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ABSTRACT

In recent years, precision agriculture has become popular anticipating to partially meet the needs
of an ever-growing population with limited resources. Plant localization and nutrient deficiency
detection are two important tasks in precision agriculture. In this dissertation, these two tasks are
studied by using a new color-ratio (C-R) index technique. Firstly, a low cost and light scene invari-
ant approach is proposed to detect green and yellow leaves based on the color-ratio (C-R) indices.
A plant localization approach is then developed using the relative pixel relationships of adjacent
plants. Secondly, the Sobel operator and morphology techniques are applied to segment the target
strawberry leaf from a field image. The characterized color for a specific nutrient deficiency is
detected by the C-R indices. The pattern of the detected color on the leaf is then examined to
determine the specific nutrient deficiency. The proposed approaches are validated in a commercial

strawberry farm.
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CHAPTER 1: INTRODUCTION

Motivation and Literature Review

Higher efficiency in agricultural productions can partially meet the needs of world growing popu-
lation and the demands of a better life quality. With a limited amount of land available for cultiva-
tion, precision agriculture has become increasingly important and its economic impact is expected
to reach $43.4 billion by 2025 [1]. In precision agriculture, regularly monitoring fields provides
growers opportunities to track plant growth, assess plant health, and predict crop yields. However,
for large size agricultural fields, it is labor intensive for human inspectors to conduct regular mon-
itoring. Autonomous robots equipped with a suite of sensors can collect more data per unit time
compared with human inspectors. In addition to the benefit of being less labor dependent, routine

robotic scouting throughout agricultural fields will lead to higher result repeatability [2].

Strawberry Plant Localization

One important task in precision agriculture is plant localization. The methods used in plant local-
ization can be categorized into local and global techniques [3, 4], based on whether or not prior
knowledge of target initial positions is available [5—7]. As a local method, geo-referencing relates
the pixel positions of plants in images to their geographic coordinates. The challenges associated
with the geo-referencing methods derive from inaccurate plant identification and position uncer-
tainties. Sometimes in the planting stage, Real Time Kinematic Global Positioning System (RTK-
GPS) and absolute shaft encoders are used to record the plant positions, and the position error is
at the centimeter level [8]. However, the performance degrades if the surrounding environment is

disturbed by plants and varying terrain. Additionally, the use of GPS to locate each plant can be



labor intensive, especially for routine operations. LiDAR is used to detect and locate trees with a

95.7% accuracy [9]. The LiDAR approach is, however, expensive, bulky, and difficult to maintain.

Plant Alive Status Detection

A plant is alive or not can be easily done by human inspectors via its color. For example, in straw-
berry fields, alive leaves are green, while others will turn yellow. This relatively simple task for
humans can be quite challenging for robots due to varying light scenes. To date, autonomous color
detection is mainly accomplished using wave length-based or pixel-based algorithms. The green
color reflects the light with a wavelength between 500 nm and 570 nm, whereas the wavelength
of yellow color is between 570 nm and 590 nm [10, 11]. However, wave lengh-based spectrome-
ters are expensive and have many stringent requirements (e.g., distance, orientation, field of view,
and light intensity), making them non-ideal and sometimes impossible for use in autonomous field
robots [12, 13]. Pixel-based algorithms do not have those stringent requirements as wavelength-
based approaches. The RGB (red, green, and blue) or HSV (hue, saturation, and value) color mod-
els [11] are two mainstream models used in detecting colors with proper threshold values [14—16].
For example, multilevel thresholds are used in the R, G, and B color channels for segmenting target
objects from their background [17]. The HSV color model can properly decouple color and gray-
scale information. For example, in [18], the hue values are used to separate the background from
green plants. The disadvantages of these pixel-based methods are as follows. (1) The HSV color
model has singularities in its nonlinear transformation. (2) Threshold values for both methods are
sensitive to varying light scenes. Sometimes neural network [19] or fuzzy logic [20,21] methods
are applied to enhance the robustness of color detection under different light scenes. Although they
have shown promising results in some applications, their inherent issues cannot be avoided. For
example, they need a large amount of training data and it is practically impossible to cover all light

scenes. Additionally, no theoretical proof in general is available for those methods.
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Plant Nutrient Deficiency Detection

A balanced nutrient is crucial for crops to grow. Short or excessive nutrient supply will lead to
significant premature crop death and yield loss [22]. Routine nutrient deficiency inspection can
help farmers and growers assess the nutrient status in crops and apply rescue treatments timely.
Usually visual inspection of growing crops is the first indicator when the crops experience any
nutrient deficiency [23]. Crops with nutrient deficiency may show different symptoms. For ex-
ample corns with the potassium deficiency often have yellow and scorch leaf edges in their lower
parts [24,25]. Purple leaves may indicate a phosphorus deficiency in tomatoes [26,27]. Uniform
pale green on strawberry leaves means a nitrogen deficiency [28,29]. However, conducting nutrient
inspection requires expertise, 1s time consuming and labor intensive [23], especially in large farms.
Visual inspection with autonomous scouting robots not only can speed up the inspection process,
reduce labor cost, but also provide farmers and growers with potential fertility issue information

throughout their farms.

The fact that different symptoms may appear on different parts of crops can be used to identify
certain nutrient deficiencies, especially for those symptoms shown on leaflets. For strawberry
crops, nitrogen (N), phosphorus (P), and potassium (K) are the key chemical elements [30]. As
shown in Table 1.1, nitrogen deficiency turns strawberry leaves from green to light green then
to yellow. Purpling is often the indicator of phosphorus deficiency. The potassium deficiency

frequently leads to scorch leaf margins on mature leaflets.

There is an extensive amount of research has been conducted on crop deficiency detection using
hyperspectral cameras [31]. For example, hyperspectral images are used to analyze the total ni-
trogen contents in pepper crops [32], and the reflectance spectra of the nitrogen concentration is
studied in [33]. However, the high cost and the strict operation environment requirements make

this application hard in practice by autonomous robots in fields.



Contributions

The contributions of the study have three folds. Firstly, the distinct C-R index ranges can be used
to differentiate the green, yellow, and red colors, instead of using the values of hue, saturation,
and value in the HSV color model. This method is shown to be robust under various light scenes.
Furthermore, the leaf color detection method using the proposed C-R indices is conducted in the
RGB color space, which avoids the transformation between different color models and leads to
more efficient calculations. As compared with spectrometer approaches, the proposed color detec-
tion method via RGB cameras is low cost and has minimal requirements for routine operations.
Secondly, a low cost and lightweight plant localization method is proposed to be used in field
robots. Here, the relative pixel positions of plants are used to predict both the relative and absolute
positions of plants. Such a differential style method can reach the same level of accuracy as a
LiDAR, but with a much lower upfront and maintenance cost. Thirdly, a low-cost method is intro-
duced to inspect strawberry crops’ nutrient deficiencies. The C-R indices are applied to extract the
deficiency color features from leaf images. Such low-cost and lightweight method can be easily

applied by a ground robot and increase the efficiency in routine field operations.

Dissertation Outline

The dissertation is organized as follows. In Chapter 2, a color-ratio (C-R) index is introduced and
proven to be robust with respective to various light scenes. In Chapter 3, the proposed C-R index is
applied to detect the alive status of strawberry plants. In Chapter 4, a plant localization algorithm
is developed. In Chapter 5, a nutrient deficiency detection algorithm is proposed. In Chapter 6,
an improved control affine, approximated wheel terrian interaction model for a scouting robot is

presented. The conclusions and future works are discussed in the end.



Table 1.1: Leaflet symptoms when the strawberry experiencing N, P, and K deficiencies

Deficiency Leaflet Symptom [ [34]] Leaflet Image
Nitrogen N e Young Leaflet: Starting

from light green to yel-

lowing;

e Mature leaflet: uniform
yellowing with reddish
from the margins

(The image is captured from Pappy’s
Patch,Orlando, FL)

Phosphorus (P) Purpling from the margin

(The image is provided by Dr. Shinsuke
Agehara from University of Florida)

Potassium (K) Scorch on the margins

(The image is provided by Dr. Shinsuke
Agehara from University of Florida)




CHAPTER 2: COLOR-RATIO INDICES

This work appeared in [35], from Kong, X. and Xu, Y., Strawberry Plant Alive Status Detection
and Relative Pixel Based Plant Localization, submitted to the ASME Journal of Dynamic System,

Measurement, and Control in Jan, 2019.

Definitions of Color-Ratio Indices

Definition 1. The varying light scenes in this study include but are not limited to light conditions
in different time of a day (morning, noon, or afternoon), shadow, weather, and season, as well as

different growing stages of plant .

Assumption 1. Based on [36, 37], all the light scenes mentioned in Definition 1 can be captured

within the saturation S € [0, 1] and the value V' € [0, 1] in the HSV color model.

Definition 2. (Green Pixel) The pixel is considered to be “green” if its hue value is within the

range of (60°,180°] [38].

Definition 3. (Yellow Pixel) The pixel is considered to be “yellow” if its hue value is within the

range of (30°,60°] [38].

Definition 4. (Red Pixel) The pixel is considered to be “red” if its hue value is within the range of

(0°,30°] [38].

Definition 5. The color-ratio (C-R) indices are defined as

M = R/G @2.1)



N = BJG (2.2)

and

K =B/R (2.3)

, where R € [0,255], G € [0,255], and B € [0,255] represent the values of red, green, and blue,

respectively, in the RGB color model.

Lemma 1. The color of pixel P is “green” if and only if the C-R index ranges of the pixel satisfy
M e [0, 1], N € [0, 1], and K € [0, o0).

Proof. Sufficient condition. According to Definition 2, the hue value is within the range of
H € (60°,180°] [38]. As mentioned in Assumption 1, S € [0,1] and V' € [0, 1] cover all afore-

mentioned light scenes.

