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15 Abstract: UAS-based multi-spectral imagery is becoming increasingly popular for the improved
16 monitoring and managing of various horticultural crops. However, for UAS data to be used as an
17 industry standard for assessing tree structure and condition as well as production parameters, it is
18 imperative that the appropriate data collection and pre-processing protocols are established to
19 enable multi-temporal comparison. There are several UAS-based radiometric correction methods
20 commonly used for precision agricultural purposes. However, their relative accuracies have not
21 been assessed for data acquired in complex horticultural environments. This study assessed the
22 variations in estimated surface reflectance values of different radiometric corrections applied to
23 multi-spectral UAS imagery acquired in both avocado and banana orchards. We found that
24 inaccurate calibration panel measurements, inaccurate signal-to-reflectance conversion, and high
25 variation in geometry between illumination, surface, and sensor viewing produced significant
26 radiometric variations in at-surface reflectance estimates. Potential solutions to address these
27 limitations included appropriate panel deployment, site-specific sensor calibration, and appropriate
28 BRDF correction. Future UAS based horticultural crop monitoring can benefit from the proposed
29 solutions to radiometric corrections to ensure they are using comparable image-based maps of

30 multi-temporal biophysical properties.

31 Keywords: UAS; multi-spectral imagery; radiometric correction; BRDF; horticulture

32

33 1. Introduction

34 UAS-based multi-spectral imagery is becoming commonly used for monitoring and managing
35  horticultural crops [1-6]. One of the final products from common commercially available image
36  processing applications is an ortho-rectified mosaic with digital number values [5-7]. Although such
37  images are sufficient for some types of classification [6-8], the digital numbers only represent the
38  relative brightness range of the ground features and cannot be used to extract consistent information
39  onbiophysical properties, derive calibrated vegetation indices or be used to compare multi-temporal
40  datasets. Therefore, the orthomosaic imagery needs to be converted from digital number to
41 normalised at-surface reflectance [8,9].

42 In past studies, one of the most common ways to correct the imagery from digital numbers to
43 at-surface reflectance has been the simplified empirical approach [4,10,11]. The idea of the empirical
44 method is to identify the relationship between known reflectance targets within the extent of an
45  image to their measured digital number. The best-fit equation produced from this relationship is then
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46  used to convert all digital numbers within the image to at-surface reflectance values. A novel
47  correction method to generate an orthomosaiced reflectance image directly without the need for an
48  empirical correction has been developed in recent years for calibrating Parrot Sequoia® (Parrot Drone
49  SAS, Paris, Frence) and MicaSense RedEdge® (MicaSense Inc, Seattle, USA) multi-spectral imagery.
50  The function in the Pix4dDMapper software (Pix4D S.A., Lucerne, Switzerland) is called ‘reflectance
51  map’ while a similar function is called ‘calibrate reflectance” in Agisoft PhotoScan Pro (Agisoft LLC,
52 St. Petersburg, Russia), which uses several photograph parameters to calculate reflectance [12]. In
53 terms of correcting for variations in illumination, software packages such as Agisoft PhotoScan Pro
54  and Pix4DMapper provide ‘colour correction/balancing’ features to implement the image-
55  information-based radiometric block adjustment algorithm. Yet such algorithms only consider the
56  homogeneity of adjacent images” histogram regardless of the Bidirectional Reflectance Distribution
57  Function (BRDF) effect within a single image. Moreover, studies have also stated that irradiance
58  normalisation and BRDF correction are essential for time-series applications and estimation of
59  biophysical properties [13,14], yet they are not included features in any commercial UAS processing
60  software packages.

61 Another issue that has not been addressed in UAS image-based radiometric correction is
62  selection of the most robust normalisation process. Traditionally, various parameters are considered
63  for normalisation when processing satellite images, including solar, topographic, and viewing
64  geometries and Sun-Earth distance [8]. As for aerial imagery, the increasing spatial resolution and
65  smaller frame size can cause a higher spectral variance in features information, especially in complex
66  forest environments [15-17]. The increasing spatial resolution amplifies observed topographic and
67  BRDEF effects within and between image scenes, as the non-uniformity of natural surfaces becomes
68  more obvious at finer scales [16,17]. When coupled with increased variability in measured spectral
69  reflectance observed at smaller pixel sizes, this creates a substantive problem for effective radiometric
70 normalisation. In a highly dynamic platform such as UAS, ineffective normalisation may cause the
71  databeing not comparable in multi-temporal domain.

72 This study assesses radiometric correction algorithms for UAS imagery provided from
73 commercially available software packages. The application of BRDF corrections are also investigated.
74 While radiometric correction approaches of satellite and airborne imagery are well established, there
75  isasignificant lack of protocols and comparison of methods for radiometrically correcting UAS-based
76  imagery. Our research addresses this gap in knowledge with specific focus on horticultural
77  environments.

78 2. Materials and Methods
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79 Figure 1 Study sites: (a) Avocado orchard in Bundaberg, (b) banana orchard in Wamuran.
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81 2.1 Study sites

82 The two study sites were located in Queensland, Australia. The avocado orchard was located to
83  thesouth of Bundaberg, which is one of the main avocado producing regions of Australia. The banana
84  plantation was located in Wamuran in the Sunshine Coast hinterland of South East Queensland. The
85  UAV based focus areas encompassed 1 and 0.5 ha patches of the avocado and banana orchards,
86  respectively (Figure 1). The average elevation for the avocado orchard was around 60 m above sea
87  level, relatively flat terrain with an average slope of 4 degrees. The banana plantation was located on
88  ahill slope with an elevation varying from 113 m to 170 m above sea level and an average slope of 21
89  degrees.

90  2.2. UAS data acquisition

91 Five UAS flight datasets, including three for the avocado orchard and two for the banana

92  orchard, were captured with a Parrot Sequoia multi-spectral camera mounted on a 3DR Solo (3D

93  Robotics, Berkeley, USA) quadcopter under clear sky conditions. The camera acquires imagery in the

94  green (550 nm, 40 nm bandwidth), red (660 nm, 40 nm bandwidth), red edge (735 nm, 10 nm

95  bandwidth), and NIR (790 nm, 40 nm bandwidth) part of the spectrum with its 4.8 x 3.6 mm (1280 x

96 960 pixels) CMOS sensor. The camera is also fitted with an upward-facing irradiance sensor with the

97  same spectral bands. The sensor can measure the arbitrary incoming irradiance for each image frame

98  so that the irradiance measurement can be used for radiometric normalisation.

