixel for 28 mm lens-based data and 0.9 to 1.1 cm/pixel for 50 mm lens-based data. The resolution slightly varied each measurement. The maximum average number of voxels was 4514 voxels/m2 for 28 mm lens derived data. Data on 50 mm lens derived data are not available, since the data were not used for voxel construction. The number of voxels was counted using IDL 8.0 (Harris Geospatial Solutions, Inc., Tokyo, Japan).



The red lines in Figure 2a indicate the boundaries of each fertilization block. From the right to the left, S1 is the 0 kg/m2 fertilization block followed by 0.025 (S2), 0.02 (S3), 0.1 (S4), 0.15 (S5), and 0.2 kg/m2 (S6). Red colored circles at both ends of the red line are positions of GCPs (iron columns with 30 cm in height and a diameter of 5 cm with yellow marks at the top). The sweet potato field was surrounded by roads, and trees were abundant in the northeast border. In the field, the ridge was covered with black vinyl sheets for multi-cultivation, and ridges were lined up in the east-west direction. The entire image of the field can be seen from the top view image in Figure 2a. Further, characteristics of the ridges and the sweet potato leaves are evident from the side view image in Figure 2b. At this stage, because the plants have limited growth and are not very leafy, it is easy to perceive the separate plants, ground, and black vinyl sheets. Since distant trees could not be measured, some side portions of the trees are missing from the 3D constructed image. Although not shown here, as the plant leaves grew, the ground surfaces were covered by plants, and by 10 August, all parts of the field were covered with plants. The dark dead leaves increased around 5 September, and the yellow dead leaves became noticeable around 15 October.




3.2. Effects of Plant Area Removal and Filtering Process for the Construction of Ground Surface (DTM)


3.2.1. Effects of Plant Area Removal and Enlargement Filtering


Two-dimensional color image data measured on 10 June were used to generate ground surface (DTM) data, because the data had relatively low plant coverage. Figure 3 shows examples of plant area removal and enlargement filtering (Figure 1b) to construct the ground surface (DTM) data. Dark brown soil and black vinyl sheets were observed in the 2D color image shown in Figure 3a. The 2D color image of Figure 3a was based on threshold values using the HSV color model as described in method 2.3.



A binary image was created based on the vegetated area (white) and non-vegetated area (black) (Figure 3b). Three-dimensional dense point cloud models (Figure 3c–e) were constructed using SfM with the images. Binary images are shown on the top of this figure, the top views of the 3D dense point cloud models are shown in the middle, and images of the side views are shown at the bottom of the figure. Uneven shapes can be seen in the side view image of Figure 3c. This is due to the thresholding process mentioned above with the effects of shadows around plants.



Therefore, the enlargement filter processing was performed for the vegetated areas (white part) to remove the shadows around the plant. Figure 3c is an example of 1 × 1 filtering, Figure 3d is an example of 5 × 5 filtering, and Figure 3e is an example of 15 × 15 filtering.



Figure 4 shows an error comparison between the actual value and the estimated value of the ridge heights obtained from the DTM, which was processed with different sizes of enlargement filters. Note, that in the DTM constructed, the hole caused by the removal of the vegetated area remains. Therefore, an error evaluation of the estimated and actual value of places other than holes was performed. When using the 5 × 5 filter, the error of the ridge height was minimized, and the Root Mean Square Error (RMSE) was 1.44 cm. Filter sizes of less than 5 × 5 did not work well to remove the shadow area around the plants. In the case of filter sizes larger than 5 × 5, the error became large due to the loss of the ground surface accompanying the expansion of the hole.




3.2.2. Effects of Median Filters


The enlargement filtering of the plant area alone leaves holes when constructing the ground surface (DTM). In order to fill such holes, median filters with rectangular N × M, where N is the number of pixels in the direction of the ridge, and M is the number of pixels in the cross-sectional direction of the ridge, were tested. Figure 5a shows an example of a DSM including the plant and the ground surface, which was measured on 10 June (Figure 1f).