Case 1: When H € (60°, 120°], the values of R, G, and B of pixel P in the RGB color model can

be transformed from the HSV model using [36,37]

R=X+V-C 2.4)
G=V (2.5)

and
B=V-C (2.6)



, Where

C2VS 2.7)
and

X2C(1—-|H mod2—1|) (2.8)

In Eq. (2.8), H' is the hue index and defined as H' = H/60°. Since the hue of pixel P is in the
range of (60°, 120°]. With Definition 5 and Eqs. (2.4-2.6), the C-R indices of pixel P can be

derived as
M=(X+V-C)/V
=[VS(1—|H mod2—1|)+V - VS|V
(2.9)
=S(1—|H mod2—-1))+1-8
=1—S|H mod2—1|
N=(V-C)V=(V-VS)/V=1-5 (210
and
K={V-0)/(X+V-=0)
—(V=VS)/ VS (1 [H mod2—1))+V = VS| 1D

=(1-S5)/(1—S|H mod2—1|)

Since H' € (1, 2],0 < |H" mod 2 — 1] < 1. Additionally, because S € [0, 1],0 < S |H' mod 2 — 1| <
S<land0 < 1-8 < 1-S|H mod2—1| < 1. Thus, M € [0, 1], N € [0, 1], and
K e, 1].

Case 2: When H € (120°,180°], the values of R, GG, and B of pixel P in the RGB color model



can be transformed from the HSV model [36,37] using

R=V-C (2.12)
G=V (2.13)

and
B=X+V-C (2.14)

Since the hue of pixel P is in the range of (120°, 180°], with Definition 5 and Egs. (2.7-2.8,
2.12-2.14), the C-R indices of pixel P can be derived as

M=(V-C)/V=(V-VS)/V=1-5 (2.15)

N=(X+V-0))V

= [VS(1—|H mod2—1|)+V — V8]V

(2.16)
=S(1-1|H mod2—-1))4+1-5
=1-—S|H mod?2—1]
and
K=(X+V-0)/(V-0C)
=[VS(1—|H mod2—-1))+V =VS]/(V-VS) (2.17)

=(1—-S|H mod2-1|)/(1-25)

Since H' € (2, 3],0.5 < |H' mod 2 — 1| < 1. Additionally, because S € [0, 1],0 < S |H' mod 2 — 1| <
1. Therefore, M € [0, 1], N € (0, 1], and K € [0, co). Combining Case 1 and Case 2, the C-R



indices are within the ranges of M € [0, 1], N € [0, 1], and K € [0, oo) if the color of pixel P is

“green”.

Necessary condition. Case 1: when the C-R index ranges of pixel P are M € [0, 1], N € [0, 1],
and K € [0, 1]. According to Definition 5, the values of R, GG, and B satisfy the relationship of

0 < B < R < (. The hue index H'’ can be calculated [39] as

Hl = (B - R) / (Cp,max - Cp,min) + 2 (218)

, where C), .4, and C), i, are the maximum and minimum color components of pixel P in the

RGB color model. In this case, C}, 4, = G and Cy, i, = B. Thus, in Eq. (2.18),

1< (B—R)/(Cpumas — Comin) = (B—R) /(G —B) <0 (2.19)

and

1<(B-—R)/(G—B)+2<2 (2.20)

The hue index H' of pixel P is in the range of H' € (60°, 120°]. According to [39], the saturation

S and the value V' can be calculated using

S = (Cpmaz = Cpmin) [ Cpmaz = (G — B) /G 2.21)

and

V = Cpmaa/255 = G/255 (2.22)

, where G € [0, 255] and B € [0, 255]. Thus S € [0, 1] and V' € [0, 1], respectively, can be

derived, which imply that all the aforementioned light scenes in Definition 1 are covered.

10



Case 2: when the C-R index ranges of pixel P are M € [0, 1], N € [0, 1], and K € (1, c0).
According to Definition 5, the values of R, (G, and B satisfy the relationship of 0 < R < B < G.
The hue index H' can be calculated [39], and the maximum and minimum color components of

pixel P in the RGB color model are C), ;.4 = G and Cy, i, = R. Then

0< (B - R) / (Cp7maax - Op,min) - (B - R) / (G - R) <1 (223)

and

2<(B—R)/(G-—B)+2<3 (2.24)

The hue index H' can be derived within the range of H' € (2, 3], and the hue of pixel P can be
determined within the range of (120°, 180°]. According to [39], the saturation .S and the value V'

can be calculated using
S = (Cp,max - Cp,min) /Cp,maag == (G - R) /G (225)
and
V' = Cpmaz/255 = G /255 (2.26)

Thus, we can derive that S € [0, 1] and V' € [0, 1], respectively, which imply that all the afore-
mentioned light scenes in Definition 1 are covered. Combining Case 1 and Case 2, the hue value
of pixel P is in the range of (60°, 180°]. According to Definition 2, the color of the pixel can be

determined as ‘ ‘green”. [
Lemma 2. The color of pixel P is “yellow’ if and only if the C-R index ranges of the pixel satisfy

Me(l,2),Nel0,1],and K €0, 1].

Proof. Sufficient condition. According to Definition 3, the hue value is within the range of H €

11



(30°, 60°]. To cover all light scenes in Definition 1, S € [0, 1] and V € [0, 1]. The R, G, and B

values of pixel P in the RGB color model can be transformed from the HSV model using [36,37]

R=V (2.27)
G=X+V-C (2.28)
B=V-C (2.29)

Since the hue of pixel P is in the range H € (30°, 60°], H' € (0.5, 1]. With Definition 5 and Eqs.
(2.7, 2.8, 2.27-2.29), the color ratios M, N, and K of pixel P can be derived as

M=V/(X+V-0)
=V/[VS(1—|H mod2—1|)+V — VS|
(2.30)
=1/[S(1—|H mod2—1])+1—- 9]

=1/(1—S|H mod?2—1])

N=WV-C)/(X+V-=-0C)
=V -VS)/[VS(1—|H mod2—1|)+V —VS]
(2.31)
=1-9)/[S(1—|H mod2—1])+1— 9]
=(1-29)/(1—S|H mod?2—1|)
and

K=(V-C)/V=(V-VS)/V=(>1-S5) (2.32)
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Since H' € (0.5, 1], 0 < |H'mod2 —1| < 0.5. Additionally, because S € [0, 1], 0 <
|H' mod 2 — 1| < 0.5. Thus, the C-R indice are within the ranges of M € [1, 2), N € [0, 1],

and K € [0, 1].

Necessary condition. According to Definition 5, if the C-R index ranges of pixel P are M €
1, 2), N € [0, 1], and K € [0, 1], the R, G, and B values satisfy the relationships of 0 < B <
G < Rand R < 2G. The hue index H’ can be calculated as [39]

H' = [(G = B) / (Cymaz — Cypmin)] mod 6 (2.33)

The maximum and minimum color components are C), .., = R and Cj, ., = B, respectively.

According to Eq. (2.33),

(G = B) / (Cpmaz — Cpmin) = (G — B) / (R — B) (2.34)

and
(G-B)/(R—B)>(05R—-B)/(R—B)>0.5 (2.35)
(G-B)/(R-B)<(R-B)/(R-B)=1 (2.36)

The hue index H' is within the range H' € (0.5,1], and the hue of pixel P can be determined
correspondingly to be within the range of (30°, 60°]. According to [39], the saturation S and the

value V' can be calculated using

S = (Cpmaz — Cpmin) /Cpmaz = (R—B) /R (2.37)
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and

V = Cymas/255 = R/255 (2.38)

, where R € [0, 255] and B € [0, 255] are the R and B values of pixel P in the RGB color model.
The ranges of the saturation and the value in the HSV model can be determined as S € [0, 1] and
V € [0, 1], respectively, which implies all aforementioned light scenes are covered. According to

Definition 3, this pixel can be classified as “yellow”. [

Lemma 3. The color of pixel P is “red” if and only if the C-R index ranges of the pixel satisfy
M e [2, 00), N €0, 1], and K € [0, 1].

Proof. Sufficient condition. According to Definition 4, the hue value is within the range of H €
(0°, 30°]. To cover all light scenes in Definition 1, S € [0, 1] and V' € [0, 1]. The R, G, and
B values of pixel P in the RGB color model can be transformed from the HSV model using Egs.

(2.27)-(2.29). [36,37]

The color ratios M, N, and K of pixel P can be derived as shown in Egs. (2.30)-(2.32). Since H' €
(0, 0.5], 0.5 < |H" mod 2 — 1] < 1. Additionally, because S € [0, 1], 0 < |[H' mod 2 — 1| < 1.
Thus, the C-R indices are within the ranges of M € [1, o), N € [0, 1], and K € [0, 1]. If
M € [1, 2), according to Lemma 2, the color of the pixel P is “yellow”, thus the ranges of M, N,

and K are redefined as M € [2, c0), N € [0, 1],and K € [0, 1].

Necessary condition. According to Definition 5, if the C-R index ranges of pixel P are M &
[2, 00), N € [0, 1], and K € [0, 1], the R, GG, and B values satisfy the relationships of 0 < B <
G < Rand R > 2G. The hue index H' can be calculated by Eq. (2.33) [39]. The maximum

and minimum color components are Cy, p,q, = I and C}, i, = B, then 0 < G — B < R — B.
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According to Eq. (2.33),

0<(G-B)/(R-B)<G/R<05 (2.39)

The hue index H’ is within the range H' € (0,0.5], and the hue of pixel P can be determined
correspondingly to be within the range of (0°, 30°]. According to [39], the saturation S and the
value V' can be calculated using Eqs. (2.37) and (2.38). The ranges of the saturation and the value
in the HSV model can be determined as S € [0, 1] and V' € [0, 1], respectively, which implies all
aforementioned light scenes are covered. According to Definition 4, this pixel can be classified as

“red”. ]

Remark 1. Three singularities need to be discussed. (1) If the R and G values of pixel P are
zeros, the color of pixel P is considered as “blue”; (2) if the B and G values of pixel P are zeros,
the color of pixel P is considered as “red”; and (3) if the R and B values of pixel P are zeros, the

color of pixel P is considered as “green”.