99 The image acquisition of the avocado trees was conducted using an established flight grid
100  pattern, which included both along- and across- tree-row flight directions. The first flight was
101 conducted at 75 m AGL on 2 Feb 2017 between 2:11-2:25 PM (60° solar elevation); the second flight
102 was at 100 m AGL on 3 Feb 2017 between 12:46-12:59 PM (80° solar elevation); and the third flight
103 was at 50 m AGL on 5 Feb 2017 between 12:34-12:40 PM (80° solar elevation).

104 The banana plantation in Wamuran is located in hilly terrain. Therefore, the flight pattern had
105  to follow the direction perpendicular to the slope aspect to ensure safety and data quality. A 1 m
106  DEM was used to design the flight plan to ensure the flight height was maintained at approximately
107 50 m AGL for each camera waypoint. We used the data from two flights, which were collected
108  between 11:37-11:44 AM and between 12:11-12:17 PM on 4 Apr 2018. The sun elevation for both flights
109  was approximately 57°. The rest of the flight settings were the same for both the avocado and banana
110 orchard, i.e. an 80% sidelap, 1-second image capture interval (>85% forward overlap), and 5 m/s flight

111 speed.
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113 Figure 2 Measured spectral reflectance of the eight greyscale radiometric calibration panels,
114 corresponding with the four Parrot Sequoia® multi-spectral bands using a handheld ASD visible-NIR
115 range spectrometer.
116 For every dataset, 10 AeroPoints® (Propeller Aerobotics Pty Ltd, Surry Hills, Australia) were

117  deployed as ground control points (GCPs). The locations of the AeroPoints were recorded for five
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118  hours and subsequently post-processed using the Propeller® network correction based on the nearest
119  base station, located within 26 and 11 km of the Bundaberg and Wamuram study sites, respectively.
120 Eight radiometric calibration panels with greyscales ranging from black to white were deployed,
121  following the method suggested by [4] and [10]. The reflectance of the calibration panels varied from
122 4% to 92% in all spectral bands (Error! Reference source not found.). For the banana datasets only, a
123 MicaSense® calibration panel was used to acquire calibration images for the Parrot Sequoia® camera.

124 2.3. Image pre-processing

125 2.3.1 Geometric correction and initial pre-processing

126 Agisoft PhotoScan Pro and Pix4DMapper were used to process the multi-spectral UAS data with
127  the addition of in-house Python scripts. For photo alignment, a limit of 10000 tie points was used
128  with the measured GCPs, derived from the AeroPoint® centres, imported to geometrically calibrate
129 theimages. The geo-referencing errors were 0.07 m, 0.11 m, and 0.02 m for the three avocado datasets,
130  and 0.01 m for both banana datasets, respectively, based on the bundle-adjustment error assessment
131  report [18]. For the Agisoft PhotoScan Pro, a noise filter was applied during point cloud generation,
132 while for Pix4dDMapper the noise filter was applied during the derivation of Digital Surface Model
133 (DSM). Mild filtering (or sharp smoothening) was used in both workflows to preserve as much detail
134 aspossible of the tree crown structure. The final step was to ortho-rectify the image pixels to the DSM
135  and create a mosaic. In Pix4dDMapper a vignetting polynomial was used, while for Agisoft PhotoScan
136  Pro, a distance to the surface model was developed for every pixel to simulate the radiant attenuation
137  for vignetting correction [19-21]. The two software packages use different projection algorithms to
138  project pixels to the DSM. The orthomosaics from Agisoft PhotoScan look closer to the original
139  images, while the orthomosaics from Pix4DMapper often appear with a halo effect around the
140  perimeter of tall features, e.g. trees, caused by the ortho-rectification process (Figure 3). By default,
141  Pix4DMapper produces the orthomosaic with colour-balancing enabled, while Agisoft PhotoScan
142 Pro did not have a function to balance brightness until version 1.3 as an optional calibration.

143 Figure 3 The appearance of the same avocado tree between (a) an original image; and the
144 orthomosaics derived from (b) Agisoft PhotoScan and (c) Pix4DMapper. Although the avocado tree
145 looks similar in a-c, the halo effect surrounding the tree in (c) is visible.

146  2.3.2 Producing analysis ready data

147 At-surface reflectance images were generated for each band for all datasets with four types of
148  correction methods:

149 1. Simplified empirical correction;

150 2. Colour balancing before empirical correction;

151 3. Irradiance normalisation before empirical correction; and

152 4. Sensor-information based calibration.

153 The empirical correction in methods 1 to 3 was achieved using an in-house Python script to

154  convert DN values to at-surface reflectance from the orthomosaic products based on the radiometric
155  calibration panels. This processing workflow produced a total of 144 (4 correction methods x 3 flight
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156  patterns x 3 flights x 4 spectral bands) and 32 (4 correction methods x 2 flights x 4 x spectral bands)
157  corrected images from each avocado and banana dataset, respectively. The reason we didn’t apply
158  irradiance normalisation to the banana data is due to the unstable performance on the avocado data,
159  which will be discussed in the discussion section later. The conceptual workflow of the radiometric
160  correction process is shown in Figure 4.
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162 Figure 4 Conceptual workflow of the radiometric correction methods.

163 For method 1, Agisoft PhotoScan Pro was used to produce the orthomosaic with DN values. Its
164  mosaic blending mode calculates weight for each match pixel and gives the pixel which projection
165  vector is closest to the planar normal vector the highest weight. [22]. Blended digital numbers were
166  automatically adjusted based on the camera dark current and sensitivity.

