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Introduction

Planting rice seedlings in the main field followed by periodic or intermittent irrigation is often considered a
form of dry farming. Research suggests that flood irrigation in rice cultivation is primarily favored by farmers
for its ability to control weeds and ensure a reliable water supply, rather than necessarily enhancing rice quality
or yield. Depending on the rice variety, intermittent irrigation can sometimes improve both the quality and yield
per unit area. The transplanting process in this method can be carried out manually without machinery or through
mechanized methods using a planter.

Materials and Methods

Conventional rice transplanters designed for use in flooded land are not suitable for transplanting in dry land
farming due to technical constraints. Therefore, it is necessary to develop a specialized rice transplanter tailored
for such soil condition. This transplanter encompasses essential components, including a furrow opener, coverer,
seedling storage tank or tray, seedling mechanism (distributor), seedling transfer mechanism (seedling transport
piston), end separator for seedlings in the soil, power transmission system, depth adjustment shoe, and main and
sub chassis. To evaluate the planter's performance, various parameters were assessed, including the percentage
of lost plants, the average vertical angle of plant orientation, the average spacing between plants in the crop row,
and the average number of seedlings per plant. Moreover, a factorial randomized block design was employed,
with three replications for each level of the independent variables. The independent variables were forward
speed (X1) at three levels of 0.25, 0.5, and 1 m s%, planting depth (X2) at three levels of 4, 8, and 12 cm, and the
size of the outlet opening of the seedling tray (X3) in three levels of 10, 15, and 20 mm.

Results and Discussion

The developed single-row planter features key specifications, including a working width of 250 mm, a power
requirement of 0.57 kW, a theoretical field capacity of 0.06 ha h%, and a field efficiency of 66.67%. The research
findings revealed that forward speed, planting depth, and outlet opening size, along with their interactions,
significantly impact the percentage of lost plants at the 99% confidence level. Among the three levels of forward
speed (X1), the best speed level is 0.25 m s, as it results in the lowest percentage of lost seedlings. As the
forward speed increases, the percentage of lost seedlings increases. The lowest percentage of lost plants (Y1)
occurs at the planting depth of 8 cm and an outlet opening size of 20 mm. Furthermore, forward speed, planting
depth, and their interaction have a noteworthy influence on the vertical angle of plants are established, at the
99% confidence level. With the increase of forward speed and planting depth, the average vertical angle of
seedling establishment deviates from the vertical position. The forward speed of 0.25 meters per second and the
planting depth of 8 cm show the best results for the establishment of seedlings. The sole factor affecting the
spacing between plants in the row is the forward speed. The size of seedling tray’s outlet opening significantly
affects the number of seedlings per plant at the 99% confidence level, while planting depth affects it at the 95%
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confidence level.

Conclusion

Given the recent water crisis, adopting the dry rice farming method and using transplanters offers a viable
solution for managing and conserving water in agriculture. Implementing dry planting with a custom-made
transplanter yields several benefits, including reduced water consumption, lower cultivation costs, improved soil
aeration, increased efficiency, and simplified planting processes. Utilizing this transplanter is an effective
strategy to decrease both the time and expenses related to transplanting, while also mechanizing rice planting in
dry fields.

Keywords: Dry farming, Forward speed, Rice paddy, Transplanter
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Table 1- General characteristics of rice dry-planter

oS

Quantity

)‘..\5-0 .\é'g
Value Unit

(oo x 4o y= x glis)l) ,5Lis slel

1830x1100x1210  mm

Dimensions of the planter (heightxwidthxlength)

Hwlous (ys) RIS (7

Net weight (without attachments)*

IS Bran Sligd ol

Total rotational power consumption

(oo xp252) Lt (s 3l

Planting tray dimensions (width x length)

Cydy ol
Number of rows
JLEEIC
effective width
Sgybey oy 81>
Maximum forward speed
©)95 lae)ze b
Theoretical farm capacity
g sl ppe b b
Real farm capacity
Slasyje 033 cups
Farm efficiency coefficient