Simulation Validation of C-R Indices

There are a total of 16,777,216 colors in the 24-bit RGB color space. According to Definition 2,
Definition 3, and Definition 5, there are 5,599,172, 1,404,903, and 1,384,405 of those colors are
classified as “green”, “yellow”, and “red”, respectively. The performance of the color detection
method is assessed by examining the ratios between color detections and the colors in their corre-
sponding color categories. Five indices are adopted to evaluate the performance [40,41]: Accuracy
(ACC), True Positive Rate (TPR), False Positive Rate (FPR), True Negative Rate (TNR), and False
Negative Rate (FNR). ACC [41] describes the performance of correct detections, which is the ratio

between the number of correctly detected colors and the total number of colors in the color base.
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TPR [41] is the ratio between the number of correctly detected green/yellow colors and the total
number of green/yellow colors, FPR [41] is the ratio between the number of falsely detected as
the non-green/non-yellow colors and the total number of non-green/non-yellow colors, TNR [41]
discribes the ratio between the number of correctly detected non-green/non-yellow colors and the
total number of non-green/non-yellow colors, and FNR [41] is the ratio between the number of

falsely detected as green/yellow colors and the total number of green/yellow colors.

For the green color, the performance of the proposed color detection method is compared with an

existing Green Leaf Index (GLI) [42] as

GLI = (2G— R - B)/(2G+ R + B) (2.40)

As shown in Table 2.1, all the greenness colors are successfully detected by both GLI and C-
R indices, and TPRs for both methods are 100%. However, 24.81% extra colors which are not
“green”,i.e. FPR = 24.81%, are falsely detected by GLI. This number is much higher than that
of the C-R indices, which is only 0.23%. The detection accuracy of C-R indices (ACC) reaches
99.84%, which is also much higher than that of GLI (83.47%).

As shown in Table 2.2, all the yellowness colors are successfully detected (TPR=100%) by the
C-R indices method. The false detection rate is very low, i.e., FPR=4.66%, and ACC=95.73% is
high. In summary, the simulation result demonstrates that the proposed C-R indices can be used to

detect the green and yellow colors in the color space, instead of using the hue values.

As shown in Table 2.3, all the reddish colors are successfully detected (TPR=100%) by the C-R
indices method. The false detection rate is very low, i.e., FPR=0.84%, and ACC=99.29% is very
high. In summary, the simulation result demonstrates that the proposed C-R indices can be used to

detect the green, yellow, and red colors in the color space, instead of using the hue values.
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Table 2.1: Sensitivity and specificity analyses on the greenness detection

TPR(%) | TNR(%) | FPR(%) | FNR(%) | ACC(%)
GLI | 100 75.19 24 .81 0 83.47
C-R | 100 99.77 0.23 0 99.84

Table 2.2: Sensitivity and specificity analyses on the yellowness detection

TPR(%)

TNR(%)

FPR(%)

FNR(%)

ACC(%)

C-R

100

95.34

4.66

0

95.73

Table 2.3: Sensitivity and specificity analyses on the reddish detection

TPR(%)

TNR(%)

FPR(%)

FNR(%)

ACC(%)

C-R

100

95.34

4.66

0

95.73
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CHAPTER 3: STRAWBERRY PLANT ALIVE STATUS DETECTION

This work appeared in [35], from Kong, X. and Xu, Y., Strawberry Plant Alive Status Detection
and Relative Pixel Based Plant Localization, submitted to the ASME Journal of Dynamic System,

Measurement, and Control in Jan, 2019.

Problem Definition

Plant alive status detection is the first step before conducting any inspections or rescues. The
procedures of the operation are (1) The proposed color-ratio (C-R) indices are used to detect green
and yellow pixels. (2) The centroids of the extracted leaves are then calculated and the Euclidean
distance between the centroids are examined to group the leaves into plants. (3) The alive status of
a plant is determined by its majority colors. The detection rate is expected to be higher than 98%

under different light scenes.

Plant Alive Status Detection

In this section, the color-ratio (C-R) indices are introduced to detect green and yellow leaves from
images. The centroids of extracted leaves are detected and grouped into plants. The plant alive

status is then determined by the majority colors of its leaves.

Leaf Detection

The green and yellow leaves in an image are extracted by the aforementioned C-R indices. A

median filter and morphology methods, such as dilations or corrosions, are applied to improve the
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extraction using the commands “medfilt2”, “imdilate”, and “imerode”, respectively, in MATLAB

2015b.

Plant Alive Status Detection

The extracted leaves are grouped into plants based on the distance between the centroids of two
leaves. In this study, the centroids are detected using the MATLAB command “centroids”. As-
suming that pixels p (z,, y,) and ¢ (x,, y,) are the centroids of leaves p and ¢, respectively. The

Euclidean distance D (p, q) is [43]

D (p, q9) = llp —qll2 (3.1)

If the distance D (p, q) satisfies

D(p, q) <¢ (3.2)

, p and ¢ belong to the same plant, where ¢ € R is a threshold value and is determined experimen-
tally. According to the growers, the plant alive status can be determined by the colors of its leaves,
such that if the plant is alive, then it always has green leaves. If no green leaf exists, the plant is

dead.

Experimental Validation

Strawberry Leaf Detection via C-R Indices

Figures 3.1-3.3 show the strawberry leaf detection performance in different light scenes using the

proposed color detection method. Three different light scenes are considered: different times of
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a day (Fig. 3.1), different weather (Fig. 3.2), and different growth stages (Fig. 3.3). It is worth
mentioning that not all light scenes can possibly be included in the experiments and theoretically
we have proven that these conditions are considered. The experiments show that the proposed color

detection method can successfully detect the green and yellow leaves in all these light scenes.

Remark 2. The ranges of C-R indices defined in Lemma 1 and Lemma 2 can detect the greenness
and yellowness from the color base. However, practically some greenness or yellowness back-
ground noise are also detected. To remove the background noise, the ranges of C-R indices in the
experiment are slightly adjusted to M € [0.6, 0.95], N € [0.1, 0.7], and K € [0, c0) in detecting
green leaves, and M € [1.05, 1.17], N € [0.5, 0.88], and K € [0.4, 0.75] in detecting yellow

leaves.

Plant Alive Status Detection

Thirty-four plants are captured by the video. According to the grower, the video includes twenty-
seven alive plants and seven dead plants. The plant alive status detection method is applied, and
the threshold value / is chosen to be 80 pixels. All thirty-four plants are detected, and twenty-seven

alive plants and seven dead plants are recognized, and the success rate is 100%.
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09:00 am

Figure 3.1: Leaf detection using the C-R indices in different times of a day (The pictures are

captured from the Pappy’s Patch, Orlando, FL, on Nov. 37, 2018)
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Sunning Raining

); 5

Figure 3.2: Leaf detection using the C-R indices in different weather conditions (The images are
captured from the Pappy’s Patch, Orlando, FL, on Oct. 30", 2018, Oct. 23", 2018, and Oct. 26",

2018, respectively)
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Seeding Budding Rippening
b B R R T {j

Figure 3.3: Leaf detection using the C-R indices in different growing stages (The images are
captured from the Pappy’s Patch, Orlando, FL, on Nov. 374, 2018, Dec. 1%, 2017, and Mar. 12",

2018, respectively)
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CHAPTER 4: STRAWBERRY PLANT LOCALIZATION VIA RELATIVE
PIXEL

This work appeared in [35], from Kong, X. and Xu, Y., Strawberry Plant Alive Status Detection
and Relative Pixel Based Plant Localization, submitted to the ASME Journal of Dynamic System,

Measurement, and Control in Jan, 2019.

Problem Definition

The procedure of this operation is shown in Fig. 4.1. First, the proposed color-ratio (C-R) indices
are used to detect the plant alive status as discussed in CHAPTER 3. After that, the relative pixel
positions of adjacent plants are measured using the plant centroids, and an EKF is designed to
estimate the relative positions between adjacent plants, as well as the absolute positions of them.
The objective of the plant localization problem is that The plant localization error should be in the

centimeter level.

Plant Alive Status Detection

[ 1
1 Pixel Color Leaf Color Leaf 1
: Detection Detection Grouping :
1 1

___________________________________

\
(

- 1
! Plant Rele}t} ve Relative Pixel |1
1 S Position 1
1 Localization . Measurement .
\ Estimation )
A

___________________________________

Figure 4.1: The procedure of plant alive status detection and localization
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Plant Localization via Relative Pixel Position

Here, a new plant localization approach is proposed using the relative pixel information. The
process model and the measurement model are developed, and a continuous extended Kalman

filter (EKF) is designed to estimate the relative and absolute positions of plants.

Process Model

The state variables are chosen to be [44]

T = [xﬁy?’ugoaxluyhx%yﬂ,r (41)

, in which z,. and vy, are the field robot position components in the robot body frame g, ¢ is the
heading angle of field robot, and [z;, ;] ,4 = 1, 2 is the position of the i'" plant in the inertia frame

Q7. The process model is [44,45]

f(z,u,w,t) = Bu+w 4.2)

, where u = [, w]T, in which v represents the speed of robot, and w is the angular velocity,

respectively. w € R7™! is a Gaussian noise, and B € R7*? is defined as [44,45]

T

Cos sin O 0 0 0 0
B = 7 4 “4.3)

o o0 1 0 0 0 O
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Measurement Model

As shown in Fig. 4.2, the posture of the field robot is defined by its position (x;,ys, z7) in the
inertia frame (2; and the heading angle ¢. The origin point O, of the robot body frame (25 is
chosen to be the mass center of robot. Two cameras are mounted on the inside-top of the field
robot with a pitch angle o as shown in Fig. 4.2. The camera frame Q¢ (z., y., z.) is placed on the

cameras.

Left Camera ' Right Camera

b ‘/

Figure 4.2: The coordinates of the field robot

Assume that there is a camera on the field robot with the position of a:&R) = [bs, by, bz]T in Qp.

Then the position of the camera in {2; can be given as

2 — o) 4 /B g(R) (4.4)

C T
) _ T 1) _ T y :
, where ¢’ = [z, Y., 2] and &y’ = [z,,y,, 2] are the positions of camera and field robot in

(I/R

Q;, respectively. RU/%) ¢ ®3*3 is the rotation matrix from Qp to €2;.

26



(

C

The relative position p ?P € R3*! of a plant P, to the camera in §); is

Ly =) — ! (4.5)
, where mﬁfj = [Zp.i» Ypi> 2pi] is the position of plant P; in ;. The relative position pi%,i in Eq.

