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Abstract Seeding using drones is more efficient than the conventional method because it offers extensive
access to rough areas, making it an emerging solution to the labor shortage problem caused by the aging
population and the avoidance of rural areas. On the other hand, research on seeding drones in Korea
is still at the basic research level, and the method for evaluating seeding performance is also inefficient
due to traditional hand-counting methods. Therefore, in this study, to automate the seeding
performance evaluation method for drones, the seeding performance was evaluated through density
estimation in images using semi-supervised learning with deep learning models. The training data
consisted of rice seed images collected through experiments, and the training was conducted using a
model based on a convolutional neural network (CNN). Linear regression was performed to assess the
performance of the model and analyze the correlation with the ground truth. The proposed method
achieved a rice seed density estimation performance of R* = 0.99, showing that the number of seeds
could be automatically calculated in the images. The findings of this study are anticipated to facilitate
the practical applications of drone seeding performance evaluations by acquiring field-oriented data and
the performance enhancement of learning models.
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Fig. 1. Image collection system for constructing the
data set in this study
(a) The exterior of the system
(b) The internal of the system
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Ay A 2" FHEtEE 19 Real Sense (D4354,
Intel Corporation, CA, USA)7} AREEYOoH, 9
A€ Table 13} &t} A= RGB A= &3H
Fogo] y=]glon, omfje] AP shd=(resolution)
1920 > 1080, 23 Z& Y= 30fps, SHHFOV: Field
Of View) 69° x 42°0]t},

Table 1. Specification of camera

Specification
Item
RGB Depth
Output resolution 1920 X 1080 1280 X 720
Frame rate 30 fps Up to 90 fps
Field of view
H x V) 69° X 42° 87° X 58°

Ao AMEE H(Yechan, Rural Development
Administration, Republic of Korea)= HHF(TKW:
Thousand Kernel Weight)°] 2F 26.9g, & Zo]=
He 7.3 mm, HY &2 FH 3.32 mmZ F7HEH
ojdf, TKWx= v &= 1,0007§] FAE Julsid, H
o] 77], B4, &350 it B7RE E PAEF o
9] 8 7|02 ARGHUHIL
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2Rl 1084 AR &odo] Y= Q). shstlolH =
PR S48, A58, B7H8o] 6:2:29) Hl&R A%
Elo] 58(train) 1207, A5&(validation) 407, 3
71-&{test) 407422 F 2009 shsHlolE7F A=A
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Fig. 2. The process of data set construction
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Where, = denotes position of pixel in the image,
6(z—x;) denotes ground truth, G, denotes
adaptive gaussian kernel, o, denotes standard

deviation, d; denotes average distance of k

nearest neighbors.

GT count=110

GT count = 200

Fig. 3. Examples of generated density map used as
ground truth
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Fig. 4. The process of contextual modeling
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Fig. 5. Example of perturbation
(a) Original image
(b) Weak perturbation with flip
(c) Strong perturbation with mask

shY mdat WA 292 Fig, 63 Zo] VGG-19%
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Fig. 6. The architecture design of model
used in this study
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T 2% 3 =(classification head), ZH9] AA|20 U

=
T FHZe E95] A% 2 39 | =(regression
head)2 7=t 9 BEY 53¢ dl=e= 25 4
T AAFFoR R0 o, J MEP I F 2
(concatenate)S &-83510] t}ekst F37]9) EA
SlFAl EAHY 1271 oA g of, =2 &
nE2 JHet B JHE FA

SHATH15].

e Szl A

2.2.2 48

spy mEolA A% Shgo] £9E s Eq. .17

Zo] structural similarity index measure (SSIM) &
Ayl ¥5 £4(total variation loss)o] Wk 3]7] &4
e AMRE O, Eq. (2.2)¢ o] wA JER T

£y A BRo) gt &4z ARSEQT)
FFHOZ Eq. (2.3)3 &2 &4 A=Y,
APATLE wet = 0.010] AHLEATHI5,17].

L™ =1-SSIM(y® M,.y,,© M,)
+B e Lm(yaygt)

Where, y denotes estimated density, y,, denotes

2.1

ground truth, A, denotes binary segmentation

map that distinguishes dense and sparse regions
based on a threshold value, 8 denotes weight

factor, L,, represents the total variation loss

Sels 1 - -
L :ng(ygz,ivyi) (2.2)
i=1

Where, n denotes number of data, H(x,,z,) is

the cross-entropy

Lsmmt — L37'ey+ Ls”"‘ (23)

57‘6 . . .
Where, L™ is the supervised regression loss,

SL’@ . . o[ .
L™" is the supervised classification loss

WAL HE o HAoA & A shgo] E o
= 5 B9 Sl diet gy Ede 9] 9
L1 loss7k AHEEI9loH, Eq. 3. D)3Hdo] F 229 5

A szl thet <439t Bq. (3.2)% 2o] & mde]
85 o] fia £UFE THEAT. AsHos

Eq. (3.3)3 &2 &7t & A= S50l AREE T

(15].
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Where,

(3.1)

ys denotes density estimated by the

student model, y, denotes density estimated by

the teacher model.

1 n ~ N
Lig=— ZlLl (. 1) (3.2)

Where, p:, denotes probability distribution map

predicted by the student model, 1;, denotes

probability distribution map predicted by the
teacher model.

Uels

Lu/('W:Lu”W‘i‘L (33)

“’r(‘[ . . . .
Where, L ™ is the semi-supervised regression loss,

u( 5 . . . o[ .
L" is the semi-supervised classification loss

2.3 ¥s97t

2 dAqolA I Wi TA AS Aol HE B
ndo] =4 Azl izt & A4 E A7 IAESS
Bl XP= o, o ALE ATt BIINHER Eq.
(4.1} 22 A EHAHMAE: Mean Absolute Error)
o A= 2l 37] ZJolg 1Bshr] 3t Eq. (4.2)%
e Py Ao WES QXHMAPE: mean absolute
percentage error)’t AREEATH18].

MAE = —Z z — z, | 4.1
|z — z, |
MAPE = —Z x 100%(4.2)
n;= xgt
Where, = denotes estimated count, z, denotes

ground truth count.

A Shg Al gloly 2ol mE A o dee
71517] 18] Table 29} Zo] 54 € Hole9] AMg
v 285y sk 439 9 Yl A5S v|wsheict
oldfl, k&5 Il A8 ASE HolH AlES} 3k 2
3 87k AAGE W7hE HlolE HEL BE 2704
LS HlolH MEZF ARSE AT 15].

Table 2. Experimental condition for evaluating the
model performance by labeled data ratio in
training set

. Number of images
Model ~ [tabeled data ratior—ro) ) T Unlabeled
in training set - .
images images

A 1/6 20 100
B 2/6 40 80
C 3/6 60 60
D 4/6 80 40
E 5/6 100 20

T3 AA ZGeHolA9] H8-S arefste] S5To]
ol Z3EA] gk Hdf mtE AR 5 M9 ¥
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Fig. 7. Performance of seeding count by labeled
images ratio to total images in training set
(a) MAE (b) MAPE
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Fig. 9. Relationship between estimated and measured
counts in seed images
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Fig. 10. Performance of seed counting by total seed
counts within an image
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Fig. 11. Result of density estimation
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