98 kg
0.57 kw
900x10 mm
1 -
250 mm
1 ms?
0.09 ha hr!
0.06 ha hr!
66.67 YA

* The dimensions and weight of the planter does not include the water tank and the irrigation tape.
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Table 2- The value of the external diameter, the required rotational power, and the twisting torque on the pinion axis for
the planter at different confidence levels

7 03,lg (o y9luls

3 3,90 (Slyed e

(MM) gty joma o) b8 (N.m) jpove (kW) S
Outer diameter of the pinion shaft Torsional torque on the Required rotational planters
axis power*
4 3 2 1 = fy
21.52 19.54 17.00 13.55 10.08 0.57 1
21.99 19.98 17.40 13.85 20.16 1.14 2
22.67 20.60 17.99 14.28 30.24 1.71 3
23.49 21.34 18.64 14.80 40.32 2.28 4

ol o 48 )5 jkai 50 OF + TPM 3)lg0 do 13 Jly9d ()lg5 duslons (gly (o jooe (oS > o jus ®
* For calculating the rotational power, the rotation speed of the pinion axis is considered to be 540 rpm in all cases.

caliseo O\.:.,,o]ol ‘_,ul),é 9 )lfL.:ZJ L;Lmu’zp) sy d])‘\ A g j9e Yot dﬁl)‘ ),{DLS.A -y Jg-\b

Table 3- Pinion axis twist angle values for the number of planter rows at different confidence levels

(deg) ogsts s9ome iz 4195
The twist angle of the pinion axis

(N-M) 9w y9m0 32 2,y onbzeny yoliniS
Torsional torque on the pinion axis

S Gy,
Row of planters

4 3 2 1 =f,
025 039 067 167
045 071 1.23 3.6
060 089 1.60 4.07
068 102 1.86 4.70

10.08
20.16
30.24
40.32
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Table 4- Values of outer diameter and torque applied to the crankshaft axis for one to four row planter at different
confidence levels

(MmM) " doo 990 (2516 53 (N.M) S Jao yome 52 3,1 (b joladS LS iy Sy
Outer diameter of the crankshaft shaft* Torsional torgue on the pinion axis Row of planters
4 3 2 1 =f
22.03 20.01 17.48 13.87 50.40 1
2775 2521 2203 17.48 100.80 2
31.77 2887 2521 20.01 151.20 3
3498 3178 2776 22.03 201.60 4

ol ond 43,5 a5 3 o a5 B Ghnd K e jemre 5 ad
* The inner diameter of the crankshaft is half its outer diameter

il olsebl culps o, lackd) sl ghilay S Jee jomme iy 4l polie =0 Joua
Table 5- Values of crankshaft torsion angle for the number of planter rows at different confidence levels

(deg) pasts s920 i 49l S oy 32 3,lg (s y9lulS S ) olasi
The twist angle of the pinion axis  Torsional torgue on the pinion axis (N.m)  Row of planters
4 3 2 1 =f
068 1.00 314 429 50.40 1
054 080 137 344 100.80 2
047 0.69 119 3.02 151.20 3
043 0.61 108 273 201.60 4

abycawd | slady doyd it piie dw Ol wibyly 4355 ol =1 Jeds
Table 6- Variance analysis of the changes of three independent variables on the percentage of missing plants

oS gaie @il arys S8 U mrow ©larpe fgome Blage (il \ /6 bvalle
Source DF Contribution Adj SS Adj MS
Model 26 97.44% 3705.77 142.53 79.10 0.000**
X1= Forward speed (m.s) 2 10.00% 380.29 190.15 105.52 0.000**
X2= Planting depth (cm) 2 64.62% 2457.45 1228.73 681.87 0.000**
X3= Opening size (mm) 2 20.54% 781.34 390.67 216.80 0.000**
X1*X2 4 1.07% 40.64 10.16 5.64 0.001**
X1*X3 4 0.20% 7.44 1.86 1.03  0.399™
X2*X3 4 0.85% 32.42 8.11 450 0.003**
X1*X2*X3 8 0.16% 6.18 0.77 0.43 0.899™
Error 54 2.56% 97.31 1.80
Total 80 100.00%