(4.5) can be transferred to be in () using

C I
pi/;i = R(C/I)pi/)Pi (4.6)

T
, where pg})pi = [p(xg), pﬁ), pg)} and R(©/D ¢ R3*3 is the rotation matrix from ; to Q. The

pixel position of plant F; can be expressed as

2 = (K./0D) P52, @.7)
, where K. € 2?3 is the intrinsic matrix as

x O €T
K.= I ‘ (4.8)

0 fi o
, where [f,, f,] and [c,, ¢,] are the focal length and the principle point of camera, respectively.
Assuming that there are adjacent plants P, and P, in the field, the position of the adjacent plants in
(

Q are x Pll) and :cgg, respectively. The pixel positions of P, and P, in the image can be expressed

according to Eq. (4.7) as

2 = (K./09) o5, (4.9)
and
2 = (Ke/oD) L2, (4.10)
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(P)

PPy € R3*! between P, and P, is then calculated using

The relative pixel position p
@) _ ) ,.©) (RN(9)
Ppp, = K, <Pc/p2//)z,2 - pc/Pl/:Oz,l >

(P)

The relative pixel position p PP: /P in Eq. (4.11) can be expanded as

(P) Pz1 — Pz2
Pp,p, =
py,2 - py,l
, Where
Dot = fu (2 cosp + b, + ¢y sin )
ol 21 cos ¢ — b, sin ¢ — x sin ¢ sin ¢ + y; sin ¢ cos
Doy = fu (zhcosp + by + yhsin )
w2 25 €os ¢ — by, sin ¢ — x4 sin ¢ sin ¢ + Y5 sin ¢ cos
. fy (21 sin¢ — b, cos ¢ + x| cos @ sin p — Y] cos ¢ cos p)
vl 21 cos ¢ — b, sin ¢ — ) sin ¢ sin p + Y sin ¢ cos ¢
and
Dy = fy (Zhsin¢ — by, cos ¢ + x4, cos ¢ sin p — Y, cos ¢ cos p)
v:2 25 cos ¢ — by, sin ¢ — ), sin ¢ sin p + y) sin ¢ cos ¢
, in which
T =Xpy — Ty, Ty = Tpo — Iy
Y1 = Ypd = Yo Yo = Yp2 — Ur
and

/ /
2y =b,—2p1+ 2, 29 =b, — 2p0 + 2,
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Assumption 2. The robot scouts along a horizontal plane with a constant speed. The position

component z, of the field robot in (g is considered as a constant, such that z, = h,..

Assumption 3. The plants are planted on a horizontal plane. The position components z,; of

plants in Q are considered as constants, such that z,; = h,,.

Depending on the motion of the field robot and the distribution of crops, there are three special

cases discussed here.

Case 1: If the planting beds have straight-line edges, and the robot travels straight forward with a

constant heading angle ¢ = 0°, the relative pixel position in Egs. (4.13-4.16) can be simplified as

Pap = [fo (2] + bs)]/ (2] cos ¢ — by sin ¢ + y; sin @) (4.20)

Pr2 = fa (¥ + by)/ (25 cos ¢ — by sin ¢ + yh sin ¢) 4.21)

fy (21 8in ¢ — by cos ¢ — y} cos @)
Py1 = 21 cos ¢ — b, sin ¢ + y; sin ¢

(4.22)

and

[y (#58in ¢ — by cos ¢ — yy cos @)
Py2 = 25 cos ¢ — by, sin ¢ + yy sin ¢

(4.23)

Case 2: If the plants are aligned well, and the positions of plants in the y-direction are constants,

such that y; = y, = ¢, the relative pixel position in Eqs. (4.13-4.16) can be simplified as

fa (@} cos @ + b, + csin )
24 cos ¢ — by sin ¢ — & sin ¢sinp 4 csin ¢ cos ¢

Doy = (4.24)
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fu (2 cosp + b, + csing)

P2 25 cos ¢ — b, sin ¢ — x4 sin @ sin g + csin ¢ cos ¢ (4.25)
[y (#sin¢ — by, cos ¢ + 2 cos ¢ sin p — ccos @ cos ) 4.26)
Py1= 21 cos ¢ — b, sin ¢ — x sin @ sin ¢ + csin ¢ cos ¢ '
and
Pua = fy (25 sin ¢ — by, cos ¢ + x4 cos ¢ sin p — ccos ¢ cos @) 427)

25 €os ¢ — by sin ¢ — x4 sin @ sin ¢ + csin ¢ cos @

Case 3: If the plants are aligned well on a straight-line edge planting bed, and the heading angle
of the field robot and the position components of plants in the y-direction are constants, such that

¢ = 0° and ¥} = vy, = c, the relative pixel position in Eqs. (4.13-4.16) can be simplified as

Pe1 = [fu (2] 4+ b2)]/ (2] cos ¢ — b, sin ¢ + csin @) (4.28)

P2 = fo (2h +by) /(25 cos ¢ — by sin ¢ + c¢sin ) (4.29)

_ Jylzising — (b, + ) cos ]
Pyt = 2y cos¢+ (¢ —by)sing (4.30)

and

_ fyl#5sing — (b, + c) cos ¢
Py2 = zhcosp + (¢ —by)sing (4.31)

According to Assumption 2 and Assumption 3, 2} and 2} in Eq. (4.19) are 2] = 25, = b, — h, + h,,
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thus the relative pixel position of adjacent plants in Eq. (4.12) can be simplified as

o — | @)
0
, where
m = f,/[zcos ¢+ (c —by)sin @] (4.33)

The measurements obtained from the images are the relative pixel positions of adjacent plants as

T
y = [l oLl (434)

(P)

(P)
rel,x el

T 7y

, where p and p are the relative pixel position components along the = and y directions,

respectively. The measurement model is defined as

h(z,v,t) = pl)p, +v (4.35)

, where pg} p, 1s the relative pixel position derived in Eq. (4.12), and v € R2*! is a zero mean

Gaussian noise with a covariance matrix of R.

Extended Kalman Filter

The detailed steps for developing the EKF are following [46—48]. The partial derivative matrices
at the current state estimate are

A=0f/ozl; (436)

L= ofowls (437)
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C = oh/0as (438)

and

M = 0h/ov|; (4.39)

, where & is the state estimate, f is the process function in Eq. (4.2), and h is the measurement

function in Eq. (4.35), respectively.

Remark 3. The experiments were conducted in a commercial strawberry farm, of which the plant-
ing beds do not have straight line edges and some plants are not perfectly aligned. Therefore, the
partial derivatives in Eq. (4.36) through Eq. (4.39) are derived based on the general equations in

Egs. (4.12-4.19), as shown in Appendix A.
The update equation of state covariance matrix Pis
P=AP+ PAT+Q— PCTR'CP (4.40)

, where @ and R are defined as

Q=LQL" (4.41)
and
R=MRMT (4.42)
The Kalman gain is calculated by
K = PCTR™! (4.43)
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The state estimate & is updated using
&= f(z,u,wyt)+ Ky — h (&, 1) (4.44)

, where w( and v, are the zero nominal noise values.

The absolute positions of the plants are determined by the estimate relative positions of adjacent

plants. The first plant of the detected rows is selected as the origin point of €2;.

Experiment Validation and Discussions

Experiment Settings

The experiments of plant alive status detection and localization are conducted with a custom de-
signed differential-drive ground robot in a commercial strawberry farm as shown in Fig. 4.3. The
robot specifications can be found in [45,49]. The robot moves about 10m along the strawberry
bed with a constant speed of 0.23 m/s, covering thirty-four strawberry plants. The first plant is set
as the origin point of {2;. We use a tape to measure the true values of the relative and absolution
positions of plants. A digital camera with a resolution of 1280x720 pixels captures videos at 30
fps. The images are then rescaled to be 600x338 pixels using the command “imresize” in MAT-
LAB 2015b to reduce the computational cost. All the images are processed offline at 5 fps, and the

actual size of each pixel square is about 0.16x0.16 cm?.
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Figure 4.3: The ground robot in a strawberry farm

Plant Localization Validation

In the last step of plant localization experiment, the measurement inputs of relative pixel positions
of adjacent plants are calculated using the difference between the centroids. A linear interpolation
technique is applied to increase the data points among all the images. Fp, (), and R in Egs. (4.40-
4.43) are tuned to be

Py = diag {[0.01 0.01 0.01 0.01 0.01 35 35|} (4.45)

Q = diag {[0.10.10.10.10.110 10]} (4.46)
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and

R = diag {10 10]} (4.47)

The measured and estimated relative positions are shown in Fig. 4.4, in which the estimated relative
positions in the x and y directions follow the measurements. The mean errors are 2.24 cm in the x

direction and 0.49 cm in the y direction, respectively, as shown in Fig. 4.5.

The measured and estimated absolute positions of plants are shown in Fig. 9. The estimated posi-
tions of the strawberry plants follow the measured positions. The errors in the z and y directions
are cumulative errors as shown in Fig. 10. The mean errors are 3.06 cm in the x direction and 0.51

cm in the y direction, respectively, which meet the centimeter level accuracy requirement.

in x (cm)

Relative Position

0 5 10 15 20 25 30 35

Relative Position

0 5 10 15 20 25 30 35
Pairs of Adjacent Plants

(b)

Figure 4.4: The measured and estimated relative positions of adjacent plants. (a) Relative positions
in the x direction, and (b) relative position in the y direction. The squared line and the stared line

represent the measurements and the estimates, respectively
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Figure 4.5: The errors between the measured and estimated relative positions. (a) The error in the

x direction, and (b) the error in the y direction

Figure 4.6: The measured and estimated absolute positions of the strawberry plants in the field.