Figure 5b shows an example of DTM after 5 × 5 enlargement filter processing, which is shown in Figure 3D. The entire process is shown in Figure 1d. Note that top view images are shown in the upper part, and side view images are shown in the lower part. In Figure 5b, while plants and shadows are completely removed, large holes can be seen in DTMs because of the removal of the plant area and the enlargement filtering process. Figure 5c shows the result of median filtering to fill the holes. Although, median filtering was performed with N = 7 and M = 1, the unevenness of the ground surface could be reduced while leaving the shape of the ridges. Figure 5d is a plant height model (PHM) obtained by subtracting the DTM (Figure 5c) from the DSM (Figure 5a).



Figure 6 shows the errors between the estimated values and the actual measurements of ridge heights (DTM) and plant heights (PHM) due to the difference in size of the N × M median filters applied to the DTM. In these cases, where there is an error in the ride heights (A), the smaller the filter size, the smaller the error. This is because the error evaluation was made without the hole portions. The RMSE was 1.44 cm with a filter size of N = 1 and M = 1. On the other hand, the error of the plant height was the smallest with a filter size of N = 7 and M = 1, with an RMSE of 2.90 cm. This is because the filter size N in the direction of the ridges needs to be a size that would fill the hole, but if it is too large, the shape of the ridges will differ from the actual shapes. For the filter size M, a smaller filter size worked better. Filter size M is defined for the cross-sectional direction of the ridge. The cross-sectional direction of the ridges should have the smallest size, which does not affect the shape rather than the filling effect.





3.3. Error Evaluations of Plant Height Models (PHMs) over the Entire Growth Period


In the previous section, errors between the actual measurements and the estimated values from the plant height model (PHM) derived from 10 June data was described. In this section, the error evaluations of PHMs were performed over the entire growth period (10 June, 29 June, 10 August, 5 September, and 15 September) from the planting of seedlings to the harvest time. PHMs were generated by subtracting the DTM of 10 June from the DSMs of each growing period. Figure 7 shows the measured values versus the estimated values. Figure 7a shows a comparison of the actual measured values versus the PHM constructed values from an image set measured with a 28 mm focal length lens, and Figure 7b shows the result obtained using a 50 mm focal length lens. Approximately 300 points were compared for the 28 mm lens generated data, and about 180 points were compared for the 50 mm lens generated data. In the figures, the horizontal axis (x) shows the actual measurement values, and the vertical axis (y) shows the estimated values from the PHM.



In the case of a lens with a 28 mm focal length, the error with y = x had an RMSE of 3.3 cm, the determination coefficient of the regression equation (y = 0.9335x − 1.1) was R2 = 0.94, and the error with the regression equation had an RMSE of 1.1 cm. When a lens with a 50 mm focal length was used, the error with y = x had an RMSE of 4.1 cm. The determination coefficient of the regression equation (y = 1.0708x − 3.8) was R2 = 0.87, and the error with the regression equation had an RMSE of 1.7 cm, which was larger than the RMSE obtained with a 28 mm focal length lens. The estimated values tended to be slightly lower than the actual values in both lenses. Despite the use of the 10 June DTM, the changes in errors over the entire growth period were relatively small, which indicates that generation of a PHM with high accuracy is possible. Slightly larger errors have been derived from the data measured with a 50 mm focal length lens. This is because the overlap rate of 2D color images was poor due to the UAV’s altitude and flight speed. This may have caused errors when the 3D models were generated by the SfM.