167 For method 2, we created a colour-balanced orthomosaic with DN values for the avocado data
168  using Pix4DMapper and for the banana data using Agisoft PhotoScan Pro. This was because the
169  colour-balancing feature was not included in the Agisoft PhotoScan Pro software at the time of
170  processing the avocado data and we would like to keep the trees in the mosaic as similar to the
171  original images as possible (see Figure 3). Nevertheless, these two software packages use the same
172 algorithm for this task so similar pixel value patterns were observed. The algorithm generated the
173 new DN value of object point k in image j based on the equation:

DNjk = areljDNik + brelj 1

174 where DNy, is the DN value of object point k in adjacent image i; Qret; and by, are the applied

175  coefficients to the reference image to ensure that the overlapping images are radiometrically
176  homogeneous.

177 For method 3, an in-house Python code was used to extract the irradiance measurements
178  recorded by the irradiance sensor and stored in the image metadata to normalise all raw images using
179  theimage with the lowest irradiance as the reference to avoid DN saturation. It adjusted the DN value
180  based on a multiplier coefficient:

G = Erer W)/ E; (D) @)

181 where E,.r(1) is the irradiance measured in the reference image and E;() is the irradiance
182 measured in image j. By multiplying the DN value in image j with C;(4), image j can be assigned the
183  same irradiance level as the reference image. Afterwards, the irradiance-normalised images were
184  imported into Agisoft PhotoScan Pro to create the irradiance-normalised orthomosaic.

185 For method 4, we generated the reflectance image directly based on the equation:

(DN - B)ar (3)

=Kf?— -
P f (Aey + O)Count
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186 where p is the reflectance, K is an unknown arbitrary number; f is the camera f-number, ¢ is the
187 exposure time in seconds, y is the ISO value; A, B, and C are calibration coefficients which are
188 recorded in the metadata. Count, G, and I are parameters of the irradiance sensor, which represent
189  arbitrary irradiance level, gain, and exposure time in seconds respectively. When processing, users
190  can choose whether to enable irradiance input for such calculation. If there is no irradiance
191  measurement or the irradiance measurement input was disabled in the software, the irradiance level
192 isthen assumed the same across all images. To get K, at least one known reflectance target is required
193 within the image to solve the arbitrariness. Otherwise, the calculated reflectance would be in an
194  arbitrary reflectance without normalisation. This equation can also be applied when there is no
195  irradiance measurement. In this case, it is based on the assumption that the irradiance was a constant
196  that can be part of K. If neither importing irradiance measurements nor solving K in equation (3), the
197  calculated p would be surface radiance in an arbitrary unit, which is linearly correlated with
198  Wsr~'m™2. This method is relatively novel for UAS image processing but very similar to the
199  conventional way of processing satellite imagery [8]. Equation (3) was applied to convert both
200  avocado and banana datasets to at-surface reflectance. At-surface radiance images were produced for
201  the banana data only. It should be noted that equation (3) can only be applied to Parrot Sequoia
202  products because different sensors use different conversion equations.

203 2.3.3 Correcting for Solar and Viewing Geometries Within and Between Images — Bidirectional
204  Reflectance Distribution Function (BRDF)

205 Previous studies suggest that BRDF correction increases the brightness homogeneity of the
206  mosaiced images for crop fields [13,14]. To address this we implemented a BRDF correction using the
207  Walthal model [23] with an in-house Python script as a plugin of Agisoft PhotoScan Pro. For each
208  pixel, it is assumed we can back-calculate their spatial location accurately as well as their projection
209  on the earth after optimising camera positions and orientations with the aid of GCPs. Based on the
210  known solar ephemeris, we can calculate the solar zenith and azimuth angles at a specific date and
211  time for every pixel. Sensor view zenith and azimuth angles were calculated using the projection
212 vectors from the camera centre to each pixel, then transform the vectors from the camera coordinates
213 to the world coordinate system. With the known illumination and viewing angles, we can then use
214 the parameters to solve a Walthal BRDF model using tie points as multiple observations. The Walthal
215  BRDF model is described as:

r = abZ + bo, cos(p, — ¢;) + ¢ 4)

216 where ris the reflectance, 6, is the viewing zenith angle, ¢, is the viewing azimuth angle, ¢; is the
217 sun azimuth angle; and a4, b, and c are the coefficients of the multivariate linear regression. We can
218  calculate the nadir reflectance for the tie points by calculating the ¢ value. In a horticultural
219  environment, it is assumed there are usually two features on the ground: soil and vegetation.
220  Therefore, we solved the Gaussian mixture model for each image and predicted which feature each
221  pixel belonged to based on its DN value. The linear regression for each feature in each image based
222 on the tie points’ BRDF models was then calculated. By predicting which feature each pixel belonged
223 to, arespective linear regression was applied to calculate the nadir reflectance for every pixel. For the
224  avocado data, the BRDF correction was only applied to the generated orthomosaic with colour-
225  balancing (method 2), following the recommendation of previously reported studies [13,14].
226  However, the BRDF correction algorithm was applied to the banana data with the sensor-
227  information-based calibration (method 4), to explore a workflow which is similar to how at-surface
228  reflectance is obtained from satellite imagery.

229  2.4. Assessment of canopy reflectance consistency

230 If it is possible to correct both internal and external errors due to canopy geometry and image
231  orientation, then it should be possible to achieve similar results from the measurements which are
232 conducted at the same time for the same features [16,24-26]. In other words, if a correction algorithm
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233 works properly, the corrected images from the temporally near-coincident datasets should provide
234 consistent surface reflectance regardless of the variation in acquisition parameters.

235 It was difficult to guarantee that the distribution of pixel values would be similar in the same
236  area from different datasets, due to the variations in observation perspectives among different flights
237  caused by differences in flying height, speed and flying pattern. However, we can still compare the
238  datasets’ similarity in terms of calibrated pixel values using methods relying on simple statistical
239  values such as box-and-whisker comparison. We compared the medians and interquartile range (IRQ)
240  between two datasets to determine the likelihood of difference at the scale of objects, i.e. individual
241  trees and patches of bare ground. If the two datasets did not have overlapping IRQs, we can
242 confidently say that the two datasets are significantly different. If the IRQs are overlapping, then we
243 can use the fraction of difference between medians (DBM) over overall visible spread (OVS) to
244 determine whether there is a difference between two datasets. As C.J.Wild, et al. [27] suggested, the
245  critical fraction to identify the difference of DBM/OVS are stated as follow:

246 1.  For a sample size of 30, if this fraction is over 33%, there tends to be a difference.
247 2. For a sample size of 100, if this fraction is over 20%, there tends to be a difference.
248 3. For a sample size of 1000, if this fraction is over 10%, there tends to be a difference.