The squared line and the stared line represent the measurements and the estimates, respectively
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Figure 4.7: The errors of the measured and estimated absolute positions. (a) The error in the z

direction, and (b) the error in the y direction
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CHAPTER 5: Strawberry Plant Nutrient Deficiency Detection

For strawberry crops, deficiencies in nitrogen (N), phosphorus (P), and potassium (K) are prevalent.
Figure 5.1 presents some strawberry leaf images when the crops are healthy or are experiencing
the N, P, and K deficiencies. For example, when the crop suffers the K-deficiency, scorch color
appears along the edge of leaflets as shown in Fig. 5.1 (b). If the crop is experiencing the N-
deficiency, the color of leaflet alters from healthy green (i.e., Fig. 5.1 (a)) to yellow-green (i.e.,
Fig. 5.1 (d)). If the crop is under the P-deficiency, some purple colors are expected as shown in
Fig. 5.1(c). Thus, such observable color features and their distribution patterns can be used to
detect or predict possible nutrient deficiencies. It is worth noting that sometimes crops could suffer

multiple nutrient deficiencies (i.e., Fig. 5.1(e) and (f)).
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(c) P deficiency

(oo

(d) N deficiency (e) N and K deficiencies (f) N, P, and K deficiencies

Figure 5.1: Deficiencies on strawberry leaf. (a)-(c) are provided by Dr. Shinsuke Agehara from the
University of Florida, and (d)-(f) are captured from the Pappy’s Patch in Orlando, FL and labeled

by Dr. Shinsuke Agehara from the University of Florida

Problem Definition

There are two steps involved in the proposed nutrient deficiency detection method. As shown in
Fig. 5.2, in Step 1, the target strawberry leaflet is segmented using the Sobel operator [50] and
morphology techniques [11] from leaf image. The deficiency color is recognized by the C-R indi-
cies and its pattern is calculated using the method we discuss next. In Step 2, the color and pattern
information is used to determine the possible nutrient deficiencies. The pattern recognition accu-
racy of the deficiency of strawberry leaflet is expected to achieve 95%, and the nutrient deficiency

detection should approach the human-level inspection level.

39



Capture R ding the
P Leaflet Deficient Color ceorams
Leaf . . Deficient colors
Segmentation Detection

Image and its patterns

!

1

1 Defici Analysis the

| Step 2: Leaf Deficiency Detection eliciency Deficient colors
| Detection .

) and its patterns

Figure 5.2: The procedure of the proposed nutrient deficiency detection method

Nutrient Deficiency Detection

The colors and their distribution patterns on a plant leaf are the main characters to identify the
deficiencies. According to [34], ten out of thirteen strawberry plant deficiencies can be identified
only by its color and color distribution pattern, and the other 3 deficiencies can be identified by the

shape of those leaves.

Leaf Segmentation with Sobel Operator

In fields, leaves are interlaced among each other. It is necessary to segment the target leaflet before
conducting the deficiency detection. In this study, a bilateral filter is used first to reduce the image
noise [51]. Different from using a Gaussian filter [52], the bilateral filter not only can reduce the

noise, but also can better preserve edge information.
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The Sobel operator is a first derivative edge detection algorithm [53], which includes two 3x3
kernels as shown in Fig. 5.3. Comparing with the other operators, such as the 2" order Laplace or

the Robert operators [54,55], it has relatively smaller kernels and is less sensitive to the noise.

1 2 -1 -1 0 1
0 0 0 2 0 2
1 2 1 -1 0 1

Figure 5.3: The 3x3 kernels of Sobel operator. The images are cited from [11,53]

The edges in the image are detected by calculating the gradient as [53]
9(,7) =/ SE+ 5] (5.1)

, where S, and S, represent the partial derivatives of pixel P in the = and y directions and are

defined as [50, 56]

—{f-Li-D+2f(-1)+f-17+1)}

(5.2)
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and

S, ={f(—1j+1)+2f(i,j+ 1)+ f(i+1,5+1)}

(5.3)
, where f (i, 7) is the gray scale value of a pixel P (i, j).
A sensitivity threshold value & is introduced to extract the edges, such that if
g(i,j) =k (5.4

Then the pixel P (7, j) is the edge. Here, k = 0.07.

The leaf segmentation is processed in MATLAB R2018b. To strengthen the segmentation, a me-
dian filter and the morphology operations, such as dilation and erosion, are applied by using the
commands “medfilt2”, “imerode”, and “imdilate”. The center point of the leaflet is then deter-

mined by the command “regionprops”.

Nutrient Deficiency Symptom Pattern Recognition

The nutrient deficiency symptom pattern recognition includes two parts: nutrient deficiency color

feature extraction and distribution pattern examination.

Nutrient Deficiency Color Feature Recognition

The C-R indices are used to extract the color features of the leaves with nutrient deficiencies.
As shown in Table 1.1, the strawberry leaflet turns yellow-green, purple, or scorch when it is

experiencing nitrogen, phosphorus, or potassium deficiencies, respectively. According to a plant
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scientist the purple and scorch colors in strawberry plants are the red color with different shades.
In this study, the red color discussed in Section 2 is divided into two color categories: scorch and
purple. To define the purple and scorch colors of strawberry plants, 3775 scorch pixels and 35313
purple pixels are collected from the field images. As shown in Fig. 5.4, the distributions of the
C-R indices N and K of the scorch and purple colors have similar distributions, while the index
M implies a different distribution between the scorch and purple colors. Further, the distributions
of the values of R, G, and B are analyzed. As shown in Fig. 5.5, the values of R of the scorch
and purple are distinct: the mean values of R of the purple and scorch colors are 227 and 128,
respectively. Therefore, a threshold can be set to distinguish the scorch and purple colors as in

Definition 6.

Definition 6. If the color of pixel P is identified as “red” according to Lemma 3, and the value
of R is less than 130, then the color of P is defined as “scorch”. Otherwise the “red” pixel P is

defined as “purple”.

S

215 {2 2
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(@) (b) (c)

Figure 5.4: The C-R indices of the scorch and purple pixels of strawberry deficiency: (a) the M
index, (b) the NV index, and (c) the K index.
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Figure 5.5: The R, GG, and B values of the scorch and purple pixels of strawberry deficiency: (a)
the R value, (b) the GG value, and (c) the B value.

In Chapter 2, Lemma 1 introduced and proven the ranges of C-R indices for detecting the green
pixels. In the nutrient deficiency detection, the green colors defined in Definition 2 need to be
divided into two independent green color sets: the healthy green and the yellow-green, in which
the healthy green color describes a green pixel presented in healthy leaves, while the yellow-
green color describes a green pixel suffers N-deficiency. To investigate the differences of the C-R
index ranges between the healthy green color and the yellow-green color, Fig. 5.6 analyzes 3395
healthy green colors and 26640 yellow-green colors collected from the strawberry leaf images. As
shown in Fig. 5.6, the C-R indices M, N and K of the healthy green and yellow-green colors are
distinct. Therefore, the C-R indices ranges for detecting the yellow-green colors can be adjusted
experimentally as M € [0.8,1.025], N € (0.4,0.57), and K € (0.4,0.7), while the C-R indices
ranges of M € [0.5,0.7], N € (0.6,1], and K € (1.1, 00) can be used to detect the healthy green

color.
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Figure 5.6: The C-R indices of the healthy green and yellow-green pixels of strawberry leaves: (a)

the M index, (b) the NV index, and (c¢) the K index.

Color Distribution Pattern Recognition

The color distribution pattern recognition is to identify the location and pattern of those deficiency
colors on a strawberry leaflet. In plant science, the inspection regions of a leaflet can be divided
into three areas: marginal, sub-marginal, and internal. As shown in Fig. 5.7, the marginal area is
defined as the contour of a leaflet. The centers of the detected color regions are determined. The

distance I = [ly, s, ..., lk]T between the center point O of the leaflet to the centroids Oy, of the k"

detected color regions is measured as

li (O, Og) =[O — Okll2 (5.5)

The internal area is then defined as an enclosed circle with a radius of r, which is defined as

1
— L }
3 12[11% i (5.6)
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The sub-marginal is the area between the marginal and the internal areas.

Marginal

Sub-
Marginal

Internal

Figure 5.7: The definition of the distribution area of nutrient deficiency

Nutrient Deficiency Detection via Leaf Feature Extraction

The procedures of the nutrient deficiency detection approach are: (1) the target leaflet is segmented
from an uncertain background by using the Sobel operator and morphology techniques, (2) the
deficiency patterns of the leaflet are recognized with the C-R indices. (3) The deficiencies are
determined with the information of the extraceted leaf features. [34]. It is worth noting that only

the nitrogen, phosphorus, and potassium of the strawberry are studies here.

Fig. 5.8 shows an example of how to apply the proposed nutrient deficiency detection approach
on a strawberry leaflet. Fig. 5.8 (a) is a leaflet image collected from a commercial strawberry
farm. The Sobel operator and the morphology techniques are applied to segment the leaflet from
the surroundings as shown in Fig. 5.8 (b). The marginal area is the area along the contour of the

leaflet. The center point O of the leaflet is then determined and marked as the red point in Fig. 5.8
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(c). Sixty-four deficient regions of this leaflet are detected and the centroids Oy, k£ = 1,...64 of
the detected deficient regions are marks as green points in Fig. 5.8 (¢). The distances between the
leaflet center O to the centroids O;, are examined, where the maximum distance and the minimum
distance are 714.18 pixels and 151.67 pixels, respectively. According to Eq. (5.6), the radius of

the circle for determining the internal area is

r= 3 ierﬁf%?)‘i] [; = 238.06 pixels 5.7

Then the internal area of the leaflet is determined by a circle area with the radius of r as shown in

Fig. 5.8 (c). The sub-marginal area is the area between the marginal and the internal areas.