3.4. Estimation of LAI and Error Evaluation


Figure 8 shows the estimated LAI values (x) versus the actual measurement values (y). The estimated LAI values were obtained by counting the number of voxels of the 3D voxel models. The 3D voxel models from each sample area at each growth stage were used. The 3D voxel models used were generated from the image of a 28 mm lens, which obtained satisfactory results in PHMs. Figure 8 also shows the estimated LAI derived from counting the number of plant area pixels in 2D images. The estimated values always underestimated the LAI in both the 2D image and the 3D voxel model. In fact, the ratio of the estimated value to the actual measured value was 1/10, when the leaf area was largest with the LAI of 4.5. This indicates that it is difficult to measure the lower leaves when plants are fully grown, from the aerial images of a UAV, regardless of the 2D or the 3D data. However, the determination coefficient R2 = 0.56 (RMSE = 1237.3 cm2/m2) of the regression equation (y = 4.5251x − 1299.3) determined from the 3D voxel model is better than the determination coefficient R2 = 0.50 (RMSE = 1825.0 cm2/m2), which was calculated by the regression equation (y = 3.0880x + 276.5) determined from the 2D image. Moreover, errors were smaller for the 3D voxel model. This is thought to be due to the fact that the 3D voxel model loses slightly less of the 3D structure of the leaves than the 2D image.




3.5. Relationships Between LAI and Aboveground Dry Matter Weight, and Tuberous Root Yield


Figure 9 shows the relationship between the LAI estimated from the 3D voxel model and the above-ground dry matter weight (stem and leaf). The relationship between the LAI estimated from the 2D image and the above-ground dry matter is also shown in Figure 9. The relationship between the LAI (x) and dry matter weight (y) obtained from the 3D voxel model was y = 0.0593x − 19.7 (R2 = 0.63, RMSE = 86.1 g/m2). Similarly, y = 0.0380x + 15.7 (R2 = 0.49, RMSE = 99.6 g/m2) was obtained using the 2D image data. The 3D voxel model showed a better coefficient of determination and a smaller error.



Table 1 shows the relationship between the estimated LAI using 2D images of each growth period and the dry matter weight of tuberous roots harvested on 15 October.



Similarly, Table 2 shows the relationship between the estimated LAI using 3D voxel models and dry matter weight of tuberous roots.



Regardless of the 2D image or the 3D voxel model-based estimations, the best determination coefficient R2 and the minimum RMSE were obtained from the data derived on 29 June. Also, by comparison, better results were obtained from the 3D voxel model than the 2D image. In the case of the data derived from 29 June, the 3D voxel model showed R2 = 0.69, and RMSE = 125.7 g/m2, while the 2D image showed R2 = 0.55, RMSE = 152.0 g/m2. This is thought to be due to the fact that the estimation accuracy of the LAI is reduced when the plants are fully grown, and, as a result, the accuracy of the yield prediction is decreased. This result showed that a relatively accurate estimation of the tuberous root yield y (g/m2) can be made based on the regression equation of y = 0.2281x + 51.5 from the LAI x (cm2/m2) obtained from the 3D voxel model on 29 June at the early growth stage.





4. Discussion


In this research, the SfM method, a passive method to construct a 3D model from a series of 2D color images taken with a consumer grade single-lens reflex camera mounted on a UAV, was utilized to generate 3D models of ground surfaces and plant communities. Sweet potato fields cultivated on a ridge (after planting the seedlings) were used for this study. Further, methods to estimate changes in growth parameters, such as plant height, LAI, biomass, and tuberous root yield, were examined. Errors of such parameters were also evaluated. In general, in agricultural fields, the ground surface is not always flat, as in the case of ridge cultivation. It is often difficult to observe the ground surface before plant growth because crop cultivation would be started right after shaping the ridges.