249 In this case the sample size is the pixel counts of the selected objects in the images. Based on the
250  sample size and fraction values provided by [27], the critical fraction for the sample size between
251  these provided numbers can be derived using the exponential relationship between the fraction
252 criterion and the natural logarithm of the sample size as:

critical fraction = 2.6104 X (In(sample size))~1:686 (5)

253 This equation can help to determine the critical fraction for samples which have less than 1000
254  samples. Once the sample size reaches 1000, 10% is enough to determine that there tends to be a
255  difference between two datasets. If the calculated DBM/OVS fraction had not exceeded the respective
256  critical fraction, we concluded that there was no significant difference between the different input
257 data. Thus, the estimated reflectance for selected feature was consistent between the datasets.

258 For the avocado data, we visually delineated the inner part of tree crowns for 17 selected trees
259  and 15 ground areas and compared them between the images which were corrected with the same
260  correction method from different flight patterns of the same flight. For the banana data, 15 trees and
261 10 ground areas were selected for the comparison between the images with the same correction
262  method applied for the two datasets (Error! Reference source not found.). The delineated areas were
263  saved as ESRI shapefiles and then batch processed using an in-house Python scripts for zonal
264  statistics and to save the results to Microsoft Excel files for further analysis.
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265 Figure 5 Selected trees and ground areas for both avocado (a) and banana (b) sites for box-and-
266 whisker comparison
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267  3.Results

268 In this section, we present the results of the calibrated reflectance consistency assessment with
269  object-based box-and-whisker comparison for the avocado images. The box-and-whisker comparison
270  results for the banana images will subsequently be presented. It should be highlighted that the
271  analysis results in this section show the consistency of the calibrated reflectance rather than the
272 absolute accuracy compared to other spectral measurements.

273 3.1. Reflectance consistency assessment of avocado imagery
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274 Figure 6 Consistency rate derived from box-and-whisker comparison for (a) canopy areas and (b)
275 ground patches of avocado datasets. It only shows the lowest consistency rates among the three
276 datasets because box-and-whisker comparison was only applicable on two datasets at a time. It shows
277 that no method provided overall robust correction, while the consistency in the red edge and NIR
278 bands is generally higher than in the green and red bands.
279 Error! Reference source not found.Figure 6 shows the consistency rate of the calibrated

280  reflectance for the 17 selected tree canopies and 15 selected ground patches. Detailed comparison for
281  tree canopies and ground areas can be found in Table A 1 to Table A 3 and Table A 4 to Table A 6
282  respectively. From Figure 6Error! Reference source not found. we can tell that the reflectance
283  consistency was much better for the canopy areas than the ground areas. Datasets 1, 2, and 3 have
284  above ground flight altitudes of 75 m, 100 m, and 50 m, and solar elevation of approximately 60°, 80°,
285  and 80° respectively. As mentioned before, we compared the sub-datasets which were the data with
286  different flight patterns from the same flight. Therefore, since the tree canopy biophysical conditions
287  did not change much during one flight, a high consistency percentage across all flight patterns was
288  expected if a correction method was optimal. It is noted that the consistency rates of the red edge and
289  NIR bands are mostly moderate and higher than the green and red bands, especially using the
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290  empirical-correction-based methods. However, it seems that no correction method provided an
291  overall high consistency percentage for all bands in all datasets in this presented experiment. There
292  is no correction method that provided consistently corrected reflectance values even for the canopy
293  areas for dataset 3. The performance of colour-balancing and irradiance normalisation was not stable.
294  Both of them increased the consistency rate in some of the datasets while decreased at the others.

295  3.2. Correction consistency assessment of banana imagery

296 Figure 7 shows the consistency rate of the radiometrically calibrated values between two
297  temporally close datasets for the 15 selected tree canopies and 10 selected ground patches. Detailed
298  information can be found in Table B 1Error! Reference source not found.. From Figure 7, we can tell
299  that the calibrated values of canopies were more consistent than those for the ground areas, except
300  for the NIR band using the simplified empirical correction. The consistency rates for the canopies in
301  thered edge and NIR bands were generally higher than those for the green and red bands when the
302  images were corrected with the empirical-correction-based method. It is noted that although the
303  reflectance consistency rate was poor in the sensor-information-based calibration, the calibrated
304  arbitrary radiance provided the highest consistency for the green and red bands.
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Method 4b: sensor-information-based calibration to arbitrary surface radiance

b Ground

o
[=R=)

Consistency rate (%)
58888

green red red edge NIR

o

B Method 1:  empirical correction
m Method 2:  colour-balancing + empirical cerrection
m Method 4a: sensor-information-based calibration without irradiance input

Method 4b: sensor-information-based calibration to arbitrary surface radiance

305 Figure 7 Consistency rate derived from box-and-whisker comparison for (a) canopy areas and (b)
306 ground patches of banana datasets. The flight height is the same as avocado dataset 3 but the corrected
307 values consistency is higher. The empirical-correction-based method provided higher consistency in
308 red edge and NIR bands while sensor-information-based calibration provided higher consistency in

309 green and red bands on canopies.
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310  3.3. BRDF correction consistency assessment

311 Figure 8 shows the estimated BRDF models for both canopy and ground features for an avocado
312 orchard image in the NIR band. Both prediction models and Figure 9 show that most of the DN
313 changes, where BRDF corrections were largest, occurred in the canopy areas. We analysed both single
314  image brightness homogeneity and surface reflectance consistency to assess whether the proposed
315  BRDEF correction worked properly.

a e observed DN b : g::icw:ez E:,:
a predicted DN
£ 40000
30000
0000?
10000§
& 3
10000
& 2000 -10
2500
2000
316 Figure 8 The diagrams show the predicted nadir DN versus observed DN by solving tie points'
317 Walthal BRDF coefficients for the avocado image. (a) shows the scatterplot for canopy tie points, (b)
318 shows the scatterplot for ground tie points. The x-axis represents squared viewing zenith angle, and
319 the y-axis represents the viewing zenith angle multiply by the cosine of solar-viewing azimuth angle
320 difference.
Orgfna( NIR
DN Differences
I 553261
DN difference [ 1937978
321
322 Figure 9 Image comparison before and after BRDF correction. The black arrow shows where the hot
323 spot is.
324 We used an image which contained mostly ground feature and calculated the DN mean for every