The proposed C-R indices ranges are used to extract the nutrient deficiency colors features. The
detected nutrient deficiency colors and distributions are shown in Fig. 5.8 (c). Table 5.1 analyzes
the results of the inspection. The nutrient deficiency color includes the yellow-green, purple, and
scorch, which are represented by the colors green, purple, and brown in Fig. 5.8 (c), respectively.
The inspection region includes the marginal, sub-marginal, and internal areas which have been
properly determined. The binary value (1 or 0) in the Table 5.1 indicates if the nutrient deficiency
color appears in that inspection region. The nutrient deficiency are detect by the extracted color
features and distribution patterns. According to the [34], the leaflet in Fig. 5.8 (a) suffers nitrogen,

phosphorus, and potassium deficiencies.
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Table 5.1: Nutrient deficiency color and color distribution pattern inspection by using the C-R

indices

Nutrient Deficiency Colors
Yellow-green | Purple | Scorch

Inspection Region

Marginal 1 1 1
Sub-marginal 1 1 1
Internal 1 1 0
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Figure 5.8: Strawberry plant nutrient deficiency detection using the proposed approach. (a) A
leaflet in the field, (b) the segmented leaf using the Sobel operator, and (c) the characterized colors

and their locations. The image is captured from Pappy’s Patch on Feb. 23, 2019.
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Experimental Validation

Experiment Setting

The proposed nutrition deficiency detection algorithm is validated with a total of 110 strawberry
leaflet images in the experiment. The images are collected with an Apple iPhone X from a local
commercial strawberry farm in Orlando, Florida. The resolution of the images is 1226x1343 pixels.
The detection algorithm is programmed and operated in Matlab 2018b with a 2.50GHz Intel(R)
Core(TM) 17-6500U CPU, 12 GB RAM, and 64-bit Windows 10 Home operating system. The
leaflets are labeled by a plant scientist from the University of Florida to validate the performance

of the nutrition deficiency detection approach.

Nutrient Deficiency Symptom Pattern Recognition

The leaflets are segmented from natural field backgrounds by using the Sobel operator and mor-
phology techniques. The feature extraction method is applied on each image by examining the
nutrient deficiency colors and its patterns. The result shows that all deficiency patterns are cor-

rectly recognized, and the success rate achieves 100%.

Nutrient Deficiency Detection via Leaf Feature Extraction

The leaflet features are extracted by using the proposed C-R indices. The average process time is
1.41 s. Three statistics indices are applied to evaluate the performance of the deficiency detection

approach: precision, recall, and accuracy, which are defined as follows [57].

. # True Positive (5.8)
recision = .
p # True Positive + # False Positive
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recall =

and

recall =

, where the true positive is defined as the total number of the detection approach correctly points
out labeled deficiencies, the false positive is the total number of the detection approach falsely
points out the deficiencies, and the false negative is the detection approach fails to point out the
labeled deficiencies. As shown in Table 5.2, the precision and recall are high, and the accuracy rate

achieves 96.36%. Thus, we can argue that the proposed nutrition deficiency detection method via

# True Positive

# True Positive + # False Negative

# Correctly detected deficiencies

The total number of the leaflets

image leaf feature extraction can achieve the human-level inspection.

Table 5.2: Performance of the nutrition deficiency detection approach in strawberry leaflets

Index

Precision(%)

Recall(%)

Accuracy(%)

Result

97.24

99.07

96.36

51




CHAPTER 6: IMPROVED CONTROL AFFINE, APPROXIMATED
WHEEL TERRAIN INTERACTION MODEL FOR A GROUND
SCOUTING ROBOT

This work appeared in [58], from Menendez-Aponte, P., Kong, X. and Xu, Y., An Approximated,
Control Affine Model for a Strawberry Field Scouting Robot Considering WheelTerrain Interac-

tion, Robotica, March, 2019.

The approximated, control affine wheel Terrain interaction model (WTIM) for a ground scouting
robot was initially done by Pablo Menendez-Aponte in his Master thesis [59]. The longitudinal
and the lateral forces were approximated by an exponential function of the slip ratio and a linear
function of slip angle. However, the huge errors (around 40%) between the approximated model
and the experimental data can not meet the requirements. In this chapter, an improved approxi-
mated WTIM model is proposed. Different from [59], the longitudinal force is curve-fitted using
a polynomial function of the slip ratio, while the lateral force is curve-fitted using an exponential
function of both the slip ratio and slip angle. It is worth noting that the derivations of the kinematic
model of the skid steer, the dynamic model of the field robot, and the EKF are omitted in this

chapter. Those derivations can be found in [59].

Terramechanics WTIM Simulation

The derived WTIM is simulated for single-wheel, linear motion. The simulation results are used
to analyze the relationships among slip/skid ratio, slip angle, longitudinal force, and lateral force.
The parameters related to off-road soils are taken from [60]. The longitudinal and lateral forces

are evaluated as the slip ratio varies from -0.5 to 0.5 and the slip angle varies from 0° to 16°
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following [60,61].

As shown in Fig. 6.1, the longitudinal force F,, , varies significantly with respect to the slip ratio A
due to the changing shear deformation; while it maintains relatively stationary when the slip angle
B changes. It can be seen in Fig. 6.2 that the lateral force F;, , depends not only on A but also on

B. It is worth noting that the simulation results achieved here match well with the results shown

in [61].
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Figure 6.2: Lateral reaction force simulated using the full WTIM with a torus shape.
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Approximated Wheel Terrain Interaction Model

While the terramechanic model shown in Section 3.1 allows for accurate simulation and analysis of
the wheel-terrain interaction forces in soft terrain, it does not have a control affine format [62—64]
and thus is not convenient for guidance, navigation, and control design. Also, the full WTIM
is computationally expensive. A large body of research has shown that A and (3 are two critical
elements in off-road wheel-terrain interactions [60, 61,63-69]. Based on Fig. 6.1, a polynominal

function is used to approxmiate the longitudinal force £, , as

k
Fuo=Y e\ (6.1)
, where ¢;,7 = 0, 1, ..., k are the parameters of the polynomial function.

Observing the trend of lateral force in Fig. 6.2, F, , decreases when the slip ratio A increases and

increases along 3 increases. Thus we approximate F), , as

Fuy=—di1 (ds+ e %) (6.2)
, where d;, dy and d3 are the parameters to be identified.

Two criteria are used to quantify the performance of the approximation: the mean absolute error
(MAE) and the R-square value. In Table I, it can be seen that the 4" order polynomials MAE value
is the lowest, while the R-square value increases as the order of the polynomial fit increases. How-
ever, it is worth mentioning that a higher order polynomial will have higher computational costs
and will introduce more parameters which must be identified. Therefore, a 4"* order polynomial
was chosen to approximate the longitudinal force in this study. Table II lists the performance of

the approximation for the lateral force. Here, the MAE values are below 0.15 while the R-square
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values are all above 0.99 for each slip angle case. Thus, we can argue that the approximated WTIM
longitudinal force and lateral force can be used when controlling the field robot. Any approxima-
tion errors can be handled by a well-tuned robust or adaptive controller. It is worth noting that the
parameters obtained offline via the least squares approach can be used as initial guesses; the actual
values can vary with terrain conditions, and should be identified online via the extended Kalman

Filter (EKF), discussed in a later section.

Table 6.1: Goodness of fit for the longitudinal force in the approximated WTIM

Slip angle
=1 f=g B =12 B =16
Polynomial

MAE 0.7366 0.6491 0.5311 0.4204
374 order

R-square 0.9887 0.9923 0.9956 0.9977

MAE 0.5110 0.4433 0.3672 0.3174
4th order

R-square 0.9955 0.9970 0.9982 0.9989

MAE 0.1575 0.1379 0.1452 0.1709
5th order

R-square 0.9994 0.9995 0.9996 0.9996

MAE 0.1267 0.1394 0.1526 0.1748
6t order

R-square 0.9996 0.9996 0.9996 0.9996
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Table 6.2: Goodness of fit for the lateral force in the approximated WTIM

Slip angle
g =4° g =8° g =12° g = 16°
Evaluation

MAE 0.0213 0.0351 0.0585 0.1254

R-square 0.9999 0.9999 0.9998 0.9996

Approximated Control Affine Model
The nonlinear control affine model is following the form presented in [59] as
z=f(x)+g(x)u (6.3)
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, where & € R11*! 4 € R?*! are the state vector and control variables presented in [59]. f (x) €

11 and g (x) € R*? are the state function and control input matrix, which are defined as

brgn+ 2 [Shge (M + )] /m
~tpig — di [k (1 + Bs) + ku (B2 + Ba)] /m

{2W S e (N = M) + i Lk (B — ) + Ja (81 — B)] /1

o,

o
f(z) = ar (6.4)
I
/ (97 + @7)
/ (95 + 43)
/ (93
/ (v

T — Y121

+ a5

(d

(Tofjz — Yoo
(L33 — Ysi's
(d

)
)
)
)

3)
T4ty — Yaiia) [ (Y3 + 23)

and
T

000 ks O gop 0 0 0 0 O
g(z)= (6.5)
00 0 0 ks 0 gy 0 0 0 0

In the obtained control-affine approximated model, the unknown parameters ¢;,7 = 0, ..., 4, and

d;,1 = 1,2,3 will be estimated via an EKF.

States and Unknown Parameters Estimation

Directly measuring the unknown parameters c;,¢ = 0,1,2,3,4 and d;,7 = 1,2, 3 in the derived

model is challenging. Furthermore, these parameters vary with different terrains, such as loamy
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soils and sandy soils. To tackle these issues, a hybrid EKF is developed to estimate the unknown
parameters of the proposed approximated WTIM, such that the propagated state variables can

match experimental data.

The state variables and the unknown parameters to be simultaneously estimated are

. T
Lext = |:'IR7 YR, w}% Wy, Wy, Co, C1, C2, C3, C4, d17 d27 d3 (66)

The measurements are presented in [59]. The process model and the measurement model can be

expressed, respectively, as

_TLRy'R +2 [Zfzo ¢ (AF + )\f)] /m_ _W1 ]
Yr Wo
Ur ws
—k w, Wy
—k,wy W5
0 Wg

Jewt (Tewt, u, W) = 0 + | wy (6.7)

0 Wy
0 Wy

0 Wio
0 Wit

0 W12

L 0 i | W13 |
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and

drgn+2 [Shoe (M + )] /m Vi
—rir — dy [k (B1+ Bs) + ki (B2 + Ba)] /m V2
h (Text, V) = . + |vs (6.8)
Wy V4
Wy Vs

, where w = [WZ-]Z‘:LW’13 and v = [v;];—1,_5 are assumed to be zero mean white Gaussian noises
with covariances of Q and R, respectively. The detailed steps in designing the hybrid EKF can be
found in [46].