For this reason, first, the removal processes of plant areas and their shadow areas using the HSV color model were examined at the early stages of growth. Then, construction of a 3D ground surface model (DTM) with high accuracy was examined. When only the plant area was removed, then the data obtained had significant errors. In addition to the holes created by the removal of the plants, uneven shapes remained that were considered to be effects of shadows. Therefore, in order to remove the influence of such shadows, enlargement filter processes from 1 × 1 pixels to 15 × 15 pixels were performed to enlarge the holes from the shadows of the plant area in the 2D color images (Figure 3). As a result, the 5 × 5 enlargement filter was the most effective, and its expansion width was about 2.5 cm. The results showed that it is important to remove the shadow effect and to use an appropriately sized hole enlargement filter that will not affect the unevenness of the ridges. Then, it is necessary to fill the holes created by the process mentioned above. However, in order to build an accurate DTM of rough surfaces such as ridges, it is necessary to use a special hole-filling filter. In this study, rectangular median filters, which have a larger size in the direction of the ridge (N × M), were used. The result showed that the error is the smallest at a filter size of N = 7 and M = 1. The error in plant height had an RMSE of 2.90 cm. This means that the filter size N in the ridge direction needs to be a size that fills the hole (approximately 7 cm). If the size of the filter is too large, the shape of the ridges will differ from the actual shape. Therefore, it has been found that the cross-sectional direction of the ridges should be of the smallest size, which does not affect the shape rather than the filling effect. When the error evaluation for holes was performed, since holes could not be measured, RMSE was approximately 1.44 cm. In terms of the error factor for plant height, the error was large with an RMSE of 3.3 cm, and there was a tendency to underestimate. This is thought to be because the sharp unevenness on the top of the plant height model cannot be sufficiently reproduced. In addition, there was a ground surface RMSE estimation of about 1.44 cm. Therefore, the tip of the plants was removed from the model, which caused an underestimation in plant height. Plant heights derived from a 28 mm focal length lens showed a 0.8 cm better RMSE result, while plant heights derived from a 50 mm focal length lens showed an RMSE of 4.1 cm. Theoretically, a higher accuracy can be expected with the 50 mm lens, since the spatial resolution of the 50 mm lens is about 0.5 cm, while that of the 28 mm lens is about 0.8 cm. The SfM usually requires an overlap of nine or more images. Since the angular field of view of a 50 mm lens was smaller, only an insufficient number of overlapped images could be obtained in this measurement. The number of overlapped images necessary is determined by the angular field of view, the shooting interval, flight altitude, flight path, flight speed, and the shooting time, among other conditions. Therefore, it is important to take measurements considering such parameters, as well as the processing time of the SfM.



Although the methods used were different from the procedure studied in this research, there have been some reports on the construction of 3D DSMs with plants and ground surfaces, and ground surface DTMs based on the 3D dense point cloud models derived by UAV-SfM. Further, the plant height models, or PHMs, have been discussed, and the accuracy of such PHMs has been examined.



For the forest research, Dandois and Ellis [20] conducted research on mixed forests (which were dominated by American beech, oak, and hickory) and other types of forests. The plant height observed in their study varied from approximately 9 to 43 m. Noise reduction was applied to the point cloud models using the rectangular median filter. Then, DSM and DTM were estimated, which resulted in RMSEs of plant height estimation from 390 to 1090 cm.



Diaz-Varela et al. [19] conducted a study on olive trees with canopy heights of 2 to approximately 3.5 m. They reported errors in estimation of plant heights in RMSE from 10 to 45 cm. In this study a circular region of 2 m was used to calculate the ground reference height as minimum DSM values. Teng et al. [32] studied Japanese Larch trees with plant heights between 12 to 14 m. They reported that when DSMs and DTMs are constructed by using the IDW method for 3D dense point cloud models, the error estimation is an RMSE of 47 cm.



For field crops, Holman et al. [21] studied wheat with crop heights between 0.5 to 1.2 m. Crop heights were calculated by subtracting the Digital Elevation Model (DEM) from the DSM. Then, they concluded that an RMSE of 7.0 cm or better can be expected for crop height estimation.



Research on trees and crops have been conducted on relatively flat ground surfaces. However, some crops can be grown using uneven ground surfaces, such as with ridge cultivation. It takes a relatively short time from shaping ridges to planting. Therefore, it is necessary to generate the DTM with uneven ground surfaces while crops are being cultivated. Kim et al. [22] conducted research on Chinese cabbage and white radish with crop heights of 0.05 to 0.45 m under ridge cultivation. By using DTMs that were generated before the cultivation and DSMs during the cultivation, plant heights were evaluated. The authors reported the coefficient of determination (R2) of the regression lines based on the actual values and estimated plant heights. The coefficient of determinations (R2) was 0.95 for Chinese cabbage and 0.91 for white radish. However, they did not provide the RMSE of the plant height. further, they did not discuss the accuracy estimation of the ridge height.