&yl pae NS 5 782 5 720 luebl prlaws )3 (g loline oy s o %
*and ** significance at the confidence level of 95% and 99%, respectively, and ns is not significant
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Fig.6. Average Comparison; Effects of X1, X2, and X3 on Y1 using Fisher's method

G Gos g il o ) (gg by Cupuo s > A puwd
Ol V¥ IS Jlgai dn an g Ly adl oo il 2o il VY
(IS Bas 5 sy o lajon Ll 8 o8 5,8 bl
A JSs g sl b ycuws 5l sladia Joyd y cacliae 45U
o3lisl 5 (X2) )51 e Jolite Ol ke dunlio gols
(Y1) adyoion 5l slodigy doyd 5y (X3) Lis (9,5 ilad
w30 U i gy olil 1y 20> A% el a >

A LS 3os 3 X2¥X3 Jolite ol Sl el o g
o=l 9 e ol 038l Blasl e Lo Vo lad ojlusl 5 e Sl
S sass doyd i ooy 1) Wg Slal doyd oy eS8 s
Ve asled ojlul 5 e il VY (L Bas Coxdg jd ddycawd
(Hosseini & Logavi, (gs4) 5 (cuwe a8l o 3las] o Lo
5SL8 g3 i els a8 L oy (obj) yslaieas 2009)
oY) e 99 3 iy Lt 5 e 4w ) Gyl Sy
SiLie sl 516 03,8 IS5 Jitn (sla i olyics (5
o)y ind) 59y jl (ol SBldl i) g g G alols
o pize lgicds sdiuw] cladig wo)yd ¢ 4w | cladg
obis Laodly (puib)ly 428 ol MBS )5 (qw) 3)90 dtusly
9 i) 59y aSy Aol (1S0Lee 1 (9ydy Co 40D
W09 blixe 3l ClSS adls gy jl sy b Bl

dw le jl g o osaliine £ SS Jhges jd &S jeb len

4l g yier VO Sy o (it (X1) 9y ooy il
o pl 4 basye by I sladia dopd (eSS (e Sl
Sy dox ol 4 g5 e Jdged o ygie gy b ol Cs oo
Oili8l ady e wd | oladie duoyd (g piny Cuo o yiul3al b oS
Mide oy pieS (X2) (oSS 5oe alists polaw (gl b o
Gy c(Yl) 4.»3)&._;».) )I LSLQM_:}» doyd Ay 109_5)40 u&,l.m
5 LS (glol gols wlol .28l o 551 e e A o) Lis
3500 (S5 dXB) L i (255 a0l o3la] 05 o
S dsy do ) ay baye ke jlde (eSS .ol 38,50
g b Cusl e Lo Vo ailad ol & basye Y1) adycawd
Pl e L Gaw (295 Slad 4258 (ke dunlie gl
Gos 5 (XL) gopiny oy i Sl (:Slo dusliio ol
C.]a_w 2 (Yl) d..}’é)ﬁ',._wb )‘ dL&M_:y Aoy 4 (XZ) d)lfl_mu
)1 dlﬁ’d‘—’ﬁ-’ Aoy O))—“‘"{ Dgid o odnlin 4 )9]oul_,o.m

o 9 4l 0 yior /YO gy Caspw o ) bgy o aiByund
Sled e dopd Hlade oy iy el o Sl A o)L



