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Abstract: [Objective] Accurate acquisition of vegetation type, nutritional status, and health condition
is crucial in ecological monitoring and agricultural research. Such information not only aids in the cor-
rect identification of different land cover types but also establishes a solid foundation for in-depth stud-
ies on inversion models of walnut tree canopy parameters. With the rapid development of unmanned
aerial vehicle (UAV) remote sensing technology, high-resolution multispectral imaging has become an
effective means to obtain vegetation canopy information at the individual plant scale. However, due to

spectral mixing between the target canopy and background features such as shadows, adjacent plants,
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and weeds, accurately extracting walnut canopy information remains a challenging task. This study
aims to systematically evaluate the performance of six supervised classification methods in extracting
walnut tree canopy information from UAV multispectral imagery, and to identify the most suitable meth-
od for precise canopy segmentation. [Methods] In this study, the Wen 185 walnut tree canopy was used
as the research object. UAV multispectral images were acquired as the data source using a DJI M300
RTK drone equipped with an MS600 Pro multispectral camera, which captured six spectral bands: blue
(450 nm), green (550 nm), red (660 nm), red edge 1 (720 nm), red edge 2 (750 nm), and near-infrared
(840 nm). The flight was conducted at an altitude of 100 m, achieving a spatial resolution of 3.33 cm,
with both heading and side overlaps set at 80%. Image preprocessing, including registration, stitching,
and cropping, was performed using Pix4D mapper and ENVI 5.3. Six supervised classification methods
were applied: Parallelepiped, Minimum Distance, Mahalanobis Distance, Maximum Likelihood, Sup-
port Vector Machine (SVM), and Neural Network. Training and validation samples were defined using
Region of Interest (ROI) tools, with a 7:3 split between training and validation sets. The Jeffries-Ma-
tusita and Transformed Divergence methods were used to evaluate the separability of training samples.
After initial classification, post-processing techniques including Clump, Sieve, Aggregate, and Majority/
Minority analysis were applied to optimize the classification results. Accuracy assessment was conduct-
ed using confusion matrices, overall accuracy, Kappa coefficient, commission error, omission error, pro-
ducer accuracy, and user accuracy. [Results] The study revealed significant differences in the perfor-
mance of the six classifiers before and after post-processing. The Support Vector Machine (SVM) classi-
fier, when combined with Majority processing, achieved perfect performance across all evaluation met-
rics: an overall accuracy of 100%, a Kappa coefficient of 1.000 0, and both commission and omission
errors of 0%. Additionally, the user accuracy and producer accuracy for both the walnut canopy and oth-
er land cover categories reached 100%, demonstrating the method's exceptional capability in distin-
guishing target vegetation from complex backgrounds. The Maximum Likelihood and Mahalanobis Dis-
tance classifiers also exhibited excellent results following aggregation or clustering optimization, each
attaining an overall accuracy of 99.93% with a Kappa coefficient of 0.997 8. These methods showed
strong robustness in handling spectral mixing issues, though minor misclassification persisted in non-
target categories. The Neural Network classifier, when enhanced with Majority processing, reached an
overall accuracy of 99.88% (Kappa = 0.998 1); however, it presented a slight omission error of 0.54%,
indicating a minimal tendency to under-predict walnut canopy pixels. In contrast, the Minimum Dis-
tance classifier, even after post-processing such as aggregation, attained only 85.97% overall accuracy,
with high commission errors (41.1%) observed particularly in non-canopy classes, reflecting limited dis-
criminative power in heterogeneous areas. The Parallelepiped classifier performed least favorably, with
a final accuracy of merely 64.19% after clustering optimization, accompanied by significant omission
and commission errors—26.23% for walnut and 59.78% for other features—highlighting its inadequacy
in handling complex spectral variations within high-resolution imagery. These results underscored the
critical influence of classifier selection and post-processing strategy on extraction accuracy. Advanced
methods like SVM and Maximum Likelihood, especially when paired with appropriate spatial optimiza-
tion techniques, were highly effective for precise canopy delineation, whereas traditional algorithms ex-
hibited notable limitations in high-precision agricultural remote sensing applications. [Conclusion] The
combination of Support Vector Machine (SVM) and Majority patch processing is identified as the opti-
mal method for extracting walnut tree canopy information under the current research conditions, demon-