325  row and column and compared the covariance of rows and columns between the original image and
326  corrected image to assess the single image brightness homogeneity for the avocado datasets. The
327  larger the covariance was, the larger the DN values varied through the whole image. Results show
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328  that the covariance of the original image was 4409616 DN, whereas the covariance of the BRDF
329  corrected image was 3864839 DN, which means the overall spread of DN distribution became smaller
330  after BRDF correction. We also used the images containing the calibration panels at different
331  locations in the images to compare the DN values difference. The black panel in the original images
332 had a DN difference up to 6000 higher when the panel was near the image edge rather than at the
333 centre, where the difference was reduced to around 1000 in the BRDF corrected images. These
334  assessments were evidence that the proposed algorithm increased the brightness homogeneity.
335  Increasing brightness homogeneity for the same features from different images can reduce brightness
336  variation between similar features. From Error! Reference source not found., we can tell that the hot
337  spots in some of the avocado original images were eliminated after BRDF correction.

338 Table 1 Reflectance consistency percentages between different flight patterns in dataset 2
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
BRDF + Colour Green 0% (same) 0% (same) 5.9% (better)
balanc.ing + Empiri(zal Red 0% (same) 0% (same) 0% (same)
correction On canopies  Rededge  52.9% (better)  88.2% (better)  64.7% (better)
NIR 41.2% (better) 17.6% (worse) 64.7% (better)
BRDF + Colour Green 0% (same) 0% (same) 6.7% (better)
balanci.ng + Empirical Red 0% (same) 0% (worse) 26.7% (better)
correction on ground Red edge 0% (worse) 26.7% (better) 0% (worse)
NIR 6.7% (worse) 6.7% (worse) 46.7% (better)
339 Table 2 Consistency assessment results for banana from box-and-whisker comparison between two
340 temporally close flights
Correction method Band Canopies Ground
BRDF + Sensor- Green 46.67% (better) 10% (better)
information-based Red 26.67% (better) 0% (same)
calibrated surface o
reflectance Red edge 26.67% (better) 0% (same)
NIR 33.33% (better) 0% (same)
BRDF + Sensor- Green 33.33% (worse) 10% (worse)
information-based Red 33.33% (worse) 40% (better)
Cahbfmted a;"trary Red edge 53.33% (better) 0% (worse)
surtace raciance NIR 20% (worse) 20% (worse)
341 Table 1 shows the results of the box-and-whisker plot comparison for assessing reflectance

342 consistency between different flight patterns. The proposed BRDF correction did not improve the
343 performance in the green and red bands. Compared to the result of colour balancing before the
344  empirical correction in Table A 2 and Table A 5, the overall consistency increased a little bit in the red
345  edge and NIR bands for canopies, although the difference was not significant. The consistency
346  became even worse for the ground areas.

347 The results of the BRDF correction with sensor-information-based calibration for the banana
348  datasets did not provide robust solutions either (Table 2). Although the consistency rate of at-surface
349  reflectance increased by a maximum of 33% in NIR band, the consistency of the calibrated at-surface
350  radiance dropped significantly in the green and red bands compared to the results in Table B 1.

351 To sum up, we found that for the avocado datasets, none of the proposed four correction
352  methods provided consistent at-surface reflectance in the green and red bands. The empirical
353 corrections provided moderate consistency rates in the red edge and NIR bands when the data was
354  acquired above 75 m AGL. There is no evidence to prove that colour-balancing and on-board
355  irradiance normalisation provided robust improvements in consistency rates, while the proposed
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356  BRDEF correction somehow improved consistency rates in the red edge and NIR bands for the canopy
357  areas compared to the colour-balancing correction. For the banana datasets, we found that the
358  empirical correction provided moderate consistency rates in the green and red bands even though
359  the data was acquired at 50 m AGL. The consistency rates in the red edge and NIR bands were still
360  higher, consistent with the observations for the avocado datasets. The sensor-information-based
361  calibrated at-surface reflectance had the worst consistency rates in all bands. Nevertheless, the sensor-
362  information-based calibrated arbitrary at-surface radiance showed the best consistency rates in the
363  green and red bands. A brief comparison of the proposed methods performance can be found in Table
364  3Error! Reference source not found..

365 Table 3 A simplified comparison table of the proposed correction methods. G, R, RE, and NIR are
366 green, red, red edge, and NIR bands respectively. X means the method doesn’t work well; V means
367 the method works well; /A means the results are unstable; O means the results are moderately
368 consistent. Diagonal lines mean the correction was not applied.
Correction method Avocado datasets Banana datasets
G R RE NIR G R RE NIR
Simplified empirical X X \Y \Y @) @) \Y \Y
correction
Colour-balancing + empirical X X A A @) @) \% \%
correction
Irradiance normalisation + X X A A
empirical correction
Sensor-information-based X X X X X X X X
calibrated reflectance
Sensor-information-based \Y \Y X O
calibrated radiance
Remarks None of them works when
flight altitude is 50 m

369 4. Discussion

370  4.1. The influences of flight altitude and image scale

371 There are several factors which affect the reflectance of tree canopies, such as viewed area,
372  canopy geometry, terrain, and the viewing geometry between the ground surface, sensor, and the
373 Sun [16]. As the spatial resolution increases, so does the variance of observed reflectance [16]. In
374  addition, increasing spatial resolution in UAS imagery comes with lower flight altitude, which also
375  means that each camera frame covers a smaller area. When creating orthomosaics for the same area
376  with smaller image frames, higher variation in the illumination conditions and solar-viewing
377 geometry will occur [9,13,14,16]. Therefore, the cause of the reflectance inconsistency in dataset 3 of
378  theavocado orchard may be the due to the two factors. Besides, when pre-processing satellite images,
379  the topographic effect caused by terrain is much more severe than individual features in the scene so
380  that the canopy geometry variation can usually be simplified by simple physical models [28].
381  However, when the spatial resolution increases, the canopy geometry starts contributing to the
382  variation in reflectance which is no longer negligible.