In this research, using sweet potatoes in ridge cultivation, a method was developed to generate the DTM with an RMSE of approximately 1.44 cm for the uneven ground surfaces at the early growing stage. Further, accurate plant heights can be estimated, with an RMSE of 3.3 cm for the entire cultivation period with plant heights between 0.03 to 0.45 m.



Even though the DTM was constructed from point cloud data during the cultivation period, and the DTM was created for ridge cultivation with uneven surfaces, highly accurate DTM and PHM was able to be generated in comparison to the previous research.



There are only a few studies that focus on the accuracy assessment of leaf area and biomass estimation using 3D dense point cloud models derived by UAV-SfM. Mathews & Jensen [23] conducted research on the LAI estimation of a vineyard. They used a vineyard with an observed LAI between 0.5 to 5.5. Point extractions were made using rectangles sized 1 m × 2 m, centered on sample vine trunk locations. Then, point cloud heights between 0.3 m and 2.3 m were used for the calculation. Subsequently, the regression line was based on the actual values, and the estimated values of the leaf area were calculated. The results showed that the estimation of errors for LAI were an R2 of 0.57 and an RMSE of 0.236.



Sweet potato cultivation with a LAI between 0.1 to 4.5 was used in this study. Vegetated areas were extracted by color index. Further, the data were converted into the voxel model of 1 cm × 1 cm × 1 cm, and the number of voxels in the plant area was counted. The results showed an R2 of 0.56 and an RMSE of 0.123. These results are comparable with the results of Mathews and Jensen [23].



Regarding the above-ground biomass, Bendig et al. [30] conducted a research on summer barley when the above-ground dry biomass was 30–2700 g/m2. Plant height crop surface models (CSMs) were constructed from point cloud models. Then regression models were used to estimate the dry biomass. Regression models were calculated using the estimated and observed dry biomass. As a result, the estimation errors of above-ground dry biomass were an R2 of 0.39 to 0.68, and an RMSE of 420 to 830 g/m2.



Further, Kim et al. [22] estimated the above-ground biomass (fresh weight) using PHMs. The PHMs were calculated to subtract the DTM before planting from the DSM. Then, the regression equation between the PHM and the measured values was obtained. The models were constructed when the above-ground biomass (fresh weight) of white radish and Chinese cabbage was 0 to 530 g/m2 and 0 to 1300 g/m2, respectively. They reported that R2 was 0.83 in white radish, and the R2 of Chinese cabbage was 0.89. However, the RMSE was not reported in the paper.



This kind of study could be useful for the prediction of harvest weight. Potential predications based on the early stage of plant growth might be possible since a better R2 and RMSE was obtained on 33 DAP and 75 DAP. It would be also useful for the optimization of farm management (i.e., the management of nutrients and water) and also the construction of 3D map of farms.



Since there is a relationship between LAI and plant canopy reflectance, this kind of research could be useful for such a study. The measurement of LAIs using UAV-SfM was discussed in this study. Similarly, the measurement of canopy reflectance using UAV has been discussed in Fang et al. (2016). UAV-SfM derived data could provide useful methods to feed data, such as LAI and other plant characteristic data, into canopy reluctance models, and to generate other plant canopy related information.



In our study, when the above-ground biomass (dry matter weight) was 2 to 470 g/m2, the regression equations for the LAIs were derived from the voxel models, and dry matter weight was calculated. Results showed an R2 of 0.63, and an RMSE of 86.1 g/m2.



To date, no research has been reported on the estimation of below ground biomass and yields. In this research, the yield of tuberous roots was estimated by the regression equation for estimated LAI and the actual tuberous root yields. The actual yields (dry matter weight) of tuberous root were 109 to 722 g. The LAI was estimated based on the 3D voxel model derived by the data obtained from 29 June (33 DAP). The accuracies of the estimation were an R2 of 0.69 and an RMSE of 125.7 g/m. Sweet potatoes were grown in the ridge cultivation at an experimental farm. Different amounts of nitrogen fertilization were applied to diversity biomass production, and 3D dense point cloud models were constructed from a series of 2D color images measured by UAV-SfM.