strating extremely high classification accuracy and stability. This method achieves a perfect overall ac-
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curacy of 100%, a Kappa coefficient of 1.0, and zero commission and omission errors, confirming its su-
perior capability in distinguishing walnut canopies from complex backgrounds such as shadows, weeds,
and adjacent vegetation. Its robustness is further evidenced by consistent user and producer accuracies
of 100% for all land cover categories, making it highly suitable for precise canopy segmentation at the
individual plant scale. Other advanced classifiers, including Maximum Likelihood, Mahalanobis Dis-
tance, and Neural Networks, also show high potential when supported by appropriate post-processing
techniques. For instance, Maximum Likelihood and Mahalanobis Distance reached an overall accuracy
of 99.93% (Kappa=0.997 8) with aggregation or clustering, while the Neural Network approach
achieved 99.88% accuracy (Kappa=0.998 1) when combined with Majority processing, despite a slight
omission error of 0.54%. These methods exhibit strong performance in handling spectral mixing and
maintaining spatial consistency. In contrast, traditional classification methods such as Minimum Dis-
tance and Parallelepiped proved inadequate for high-precision extraction tasks. Even after post-process-
ing, the Minimum Distance classifier reached only 85.97% accuracy, with notably high commission er-
rors (41.1%) in non-target categories. The Parallelepiped classifier performed least favorably, with an
accuracy of 64.19%, along with substantial omission errors (26.23% for walnut, 59.78% for others), un-
derscoring its limitations in feature discrimination and applicability in heterogeneous agricultural envi-
ronments. These results highlight the importance of selecting modern high-dimensional classifiers cou-
pled with spatial optimization techniques for accurate vegetation mapping in precision agriculture appli-
cations.
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Table 1 Parameter values of M300 RTK and MS600 pro multispectral cameras for unmanned aerial vehicles

FEHZH ZHH FEHSH ZHE
Main parameters Parameter value Main parameters Parameter value
5 Model M300 RTK 5 Model MS600 Pro £ 1 AHATL
MS600 Pro Multi spectral camera
“hiE Wheelbase 895 mm ZH e 77 =0 6% 1% #1E 6 multispectral channels
Assembly method
I ON W I RE R 2.7 kg, L K9 kg LIPNAN 1/3”
Maximum takeoff mass Maximum load capacity: 2.7 kg, maximum Target size
takeoff mass: 9 kg
TRATH [E] 55 min EERIT & 1.2 Mpx
Flight time Effective pixels
TR BT SHER:6m-s" PHR:5Sm s NRESC &J5
Maximum ascent speed S mode: 6 m- S-l’ P mode: 5 m-s” Shutter type Global
KT W sHiat:smes PRI mesT Rokmig || AR 12 bit
Maximum descent speed TR SHI: 7 m-s" Quantization bits
S mode: 5 m- s'], P mode: 3 m-s’l; Maximum
tilt descent speed S mode: 7 m- s
FRRIKF AT L SEX.23m-s , PREX:17m s W 49.5°%38.1°
Max1mum horizontal S mode: 23 m- 5.1, Pmode: 17 m-s” Field of view
flight speed
KA BUR A S 30°(PAEC HATRAALIE R 5005 H - 25°) HuTH 73 8.65 cm*h 120 m

Maximum tiltable angle

R e fi
Maximum rotational
angular velocity

R TR
Maximum flight altitude

e KA AR 52 RS
Maximum tolerable
wind speed

TARM IR E

Ambient temperature

TR AR

Satellite positioning module

30° (P mode and front vision system
enabled: 25°)

{44 :300° 5™, i i - 100 ©-s™

Pitch axis: 300° 5™, heading axis: 100 °- s
5000 m(2110 20, 2§ i #<7 kg)/7000 m
(2195 i JF i 2t i R R<T k)

5000 m (2110 propeller blades, takeoff mass
< 7 kg)/7000 m (2195 plateau silent
propeller blades, takeoff mass < 7 kg)
15m-s" (7R

15m-s’ (7 level wind)

-20~50 °C

GPS+GLONASS+BeiDou+Galileo

Ground resolution

90

Coverage width

i i
Spectral channel

Pl N
Optical window

EHRS

Host size

EHRE

Host mass

110 mx83 m+h 120 m

450 nm+30 nm, 555 nm+27 nm,
660 nm+22 nm, 720 nm+10 nm,
750 nm+10 nm, 840 nm+30 nm

S B
Sapphire optical glass window

<130 mmx160 mmx 150 mm (&4 B XD
< 130 mm x 160 mm % 150 mm (with the op-
tical axis perpendicular to the ground)

<0.67 kg
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Fig. 1 Images of walnut canopy in different bands
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port vector machine classification, kernel type=radial
basis function, gamma in kernel function=0.167, pen-
alty parameter=100, pyramid levels=0, classification
probability threshold=0) "9 i £ [% % (Neural net-
work , activation=logistic, training threshold contribu-
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Fig.2 Creating and evaluating training samples
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Fig. 3 Classification results and patch processing of parallel hexahedra
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Fig. 4 Accuracy evaluation of parallelepiped classification results
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Fig. 5 Minimum distance classification results and patch processing
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Fig. 6 Accuracy evaluation of minimum distance classification results
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A. Maximum likelihood; B. Majority analysis; C. Clustering processing; D. Filtering treatment; E. Aggregation processing.
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Fig. 7 Maximum likelihood classification results and plaque processing
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Fig. 8 Accuracy evaluation of maximum likelihood classification results
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A. Mahalanobis distance; B. Majority analysis; C. Clustering processing; D. Filtering treatment; E. Aggregation processing.
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Fig. 9 Mahalanobis distance classification results and plaque processing
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Fig. 10 Accuracy evaluation of mahalanobis distance classification results
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A. Support vector machine; B. Majority analysis; C. Clustering processing; D. Filtering treatment; E. Aggregation processing.