383 Moreover, it is well-known that the reflection properties of natural materials are usually scale-
384  dependent [29]. In fine-scale imagery which is captured from an UAS, BRDF effect becomes more
385  serious because of increasing Sun-surface-view geometry variation [16]. For correcting topographic
386  effects for large-scale images, the Lambertian assumption is applied for most of the natural surfaces
387  [29]. However, many studies have suggested that the BRDF models for natural surfaces are more
388  sophisticated instead of being Lambertian [30-33]. Meanwhile, the diffusive illumination from the
389  environment may affect the observed reflectance as well [29,34]. Such scattering from surroundings
390  is easier to observe from the fine-scale measurement [34]. This factor may be the cause of inconsistent


http://dx.doi.org/10.20944/preprints201809.0584.v1
http://dx.doi.org/10.3390/rs10111684

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 September 2018 d0i:10.20944/preprints201809.0584.v1

13 of 22

391  reflectance we found in our ground samples and some of the tree canopies. In a horticultural
392  environment, trees are the majority in a scene and ground areas are surrounded by trees. Therefore,
393 we suspect that higher possibility of diffusive light influenced the radiance the camera acquired,
394 especially in the ground areas.

395 4.2. The influence of canopy geometric complexity on reflectance consistency

396 As mentioned above, the reflectance variation caused by canopy geometry becomes significant
397  as the spatial resolution increases. This effect can be observed in the avocado datasets. Avocado
398  datasets 2 and 3 had almost the same acquisition condition except for the flight altitude. Dataset 2
399  had a flight altitude of 100 m, which resulted in a 9.86 cm ground sample distance (GSD), whereas
400  dataset 3 at a flight altitude of 50 m had a GSD of 4.74 cm. At such a high spatial resolution, we
401  suspect that the effect of directional reflectance caused by leaf angle variation also started to
402  contribute to radiometric distortion due to the reflection angle non-uniformity. In addition, such
403  effect was more serious for the avocado orchard than for the banana plantation because the
404  complexity of avocado tree crowns is much higher. The avocado dataset 3 had the same flight altitude
405  as the banana datasets. However, there was no reflectance consistency in avocado dataset 3 while
406  there was still some consistency observed in the banana datasets.

407  4.3. The limitation of simplified empirical correction

408 Studies have observed that the Parrot Sequoia multi-spectral camera has different sensitivity in
409  different bands, and the maximum detectable reflectance for green and red bands are around 40%
410  [35]. The saturation problem in the green and red bands reduces the effectiveness of empirical
411  correction because it reduces the samples for calculating the linear regression. Moreover, the diffusive
412 radiant flux in the horticultural environment may also cause the observed albedo of the calibration
413  panels in the UAS images to be inaccurate, especially if the panels were deployed in a tree-
414  surrounded area. Since the green and red bands are more sensitive, we suspect that the scattering of
415  green and red radiant flux from the environment influenced the albedo measurement of the panels
416  more seriously. Such characteristics can explain why the empirical correction always resulted in
417  worse consistency in the green and red bands. Besides, the bidirectional reflectance phenomenon was
418  also observed on the panels (see section 3.3). Perfectly Lambertian surface material are expensive so
419  that we used amore cost-effective alternative which was proposed by Wang and Myint [10]. However,
420  brightness variation in panels were still observed in some individual images. Except the possible
421  diffusive flux influence, some of the brightness difference may be caused by backscatter as well.
422 In addition, the canopy geometric complexity of avocado trees also caused some problems when
423 applying empirical corrections. The calibrated reflectance was very often negative in the green and
424 red bands in avocado data when using empirical correction, but such negative reflectance problem
425  was absent in the banana data using the same correction. We suspect that the complex canopy
426  geometry caused many shaded leaves within tree crowns so that those shaded leaves became
427  negative after applying empirical correction using panels. Besides, as previously mentioned,
428  diffusive green and red radiant flux may increase the measured albedo on the panels so that created
429  false relationship between pixel DN and at-surface reflectance. Setting the linear regression with a 0
430  interception could solve the negative values problem. However, it is not practical since the minimum
431 DN value depends on the black current of the camera instead of zero. The negative reflectance will
432 cause problem when we would like to derive vegetation indices from the reflectance. The solution is
433  subtracting the minimum value which was found in the canopy areas (relevant to adding the value
434  which has the maximum magnitude in negative domain) to the calibrated reflectance image as long
435  as the reflectance still matches the spectral signature of vegetation.

436  4.4. UAS based Irradiance measurements

437 We also noticed that the irradiance measurements with the Sequoia® irradiance sensor had
438 directional variation. In avocado dataset 1, the solar elevation was around 60°, and the flight direction
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439  was along-row, approximately aligning with the direction of the Sun. Comparing this with the
440  subdataset from same dataset which was flown perpendicular to the Sun direction, the recorded
441  irradiance measurements from adjacent images appeared with a 30% difference in its arbitrary
442 irradiance unit, which is homogeneous to Wm™2. Such difference may be the cause of unstable
443 correction performance (see Error! Reference source not found.). Most of the modermn onboard
444 irradiance sensor for UAS equip with cosine corrector and was proved to increase the accuracy [36].
445  The lack of cosine corrector for Sequoia irradiance sensor may cause the measured irradiance being
446  not direction independent. This is the reason that we didn’t apply correction using irradiance
447  measurement to the banana datasets, and neither input the irradiance measurement to the sensor-
448  information-based calibration we used for the banana datasets.

449  4.5. Proposed BRDF correction

450 From Table 1, we can tell that the proposed BRDF correction did not improve the reflectance
451  consistency. Part of the reason may be due to the limitation of the empirical correction we mentioned
452  insection 4.3. However, from Table 2, we can tell that even without applying the empirical correction,
453  the BRDF correction did not provide a robust solution for consistent measurements. Such
454  inconsistency may be caused by non-uniform leaf inclination angle which is proved to impact the
455  BRDF models [23,31]. Besides, some studies also suggested that the topographic effect on the BRDF
456  models need to be addressed [16,29]. As we discussed in section 4.1, when the image becomes such
457  fine-scale as UAS imagery, the non-uniform reflection properties caused by solar-surface-viewing
458  geometry variation starts to affect the observation. Therefore, instead of only addressing the solar-
459  viewing geometry as the proposed BRDF correction algorithm did, the surface topography also need
460  to be considered for solving solar-surface-viewing geometry variation.