Experiment Validation

A scouting experiment is conducted to validate the EKF algorithm in estimating the state variables
and the unknown parameters of the approximated, control affine model. Here, the Disease Detec-
tion Agricultural Ground Robot (“DDAGR”), shown in Fig. 5, is used as the robot platform, and
is commanded to cover three strawberry rows in a commercial farm. Afterwards, the EKF is run

off-line using the data acquired in the experiment.
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Figure 6.3: DDAGR in front of a strawberry bed in a commercial strawberry orchard.

Experiment Validation

The experiment is conducted in a sandy loam commercial strawberry farm. The strawberry bed
size is about 1m and the spacing between beds is roughly 0.5m. The scouting path consists of two
phases as shown in Fig. 6.4. Phase 1 is referred to as the over-bed motion. Here, the robot scouts
over the bed along the bed centerline with a constant speed. Phase 2 is referred to as the cross-bed
motion, which is further separated as three sections. First, a 90° in-site rotation is taken after the
robot passes the headland of the current row (Phase 2.1). Second, a translation allows DDAGR
to move towards the next row (Phase 2.2). Finally, another 90° in-site rotation makes the robot
align with the next row (Phase 2.3). A PID controller and a sliding mode controller are applied to
the over-bed motion and the cross-bed motion, respectively [45]. The wheel angular velocities are

varied at the time instances as listed in Table 6.3 with a time step of At = 0.13s.
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Figure 6.4: A scouting path covering three rows in a commercial strawberry farm.

The initial error covariance matrix F,, the process covariance matrix (), and the measurement

covariance matrix 12 used in the experiment, respectively, are

Py = diag{[0.01 0.01 1 0.002 0.002 10 10 10 10 10 10 10 10]} (6.9)
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and

diag {[10 10 600000 100 100 11111111] x 1075} ,0s < t < 118.69s

diag {[60000 15000 200000 100 100 11111111] x 107°},118.69s < t < 134.165
diag {[40000 10000 10000 10000 10000 111111 11] x 1075} ,134.165 < t < 142.35s
diag {[40000 40000 250000 10000 100001111111 1] x 107°},142.35s < t < 157.3s
diag {[40 10 2000 10000 100001111111 1] x 107°},157.3ss < t < 762.58s

diag {[60000 15000 500000 1000 1000 1111111 1] x 107°},762.58s < t < 777.665
diag {[40000 20000 250000 10000 100001111111 1] x 107°},777.66s < t < 785.33s
diag {[40000 20000 20000 10000 10000 1111111 1] x 1075} ,785.33s < t < 800.41s

diag {[20 1 200 10000 10000 1111111 1] x 107°},800.41s < t < 918.19s
(6.10)

R = diag{[0.015 0.1 0.015 107" 10~°] } (6.11)
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Table 6.3: Wheel bank velocities used in the scouting motion experiment

t(s) wy (rad/s) wy (rad/s)

0.00 — 118.69 0.82 0.82
118.69 — 134.16 0.32 —0.32
134.16 — 142.35 0.82 0.82
142.35 — 157.30 0.32 —0.32
157.30 — 762.58 0.82 0.82
762.58 — 777.66 —0.32 0.32
T777.66 — 785.33 0.82 0.82
785.33 — 800.41 —0.32 0.32
800.41 — 918.19 0.82 0.82

The estimated wheel angular velocities are shown in Fig. 6.5. It can be seen that the estimated
angular velocities track the measurements and match the commands listed in Table 6.3. Figure 6.6
shows the measured and estimated longitudinal velocity g, lateral velocity 3z, and yaw rate w R
respectively. The results indicate that DDAGR starts with an over-bed motion scouting over the
first strawberry bed with a longitudinal velocity about 0.23m/s. At about 120s, it turns and starts
moving towards the second bed. The turning yaw rate is about 0.15rad/s, and the translation is
with a longitudinal velocity around 0.23m /s, respectively. Beginning at 160s, DDAGR scouts over
the second bed with a constant longitudinal velocity of 0.23m/s. Once it reaches the headland of
the second bed at around 790s, a cross-bed motion with a yaw rate of 0.15rad/s and a longitudinal
velocity of 0.23m /s allows the robot to move towards the third strawberry bed. From 800s to 920s,
the robot scouts the third strawberry bed with a longitudinal velocity of 0.23m/s. The trace value

of the error covariance matrix is shown in Fig. 6.7, indicating that the EKF is stable and works
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properly.

Figure 6.8 shows the estimated scouting motion trajectory. The estimated trajectory is obtained
by integrating the estimated velocities. Referring to Fig. 6.6, DDAGR moves forward along the
centerline of the first bed with a longitudinal velocity of 0.23m/s. After traveling about 30m, it
reaches the headland of the first bed. The robot moves from the first bed to the second bed between
120s and 160s, then starts scouting over the second bed for about 130m. DDAGR moves towards

the third bed from 760s to 800s, scouts 40m in the third bed, then stops.

Figure 6.9 shows the estimates of unknown parameters of the approximated WTIM ¢;,72 = 0, 1,2, 3,4
and a@-, 1 = 1,2, 3. Due to varying terrain and motion conditions, the estimated parameters are sta-
bilized at different values for different sections and phases. However all these estimated parameters
vary within a small range. Therefore, it is not a challenging task to design a proper controller that

is robust or adaptive with respect to such parametric uncertainties.
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Figure 6.5: Measured and estimated wheel velocities of DDAGR in the scouting motion: (a) left

wheel angular velocity and (b) right wheel angular velocity. The dotted and solid lines represent

the measurement and estimation, respectively.
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Figure 6.6: Measured and estimated velocities of DDAGR in the scouting motion: (a) longitudi-

nal velocity, (b) lateral velocity, and (c) yaw rate, where the dotted and solid lines represent the

measurement and estimation, respectively.
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Figure 6.7: Trace of the error covariance matrix of DDAGR in the scouting motion.
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Figure 6.9: Parameter estimation of DDAGR approximated WTIM in the scouting motion: ¢,
1, Ca, C3, and ¢, are the parameters in the longitudinal force model; while cil, cZQ, and 623 are the

parameters in the lateral force model.
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CHAPTER 7: CONCLUSION AND FUTURE WORK

Conclusions

In Chapter 2, the new color-ratio (C-R) index is proposed to detect green, yellow, and red colors.
The simulations manifest that the proposed C-R indices can be used to detect the green, yellow,

and red colors in the color space, instead of using the hue values.

In Chapter 3, a new plant alive status detection method by using the C-R indices is proposed. The
proposed method is successfully validated in a commercial strawberry farm. 100% of the plants
are successfully detected and all 27 alive plants and 7 dead plants are correctly recognized. The
C-R indices method is proven to be robust with respect to varying light conditions (e.g., different

time of a day, different weather conditions, and different growing stages).

In Chapter 4, a differential style approach is developed for plant localization by using the relative
pixel positions of adjacent plants. An extended Kalman filter is developed to estimate both the
relative and absolute positions of plants. A centimeter level estimate accuracy is achieved by the

low cost and lightweight plant localization method.

In Chapter 5, an image-based low-cost plant nutrient deficiency detection method is proposed. The
experiment validates that 100% of the leaflets are successfully recognized and 96.3% deficiencies

are detected which match the human-level inspections.
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Future Work

The color-ratio (C-R) indices presented in Chapter 2 currently only considered the colors of red,
yellow, and green. A complete C-R ranges for other colors, such as violet, blue, orange, etc.,

should be investigated.

The nutrient deficiency detection method presented in Chapter 5 only focuses on nitrogen (N),
phosphorus (P), and potassium (K) deficiencies. More deficiencies could be considered in the
future. Besides, more experiments could be conducted to verify the performance of the proposed
method with different conditions, which include but not limit to different farms, different weather,
different growing stages. Finally, the chemical test of strawberry leaflet could be applied to validate

the accuracy of the deficiency detection method.

We have utilized the relationships between location and color of the leaflet image and nutrient defi-
ciency. They can regarded as input and output, respectively, in deep learning (e.g. neural network).
Therefore, one future task will be using deeping learning methods to enhance the accuracy of the

nutrient deficiency detection.
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APPENDIX A: PARTIAL DERIVATIVE MATRICES OF RELATIVE
PIXEL POSITION IN THE EKF
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A= 0f/0x|sz

-0 0 —sing
0 0 cos
0 0 0

=10 0 0
0 0 0
0 0 0
00 0

According to Eq. (4.1) and Eq. (4.12), the partial derivative matrices can be derived as

o
o

o o o o o o o
o

L= 0fowls = diag{[1, 1, 1, 1, 1, 1, 1]}

C = 0h/0z|;

0921/ 0, — Opaz/Oa,
P21/ 0Yr — Opa2/OY;
Opa,1 /0 — Ops 2/ O
Opz.1/021 — Opy 2 /011
Opa,1 /Oy — Opz2/ Oy
Opz.1/0T2 — Opy2/0xy

| Opz1/Oy2 — Opaa/Oys
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Opy.2/0x, — Opy1/0x,
Opy.2/0yr — Opy,1/Oyr
Opy.2/0p — Opy1/d¢

Opy.2/0x1 — Opy1/024
Opy,2/Oyr — Opy1 /O
Opy.2/0x2 — Opy1/0xs

8Py,Q/a?h - 8py71/8y2_ A

A brief derivation of the partial derivative matrices in Eqs. (4.36-4.39)is shown in this section.