B 11 FFEEN D REREIIRIIE

Fig. 11 Support vector machine classification results and patch processing
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Fig. 12 Accuracy evaluation of support vector machine classification results
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Fig. 13 Neural network classification results and plaque processing
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Table 3 Accuracy evaluation of neural network classification results

Sz B N llé‘" i3 /)\'” H: Y= =) N e s S
s S W KeppaREC  BVRE  WAGE  BIERE PR
Classificr ROI Plaque removal Total Kappa Error in miscl-  Leakage Mapping User
¢ que remo accuracy/% coefficient assification/% error/% accuracy/%  accuracy/%
L% AZM 5B Original drawing 99.3554  0.9895 0.25 2.75 97.25 99.75
Neural Walnut -y rosority 4047 Majority analysis ~ 99.8838  0.998 1 0.00 0.54 99.46 100.00
network tree
% Clustering 99.218 0 0.987 2 0.00 3.63 96.37 100.00
i Filter 99.3554 0.989 5 0.00 2.75 97.25 100.00
4 Aggregation 99.830 9 0.997 2 0.63 0.00 100.00 99.37
Fofth Ji ¥l Original drawing 99.355 4 0.989 5 2.19 0.16 99.84 97.81
Other Majority 73T Majority analysis ~ 99.883 8 0.998 1 0.44 0.00 100.00 99.56
582K Clustering 99.218 0 0.987 2 2.86 0.00 100.00 97.14
1 € Filter 99.355 4 0.989 5 1.92 0.16 99.84 98.08
R4 Aggregation 99.8309 0.997 2 0.63 0.00 100.00 99.37

U 93 1R 22 0% ) BOAAZ A TR 2 42 B 38 e A vt < K
A S I G S 7E R A R ZRARAL T 11X 99.93% 4
J% (Kappa 5 %10.997 8 , (HAZ1E 2 it 70 (A Hb 4
F K FE 99.66% ) 5 i1 8 M 2% +Majority 1144 B 1A
99.88% (Kappa % %10.998 1), Jii 7 i 2 0.54% 5 F-
BAGAR 5 /N FE B+ IR A RORG BE IK 85.97% , R Ak
P o3 2R Bk 41.1% CH PR FE AN 58.9%) 3 85k
FAVEAN 5 AT 7S TH AR+ 3R 2K 1 50K T2 A 64.19%
(Kappa £%#70.392 8) , 2 26.23% %k WHiR 70 ik 2 5

59.78% FLAth Hu M) s 77 1R 22 & e H AL 43 S A% I
M (GR4A) . Mg B R ENL R KA WS
PR B8 45 6 3 T 1 B B 25 Bk ORI 1T A% 99.9% A
F& T A 48 5 1 rR /N R S AP AT /S T AR 32 R T4
TIE 53 #RRE 77 A LA 2 RS HESR I 75 5K
24 SAEI][WIE

VA 43 FEAR B AR AN [ B 25 4% 1 R 2 AL R
71, AT RE T #5050 5 1 X I8 56 e e
5, 7202546 H 20 H OB 72 11D 75 [7] — 1 56
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Table 4 Comparison between different classifiers

e PEe LR NOR R kappa REL AR E iz BIEREE HPREE
Classifier ROI Plaque Total kappa Error in miscl-  Leakage = Mapping User
removal accuracy/% coefficient  assification/%  error/% accuracy/%  accuracy/%
SPAT /N AR TR %2 Clustering 64.1883 03928 0.08 26.23 73.77 99.92
Parallelepiped Walnut tree
HAth Other %2 Clustering 64.1883  0.3928 1.51 59.78 40.22 98.49
/NI RS 12 [%2) 4 Aggregation 859710  0.6518 0.21 17.37 82.63 99.79
Minimum Walnut tree
distance HAiOther  F¥# Aggregation 859710  0.6518 41.10 0.69 99.31 58.90
IZINIPIS 20 %4 Aggregation 99.9309  0.997 8 0.00 0.09 99.91 100.00
Maximum Walnut tree
likelihood HAtiOther T4 Aggregation 99.9309  0.9978 0.34 0.00 100.00 99.66
L IGEE RS 2R REEE 99.9309  0.997 8 0.00 0.09 99.91 100.00
Mabhalanobis Walnut tree Aggregation, Clustering
distance HAtOther — HAr 99.9309  0.997 8 0.34 0.00 100.00 99.66
Aggregation, Clustering
REA AL R Majority 73 H7 100.000 0 1.000 0 0.00 0.00 100.00 100.00
Support Vector ~ Walnut tree Majority analysis
Machine HAthOther  Majority 457 100.000 0  1.000 0 0.08 0.00 100.00 99.92
Majority analysis
P X 2% 2R Majority 73 #7 99.8838  0.998 1 0.00 0.54 99.46 100.00
Neural Walnut tree Majority analysis
network HAlrOther  Majority 4 #7 99.8838  0.998 1 0.44 0.00 100.00 99.56

Majority analysis
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