461 Another problem in our proposed algorithm is that solving the Gaussian mixture model of the
462  pixel value distribution did not provide a good prediction to the objects in the images. Although there
463  were usually two types of features in the scenes, there were many pixels in the canopies belonging to
464  shaded leaves that were classified as ground features, and some pixels of the ground features which
465  had hot spots that were classified as canopies. The wrong prediction of features resulted in the
466  inappropriate linear regression being applied to those pixels. Consequently, such corrected images
467  were very likely to make the correction more inconsistent. Since object detection using machine
468  learning in UAS imagery has significantly progressed [37-39], we believe that this technology can
469  possibly provide a robust solution to object detection. The correct object detection can help to solve
470  the BRDF problem by providing the correct model to respective objects in the images. Such accurate
471  object detection method can also help us to build empirical BRDF models for specific features in the
472  images with enough input data. We believe that this will be a convenient way to deal with the BRDF
473  problem.

474  4.6. Potential of sensor-information-based calibration

475 Although the sensor-information-based calibrated at-surface reflectance with panel input did
476  not work very well (Figure 7), the arbitrary at-surface radiance from such calibration provided the
477  best consistency in the green and red bands. The reason that the calibrated at-surface reflectance was
478  not consistent may be caused by insufficient input to correlate the radiance to reflectance since this
479  method only relies on one reflectance target to solve the arbitrariness instead of creating linear
480  relationship in a range of reflectance. Besides, this calibration heavily relies on the coefficients
481  provided by the manufacturers (Equation 3). This characteristic can explain that why the at-surface
482  radiance consistency rates in red edge and NIR bands were not as high as green and red bands
483  because the coefficients recorded in the firmware may not be as accurate. The behaviour of how
484  captured radiance being converted to DN may also change after firmware update. Therefore, camera
485  manufacturers should pay careful attention to identify the collected physical variables to calibrate
486  the sensor to make sure the energy-to-signal conversion behaviour works as they expected [40,41].
487  Moreover, with the in-situ radiance measurement, camera end users could possibly calculate the
488  conversion equation themselves to fit their needs in the local environments [40]. Once we can figure
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489  out accurate calibration parameters for a specific camera to get accurate surface radiance in
490  Wsr~tm™2, itis possible to use either ground or onboard irradiance sensors to measure the irradiance
491  in Wm™?2 to calculate accurate surface reflectance.

492 5. Conclusions

493 Our results show that the bidirectional reflectance distribution function (BRDF) is an essential
494  factor which needs to be taken into account to reduce brightness variations due to illumination and
495  sensor geometries in UAS images. As discussed in sections 4.1 and 4.5, the fine-spatial scale
496  characteristic in UAS imagery causes more serious BRDF effect. Past studies suggested using Walthal
497  BRDF model to resolve the solar-viewing geometry variation [14]. However, in a more complex
498  environment like orchard or even forest, the topography should also be considered to resolve the
499  solar-surface-viewing geometry variation instead [29]. With enough input data, we can even build
500  empirical BRDF models for features of interest and apply the respective models to different features
501  in the images with the aid of object detection. Accurate BRDF model application should enable
502  effective BRDF correction, which allows accurately mosaicking UAS images to provide more accurate
503  analysis ready data for mapping and monitoring environmental changes.

504 Besides, the simplified empirical correction worked in some degree with conditions applied.
505  Although the simplified empirical correction was proved to provide some good results in precision
506  agricultural applications [9,11], for measuring trees which canopy geometry are complex, it is
507  suggested that not acquiring the UAS imagery below a specific AGL because the smaller frame size
508  and higher spatial resolution can increase the variation of solar-surface-viewing geometry. Some
509  studies also suggested that flying the UAS at around 80 m AGL is the optimal protocol for measuring
510 trees [4,42], which is very close to the height threshold we found for the avocado datasets. Besides,
511  the surrounding environment of the calibration panels plays an important role to provide accurate
512 reference. As we discussed in section 4.3, it should be as open and flat as possible to avoid diffusive
513 radiant flux influence the observed albedo for the panels. Meanwhile, the reflectance design of the
514  panels should also consider the radiant flux spectral sensitivity of camera to avoid signal saturation.
515 Meanwhile, the proposed illumination corrections, including colour-balancing and irradiance
516  normalisation, didn’t have stable performance in our experiment. Although colour-balancing were
517  proved to improve brightness homogeneity in past studies [13,14], previous studies were conducted
518  ata relatively homogenous environment and didn’t assess its absolute accuracy. On the other hand,
519  the lack of cosine corrector on the irradiance sensor makes the measured irradiance directional
520  dependent. Therefore, in order to address a proper irradiance normalisation, accurate irradiance
521 measurement should be conducted either on ground or onboard [13].

522 Finally, sensor-information-based calibration has potential to provide accurate reflectance.
523 Although it didn’t provide consistent result in our experiment, by calculating the accurate calibration
524 coefficients, it is possible to convert the DN values to at-sensor radiance in Wsr~*m™2 directly. With

2 the camera-measured at-surface

525  simultaneously accurate measurement of irradiance in Wm~
526  radiance may be processed to at-surface reflectance directly. In addition, this calibration method takes
527  photography factors into account so that it can reduce the possibility of brightness variation due to
528  floating photography settings.