Yva

S als ©jygoa iy HBLLS pbile (U 5)l 9wl (] )02 g om0l

§ 30 a
< 20 c
=X d
2 15 e e e
‘€ 10 H f H
© 5
2 ] |
@ 0
S
& %@e %"e %"o %"e %"e %@e %"e %"o %"e
(4 4 4 174 4 (4 4 4 174
0.3\)‘ 0.3\)‘ 0.30\ 0.\)\( 0‘)} 0\)} J@ 1@ 1@
& & & s s “s
TR » K ” K b 0 0, 0,
() b, Qe @, @, %y % 4, P
Croy  Poy Py TG < % 7 & 2
7( d’( le 7(0 &(0 Z e( (00) (00] e,
o@ o@ (0@ %) %) (9 2 %)

b gy 3 ooliel LY 5 XI*X2 blite il gl uSbe dulie jloges =Y JSd
Fig.7. Average Comparison; Interaction effects of X1*X2 on Y1 using Fisher's method
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Fig.8. Average Comparison; Interaction effects of X2*X3 on Y1 using Fisher's method
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Table 7- Variance analysis of the changes of three independent variables on the average plant standing angle

i G @il ary 8 L prew Oy fgeme Slape (xSl Ly b value

Source DF Contribution Adj SS Adj MS
Model 26 99.21% 6940.42 266.94 259.84 0.000**
X1= Forward speed (m s) 2 28.99% 2028.42 1014.21  987.25 0.000**
X2= Planting depth (cm) 2 63.59% 444851 222425  2165.12 0.000**
X3= Opening size (mm) 2 0.03% 2.13 1.06 1.04 0.362"
X1*X2 4 6.14% 429.25 107.31 104.46 0.000**
X1*X3 4 0.01% 0.83 0.21 0.20 0.936"
X2*X3 4 0.13% 9.42 2.35 229 0.071"
X1*X2*X3 8 0.31% 21.86 2.73 2.66 0.015*

Error 54 0.79% 55.47 1.03
Total 80 100.00%

&yPline pae NS 5 722 5 720 luebsl plaws )3 (g loline o ey s g %
* and ** significance at the confidence level of 95% and 99%, respectively, and ns is not significant
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Fig.9. Average Comparison; Effects of X1 and X2 on Y2 using Fisher's method
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Fig.10. Average Comparison; Interaction effects of X1*X2 on Y2 using Fisher's method
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Table 8- Variance analysis of the changes of three independent variables on the average distance of hills
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Source DF Contribution Adj SS Adj MS
Model 26 94.76% 37.1939 1.4305 37.57 0.000**
X1= Forward speed (m.s™?) 2 92.52% 36.3158 18.1579 476.89 0.000**
X2= Planting depth (cm) 2 0.06% 0.0248 0.0124 0.33 0.724"m
X3= Opening size (mm) 2 0.37% 0.1452 0.0726 191 0.158"
X1*X2 4 0.36% 0.1398 0.0349 0.92 0.460"
X1*X3 4 0.22% 0.0848 0.0212 0.56 0.695"™
X2*X3 4 0.58% 0.2278 0.0569 150 0.216™
X1*X2*X3 8 0.65% 0.2557 0.0320 0.84 0.572"m™

Error 54 5.24% 2.0561 0.0381

Total 80 100.00%
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*and ** significance at the confidence level of 95% and 99%, respectively, and ns is not significant
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Table 9- Variance analysis of the changes of three independent variables on the average number of seedlings per plant

S g @il a2y S8 lho prew Slupe Egomme Blripe GeNibe \ /e povalue
Source DF Contribution Adj SS Adj MS
Model 26 99.21% 646.720 24.874 260.20 0.000**
X1= Forward speed (m s™) 2 0.05% 0.298 0.149 156 0.220™
X2= Planting depth (cm) 2 0.10% 0.626 0.313 3.27 0.045*
X3= Opening size (mm) 2 98.87% 644.495 322.248  3370.92 0.000**
X1*X2 4 0.04% 0.238 0.059 0.62 0.649"
X1*X3 4 0.03% 0.194 0.048 051 0.731™
X2*X3 4 0.11% 0.696 0.174 1.82 0.138™
X1*X2*X3 8 0.03% 0.173 0.022 0.23 0.984"
Error 54 0.79% 5.162 0.096
Total 80 100.00%
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* and ** significance at the confidence level of 99% and 95%, respectively, and ns of non-significance
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Introduction