5. Conclusions


In this study, methods to construct 3D models, DSM, DTM, and PHM, were proposed. Although it was in the early stage of cultivation, a complex ground surface model of ridge cultivation with vegetation was generated, and the uneven ground surface could be estimated with an accuracy of 1.4 cm, and the accuracy of the estimated plant height was 3.3 cm.



After extracting point cloud models of sweet potato plants from dense point cloud models using a color index, voxel models were generated. Then, LAIs were estimated using a regression model with an accuracy RMSE of 0.123. Further, regression models to estimate above-ground and below-ground biomass, or tuberous root weights, based on estimated LAI data, were proposed.



Though this method has an issue with computation time, the UAV-SfM is a relatively inexpensive and highly accurate 3D model generation method among remote sensing technologies. In the future, improvements in computer performance can be expected. Further, by using cameras with higher resolution, as well as thermal and hyperspectral cameras, 3D integrated remote sensing technologies could be utilized for smart agriculture.
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Figure 1. Workflow chart of sweet potato plant modeling from images taken by UAV. 
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Figure 2. The dense point cloud model based on 33 days after planting (DAP). (a) Top view; (b) side view. 






Figure 2. The dense point cloud model based on 33 days after planting (DAP). (a) Top view; (b) side view.



[image: Remotesensing 11 01487 g002]







[image: Remotesensing 11 01487 g003 550]





Figure 3. Examples of plant area removal and enlargement filtering. (a) 2D images; (b) Images after plant removal process; (c) 1 × 1 enlargement filtered data; (d) 5 × 5 enlargement filtered data; (e) 15 × 15 enlargement filtered data. 
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Figure 4. Root mean square error (RMSE) of ridge height produced from 3D models computed using different sizes of enlargement filters. 
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Figure 5. The steps of DTM and PHM generation in ridge cultivation. (a) DSM; (b) DTM after 5 × 5 enlargement filter process; (c) DTM smoothed by 7 × 1 rectangular median filter; (d) PHM generated from a–c. 
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Figure 6. RMSE of height from 3D models computed by the different sizes of median filters derived from data on 14 DAP. (a) Ridge; (b) plant. 
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Figure 7. The Measured versus estimated values of sweet potato plant heights during different growth periods; (a) 28 mm lens derived data; (b) 50 mm lens derived data. 
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Figure 8. The comparison of sweet potato unmanned aerial vehicle (LAI) between measured and estimated values. 
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Figure 9. The comparison of sweet potato dry weight of stem and leaf versus estimated LAI. 
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Table 1. The comparison of sweet potato dry weight and estimated LAI based on 2D images.
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From 2D Image




	
Date (DAP)

	
Regression Line

	
R2

	
RMSE (g/m2)






	
10 JUN (14)

	
y = 0.9148x + 88.7

	
0.20

	
326.2




	
29 JUN (33)

	
y = 0.1792x + 94.7

	
0.55

	
152.0




	
10 AUG (75)

	
y = 0.0980x − 194.9

	
0.27

	
176.9




	
05 SEP (101)

	
y = 0.1046x − 75.8

	
0.39

	
247.4




	
15 OCT (141)

	
y = 0.1343x − 252.9

	
0.36

	
185.4
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Table 2. The comparison of sweet potato dry weight and estimated LAI based on 3D models.
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From 3D Image




	
Date (DAP)

	
Regression Line

	
R2

	
RMSE (g/m2)






	
10 JUN (14)

	
y = 0.7582x + 144.5

	
0.15

	
208.9




	
29 JUN (33)

	
y = 0.2281x + 51.5

	
0.69

	
125.7




	
10 AUG (75)

	
y = 0.1942x − 405.7

	
0.64

	
135.3




	
05 SEP (101)

	
y = 0.3909x − 1388.0

	
0.52

	
157.2




	
15 OCT (141)

	
y = 0.2765x − 546.2

	
0.43

	
219.3
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