529 Radiometric correction protocols for satellite images are now commonly applied and the basis
530  of analysis ready data for all mapping and monitoring, and correct images for illumination change,
531  atmospheric effect, viewing geometry, and instrument response characteristics [43]. Although
532 techniques for processing UAS multi-spectral imagery are relatively new, the general problem we
533 need to deal with are still very similar except the scale is much smaller and the details of data are
534  much higher. This study address what factors should be considered for radiometric correcting UAS
535  multi-spectral imagery in order to analyse tree crop’s biophysical properties and their temporal
536  changes. The future related works can focus on addressing effective BRDF correction as well as
537  establish a standard protocol for camera signal-to-radiance-to-reflectance conversion.
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553  Appendix A Box-and-whisker comparison results of avocado datasets
554 Table A 1 Reflectance consistency percentages of tree canopies between different flight patterns in
555 dataset 1
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
Empirical correction Green 41.2% 11.8% 0%
Red 0% 0% 0%
Red edge 58.8% 76.5% 76.5%
NIR 82.4% 94.1% 70.6%
Colour balancing + Green 58.8% 94.1% 88.2%
Empirical correction Red 23.5% 88.2% 41.2%
Red edge 29.4% 88.2% 70.6%
NIR 47.1% 76.5% 82.4%
Irradiance Green 0% 47.1% 0%
normalisation + Red 0% 0% 0%
Empirical correction ~ Red edge 76.5% 70.6% 82.4%
NIR 82.4% 94.1% 88.2%
Sensor-information- Green 47.1% 100% 82.4%
based calibration Red 0% 52.9% 0%
Red edge 47.1% 0% 0%
NIR 0% 88.2% 0%
556
557
558
559 Table A 2 Reflectance consistency percentages of tree canopies between different flight patterns in
560 dataset 2
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
Empirical correction Green 0% 58.8% 0%
Red 0% 11.8% 0%
Red edge 64.7% 47.1% 88.2%
NIR 64.7% 70.6% 76.5%
Colour balancing + Green 11.8% 0% 0%
Empirical correction Red 17.6% 0% 0%
Red edge 47.1% 17.6% 52.9%
NIR 11.8% 82.4% 11.8%
Irradiance Green 47.1% 58.8% 76.5%
normalisation + Red 23.5% 5.9% 5.9%
Empirical correction  Red edge 47.1% 70.6% 94.1%
NIR 52.3% 82.4% 23.5%
Sensor-information- Green 0% 0% 0%
based calibration Red 0% 23.5% 0%
Red edge 0% 100% 0%
NIR 0% 88.2% 0%
561

562
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563
564 Table A 3 Reflectance consistency percentages of tree canopies between different flight patterns in
565 dataset 3
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
Empirical correction Green 0% 5.9% 0%
Red 0% 58.8% 0%
Red edge 5.9% 35.3% 5.9%
NIR 5.9% 82.4% 0%
Colour balancing + Green 0% 52.9% 0%
Empirical correction Red 0% 17.6% 0%
Red edge 23.5% 29.4% 17.6%
NIR 0% 76.5% 0%
Irradiance Green 0% 0% 0%
normalisation + Red 0% 52.9% 0%
Empirical correction  Red edge 29.4% 52.9% 70.6%
NIR 0% 88.2% 0%
Sensor-information- Green 0% 5.9% 0%
based calibration Red 0% 0% 0%
Red edge 0% 88.2% 0%
NIR 0% 64.7% 0%
566
567
568
569 Table A 4 Reflectance consistency percentages of ground areas between different flight patterns in
570 dataset 1
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
Empirical correction Green 33.3% 0% 0%
Red 0% 0% 0%
Red edge 33.3% 60% 40%
NIR 40% 66.6% 60%
Colour balancing + Green 0% 0% 6.7%
Empirical correction Red 13.3% 13.3% 20%
Red edge 20% 40% 33.3%
NIR 40% 73.3% 46.7%
Irradiance Green 33.3% 20% 0%
normalisation + Red 0% 6.7% 0%
Empirical correction  Red edge 26.7% 40% 26.7%
NIR 13.3% 53.3% 33.3%
Sensor-information- Green 40% 73.3% 20%
based calibration Red 0% 53.3% 0%
Red edge 6.7% 0% 0%
NIR 13.3% 60% 6.7%
571

572
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573
574 Table A 5 Reflectance consistency percentages of ground areas between different flight patterns in
575 dataset 2
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
Empirical correction Green 26.7% 6.7% 26.7%
Red 6.7% 6.7% 6.7%
Red edge 66.7% 26.7% 40%
NIR 13.3% 6.7% 60%
Colour balancing + Green 0% 0% 0%
Empirical correction Red 0% 6.7% 6.7%
Red edge 33.3% 6.7% 26.7%
NIR 26.7% 40% 26.7%
Irradiance Green 0% 26.7% 40%
normalisation + Red 0% 0% 20%
Empirical correction Red edge 60% 40% 20%
NIR 40% 46.7% 46.7%
Sensor-information- Green 6.7% 0% 0%
based calibration Red 13.3% 40% 6.7%
Red edge 6.7% 53.3% 0%
NIR 6.7% 40% 0%
576
577
578
579 Table A 6 Reflectance consistency percentages of ground areas between different flight patterns in
580 dataset 3
Correction method Band Along vs Cross Along vs Grid Cross vs Grid
Empirical correction Green 0% 0% 0%
Red 0% 13.3% 0%
Red edge 0% 40% 6.7%
NIR 0% 93.3% 0%
Colour balancing + Green 0% 20% 0%
Empirical correction Red 20% 0% 0%
Red edge 26.7% 6.7% 26.7%
NIR 0% 46.7% 0%
Irradiance Green 0% 0% 0%
normalisation + Red 6.7% 6.7% 0%
Empirical correction Red edge 40% 40% 33.3%
NIR 0% 60% 0%
Sensor-information- Green 0% 20% 0%
based calibration Red 0% 0% 0%
Red edge 0% 73.3% 0%
NIR 0% 6.7% 0%
581
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583  Appendix B Box-and-whisker comparison results of banana datasets
584 Table B 1 Consistency assessment results from the box-and-whisker plot comparison between two
585 temporally close flights.
Correction method Band Canopies Ground
Empirical correction Green 46.67% 30%
Red 60% 20%
Red edge 66.67% 20%
NIR 100% 100%
Colour balancing + Green 46.67% 20%
Empirical correction Red 40% 30%
Red edge 66.67% 20%
NIR 73.33% 30%
Sensor-information-based Green 33.33% 0%
calibrated surface Red 20% 0%
reflectance Red edge 13.33% 0%
NIR 0% 0%
Sensor-information-based Green 73.33% 20%
calibrated arbitrary Red 66.67% 30%
surface radiance Red edge 26.67% 40%
NIR 40% 40%
586
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