Remote sensing is considered a key management tool in precision agriculture, particularly for monitoring and
identifying plant coverage. Grapes are among the most valuable horticultural crops, with Hamedan province
accounting for approximately 7.3 % of Iran's total vineyard area. This study evaluates the accuracy of vineyard
identification in Hamedan province using machine learning algorithms including support vector machine (SVM),
minimum distance (MD), and random forest (RF) models along with normalized difference vegetation index
(NDVI) and normalized difference water index (NDWI) estimated from combined optical and radar images of
Sentinel (Sentinel-1 and Sentinel-2). Based on the most accurate vineyard identification map, the maximum time
series of NDVI and NDWI of the MODIS satellite in vineyards was estimated between 2007 and 2020, and their
correlation with the actual yield of the grape crop was examined.

Materials and Methods

In this research, we first extracted images of pivotal remote sensing vegetation indicators, including NDVI
and NDWI, from Sentinel-2 images in Hamedan province in 2020. The approach of addressing speckle noise
through median pixels allowed for the acquisition of median radar images from Sentinel-1 over the designated
study area. To create high-accurate images, spectral composition was used to combine these images with the
NDVI and NDWI from Sentinel-2 images. Using these images, vineyard identification maps were generated
through classification algorithms, including support vector machine, random forest, and minimum distance
models. Training samples were used to train these algorithms. Samples from six land coverage classes involving
vineyards, were collected using a combination of field observations and Google Earth imagery. Of these, 70%
were used for training and 30% for testing the classification models. In order to assess the accuracy of the
vineyard identification maps, indicators including overall accuracy and kappa coefficient were examined.
Subsequently, the vineyard map with the highest assessment indicator was selected. Finally, using this accurate
vineyard identification map, the maximum monthly NDVI and NDWI indices estimated from MODIS sensor
images in the vineyards were calculated from 2007 to 2020, and their correlation with yields of the grape crop
was computed using Pearson correlation.

Results and Discussion

Based on the comparison of different classification algorithms for distinguishing vineyards, random forest
model along with NDVI and NDWI indices outperformed support vector machine and minimum distance
models. With regard to accuracy, however, the random forest along with the NDWI has the best overall accuracy
(95%) and kappa coefficient (0.95). The superior performance of NDWI is attributed to the high moisture levels
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in vineyards resulting from irrigation, as NDWI is particularly sensitive to variations in vegetation water content.
The lower accuracy of vineyard identification using SVM and MD models can be linked to shadow effects
caused by the canopy structure of grapevines, as well as imbalanced training data used for the support vector
machine model. Correlation analysis of real grape yields with NDVI and NDW!I of MODIS extracted from the
highest accuracy vineyards map indicates NDVI (correlation coefficient 0.81) has a stronger linear relationship
with yield than NDWI (correlation coefficient 0.75). This can be explained by NDVI's sensitivity to leaf
chlorophyll changes, which results in a strong correlation with yield.

Conclusion

Vineyards can be accurately identified using machine learning algorithms and remote sensing vegetation
indices derived from combined radar and optical satellite images. Furthermore, the strong correlation between
NDVI and grape yield enable reliable yield prediction based on NDVI time series analysis. The outcomes of this
study facilitate the identification of grape cultivation areas, improved water resourse management, the
development of optimized irrigation strategies, pre-harvest yield estimation, and the exploration of export
options.