(A.1)

(A.2)

(A.3)



and

M = 0h/Ov|s = diag {[1, 1]}

(A4)

, Where 0i/0j denotes the derivative of ¢ with respective t0 j, ¢ = py1,Ds.2,Dy1,Dy2 and j =

Ty, Yr, P, T1,Y1, T2, Y2. Then the derivative of p, ; in Eq. (4.13) with respect to z, is derived as

ap%l/axT = p:}:,l,xr + pi,l,xr

, where
. f. cosg
Pa1ar = 24 cos ¢ — b, sin ¢ — 2 sin ¢ sin ¢ + y] sin g cos ¢
and
) fesingsin g () cos  — b, + Y sin @)
p;v,l,x’r =

(2} cos ¢ — by sin ¢ — &, sin ¢ sin  + 1/} sin ¢ cos )

The derivative of p, » in Eq. (4.14) with respect to z, is

8p$,2/a$1” = p;,Z,azr + pzzv,Q,xr

, Where
. _ fecosp
2,20 2 cos ¢ — by sin ¢ — 'y sin ¢ sin ¢ + yh sin ¢ cos ¢
and
) fasin¢@sin ¢ (x4 cos p — by, + ¥ sin @)
paz,2,:m" ==

(2 cos ¢ — by sin ¢ — xfy sin ¢ sin ¢ + y4 sin ¢ cos @)2

The derivative of p, ; with respective to y,. is

8px,1/ayr - pzln,l,y'r + pi,l:?ﬂ"
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, Where

1 _ fz sin '
Pavyr = 21 cos ¢ — b, sin ¢ — 2 sin ¢ sin p + yj sin p cos ¢
and
. fusin g cos (2 cos p — b, + ¥y sin )
z,lyr —

(21 cos ¢ — b, sin ¢ — 2] sin ¢ sin  + ¥4 sin ¢ cos <p)2

The derivative of p, » with respective to y, is

3]91,2/8% = pzlr,Q,yr + p32572,yr

, Where
. _ fesing
2,7 25 cos ¢ — b, sin ¢ — x4 sin ¢ sin ¢ + y5 sin ¢ cos ¢
and
2 B fusin ¢ cos ¢ (x4 cos p — by + yh sin @)
x,2yr —

2 cos ¢ — by sin ¢ — a4 sin @ sin ¢ + ¥, sin ¢ cos )*
2 y 2 2

The derivative of p, ; with respective to ¢ is

Ope1 /09 = Dhyy+ Dory

, where
P Jr (2 sinp — y; cos )
ol 24 cos ¢ — by, sin ¢ — 2 sin ¢ sin p + yj sin g cos ¢
and
p2 — fIV£E7QD71
wle (2} cos ¢ — by sin ¢ — ' sin $sin o + 1} sin ¢ cos )
, where

Vi = 'y sin ¢ cos ¢ + )y sin ¢ sin o (2 cos ¢ — by + y; sin )
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(A.13)
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The derivative of p, » with respective to ¢ is

apa:,Q/aSD = pclc,Q,go + pi,ltp

, Where
o= Je (2 sin o — 5 cos )
T2 2h cos ¢ — by, sin ¢ — xfy sin ¢ sin ¢ + yh sin g cos ¢
and
p2 o fx‘/map,Q
©2e (2 cos ¢ — by sin ¢ — xfy sin ¢ sin  + y sin ¢ cos ©)’
, Where

Vi o2 = Ty Sin ¢ cos p + yh sin ¢ sin @ (x cos p — by + yh sin p)

The derivative of p, ; with respect to z; is derived as

0Py /01 = pglc,1,x1 + p?z,l,azl

, where
L f. cos @
P11 = 21 cos ¢ — b, sin ¢ — & sin ¢ sin ¢ + y sin ¢ cos
and
) fesin¢sin g (2 cos ¢ — b, + Y sinp)
px,l,xl =

(21 cos ¢ — by, sin ¢ — 2 sin ¢ sin ¢ + y} sin ¢ cos g0)2

The derivative of p, » with respect to z; is derived as

Opsz2/0x1 =0
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The derivative of p, ; with respect to y, is derived as

ap:c,l/ayl = Pi,l,m + pi,l,yl

, Where
pilylz 7 - fxslingo : -
- 21 cos ¢ — b, sin ¢ — 2 sin ¢ sin p + y} sin p cos ¢
and
p?:,l,yl S frsino ('zos © (x’ll C?S ¥ - b, + yi/ Si'n ©) :
(2] cos ¢ — b, sin ¢ — ) sin ¢ sin p + Y sin ¢ cos @)

The derivative of p, » with respect to y; is derived as

3px,2/3y1 =0

The derivative of p, ; with respect to x5 is derived as

8pw,1/(9962 =0

The derivative of p, » with respect to x5 is derived as

Opy,2/ 0Ty = pglc,z,xz + p?z,2,x2

, Where
1 _ f:v Cos
Popar = 25 cos ¢ — b, sin ¢ — xf sin ¢ sin ¢ + y sin ¢ cos ¢
and
9 fesin psin @ (2 cos ¢ — b, + yh sin )
p.’,U xr = . . . .
el (24 cos ¢ — by sin ¢ — 2y sin ¢ sin ¢ + y4 sin ¢ cos g0)2
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The derivative of p, ; with respect to y, is derived as

ap$,1/8y2 =0

The derivative of p, » with respect to ys is derived as

319:5,2/692 = pglc,Q,yQ + pi,Q,y2

, Where
pi2y2: 7 : fxs?ngo ; -
= 25 cos ¢ — b, sin ¢ — x4 sin ¢ sin p + yh sin g cos ¢
and
p?z,Z,y2 S frsino c‘:os © (x’Q/ C(?S © — b, + y% si‘n ©) 2
(2 cos ¢ — b, sin ¢ — x4 sin @ sin p + Y sin ¢ cos @)

The derivative of p, 5 in Eq. (4.16) with respect to z, is

apy,2/8x7" = pgly,2,mr + p§,2,xr

, where
. B fycospsing
py,2,xr - Zé COS ¢ _ by sin (b _ xlz sin ¢ sin © —+ yé sin ¢ COs @
and
. B fyVyposingsing
2 — . . . M
y,2,zr (Zé cos ¢ _ by smqﬁ _ 33/2 Sln(bSlHQO + yé Sln¢COS QO)Q
, Where

! / : /
Vo2 = 2580 ¢ — by cos ¢ + &, cos ¢ sin g — 4, cos ¢ cos ¢
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The derivative of p, ; in Eq. (4.15) with respect to z, is

ap%l/ax?" = pgl;,l,:cr + pi,l,axr

, Where
) B fycos@sing
Pyrar = 24 cos ¢ — by, sin ¢ — @ sin ¢ sin ¢ + y| sin ¢ cos ¢
and
p2 _ ny;W,l sin ¢ sin ¢
yler (2] cos ¢ — by sin ¢ — @, sin @ sin ¢ + y sin ¢ cos )
, Where

/. / . /
Vo1 = 21 sin @ — by, cos ¢ + x| cos ¢ sin ¢ — 1 cos ¢ cos ¢

The derivative of p, » with respect to ¥, is

apy,Q/ayr = p;,2,yr + p;,Z,yr

, where
. fycospcose
Dy2yr = b cosd — by sin ¢ — %y sin ¢ sin ¢ + y4 sin ¢ cos ¢
and
) JyVy.p,28in ¢ cos ¢
py,Q,yr =

(2 cos ¢ — by, sin ¢ — xy sin ¢ sin ¢ + ¥4 sin ¢ cos @)2

The derivative of p, ; with respect to y, is

apy,l/ayr = pgl/,l,yr + pz,l,yr
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, Where

S [,y cos ¢ cos
YLYT 2l cos ¢ — by sin ¢ — @ sin ¢ sin p + ¢ sin ¢ cos
and
) B fyVy o180 @ cos @
Py1yr =

The derivative of p, » with respect to ¢ is

Opy2/00 = Dyo o+ Py

(2] cos ¢ — b, sin ¢ — 2 sin ¢ sin ¢ + Y] sin ¢ cos ©)°

, where
pl, = fy (& cos ¢ cos p + y5 cos psin @)
BBE T 2y cos ¢ — by sin ¢ — x, sin ¢ sin ¢ + Y5 sin ¢ cos ¢
and
p2 _ JyVye2 (ahy sin ¢ cos ¢ + yh sin ¢ sin @)
PP (2hcos ¢ — by sin ¢ — af sin ¢ sin ¢ + v sin ¢ cos o)

The derivative of p, ; with respect to ¢ is

Opy1/0p = plll,l,w + pz,w

, where
X cos ¢ cos ¢ + 1y cos P sin @
pl — Y 1 1
PP 2 cos ¢ — by sin ¢ — @ sin gsin ¢ + yf sin ¢ cos @
and
2 Ty V.o (2 sin @ cos p + y] sin ¢ sin )
Dy =

(2} cos ¢ — by sin ¢ — &, sin ¢ sin  + 1/} sin ¢ cos )
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The derivative of p, » with respect to x; is

8py72/a$1 = O

The derivative of p, ; with respect to x; is

a]974,1/8% = pgl,,l,m + p;,l,zl

, Where
) B fycos@sing
Pyier = 2} cos ¢ — by sin ¢ — ) sin ¢ sin ¢ + y} sin ¢ cos ¢
and
2 _ fyVyp1singsing
PE (Z cos ¢ — by sin g — af sin sin @ + y] sin ¢ cos )

The derivative of p, » with respect to y; is

apy,Z/ayl =0

The derivative of p, ; with respect to y; is

Opy,1/0y1 = pz/,l,yl + p;,l,yl

, Where
p;,l,yl __ ‘ fy C(,)s?ﬁcos'go _
21 €08 @ — by sin ¢ — x sin ¢ sin ¢ + v} sin ¢ cos ¢
and
(2] cos ¢ — b, sin ¢ — ] sin ¢ sin ¢ + ] sin ¢ cos p)
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The derivative of p, » with respect to x5 is

8py72/8$2 = p;,2,$2 + p§,2,z2

, Where
) fycos@sing
Py2w2 = 2} cos ¢ — b, sin ¢ — xhy sin ¢ sin ¢ + y4 sin ¢ cos ¢
and
) B fyVyp2singsing
py,2,x2 -

(2} cos ¢ — b, sin ¢ — 2 sin ¢ sin @ + y4 sin ¢ cos ©)”

The derivative of p, ; with respect to x5 is

Bp%l/@u =0

The derivative of p, » with respect to ¥, is

Opy2/0y2 = p;/,Q,yQ + pZ,Q,yQ

, where
. B fycospcose
Dy2y2 = 2 cos ¢ — by sin ¢ — x}, sin ¢ sin ¢ + y4 sin ¢ cos
and
. _ fyVy.p,25in ¢ cos @
YRVZ (o cos ¢ — by sin ¢ — xy sin ¢ sin ¢ + y sin ¢ cos p)”

The derivative of p, ; with respect to ys is

apy,l/aQQ =0
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