Keywords: Minimum Distance model, NDVI index, NDWI index, Random Forest model, Support Vector
Machine model
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Fig.4. Classified images of vineyards with NDVI and NDW!I indices using various machine learning algorithms in
Hamedan province
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Fig. 5. Extracted vineyard maps of Hamadan province with NDVI and NDWI indices using the RF algorithm
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(Significance at the 5% level)
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Introduction

The increasing demand for automation in agriculture, particularly for repetitive and labor-intensive tasks, has
driven the development of robotic harvesting systems. Recent advances in computer vision, deep learning, and
the availability of large image datasets have made it possible to create robust object detection models for
agricultural applications. Traditional harvesting methods, such as bulk harvesting, often lead to fruit damage and
loss owing to non-selective picking. Selective harvesting, particularly with the use of robotic systems, offers a
promising alternative by combining the precision of human labor with the efficiency of automation. This study
presents a deep learning-based model for detecting cucumber fruits on plants in a real greenhouse environment,
which is an essential step towards developing autonomous harvesting robots that selectively pick ripe
cucumbers.

Materials and Methods

A dedicated image dataset was curated in a commercial greenhouse, comprising 300 images of cucumber
plants captured under various lighting conditions (morning, noon, and evening), to ensure robustness against
real-world variability. Images were manually labeled to identify the cucumber fruits and their pedicels. To
enhance the model training and prevent overfitting, data augmentation techniques were applied to the training
set. Several architectures of the YOLO (You Only Look Once) object detection algorithm were evaluated,
including the nano-scale versions YOLOv5n and YOLOvS8n, and the small-scale YOLOVSs, in addition to the
RT-DETR model.

The YOLOVS algorithm is known as one of the state-of-the-art algorithms in computer vision because of its
high speed, detection accuracy, and adaptability. The YOLOvV8 architecture consists of three main parts:
backbone, neck, and head, which are responsible for extracting image features, combining and enriching
features, and predicting bounding boxes and object classes, respectively.

These models were trained, and their performances were compared based on the detection accuracy and
inference time metrics. Training and evaluation were conducted using a suitable computational platform.

Results and Discussion

The performances of different YOLO models and RT-DETR were rigorously evaluated. The results
demonstrated that the YOLOv8n model achieved the highest detection accuracy of 87.5%, surpassing the
performances of the other tested models. Importantly, the YOLOv8n model also exhibited a favorable balance
between the accuracy and inference time, making it suitable for real-time applications. The analysis considered
the trade-off between the number of parameters and detection speed, highlighting the efficiency of YOLOv8n.

The YOLOv8n model demonstrated superior performance in terms of pedicel detection accuracy compared
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to YOLOv5N, achieving a fitness score of 91.08% (calculated as a weighted average of mAP@50 and mAP@50-
95). While exhibiting strong performance in fruit and pedicel detection (Figure 6), the sensitivity of the model
for pedicel detection (88.0%) was comparatively lower than that for fruit detection (96.1%). The highest F1
score (0.89) was observed at a confidence level of 39.5%, indicating the effectiveness of the model in balancing
the precision and recall for pedicel detection. Overall, YOLOv8n outperformed the other tested models in
identifying the class and location of the fruit pedicel. The superior performance of YOLOV8n can be attributed to
its architectural advancements and optimized training processes.

Conclusion

This study successfully developed a deep learning-based model for accurate and efficient cucumber fruit
detection in a greenhouse environment. The YOLOv8n model demonstrated superior performance compared
with the other evaluated architectures, achieving a detection accuracy of 87.5% while maintaining a good
processing speed. These findings suggest that the YOLOv8n model has significant potential for integration into
autonomous vegetable harvesting robots, contributing to the automation of agricultural processes and increased
efficiency in greenhouse operations. Future works should explore further optimization and testing under diverse
environmental conditions.

Keywords: Cucumber, Deep learning, Greenhouse, Harvesting robots, YOLO
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23883l Sllos o Olasuio
Type of augmentation Specification
15,5 . .
"’b’_s » Horizontal, Vertical
Flip
"'“’P Between -15° and +15°
Rotation
5
2 Between -15° and +15°
Hue
&l’w‘, Between -25% and +25%
Saturation
by,
- Between -15% and +15%
Brightness
S Between -10% and +10%
Exposure
©y Up to 0.1% of pixels

Noise
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Fig. 2. YOLOVS architecture
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1- Enhanced path aggregation network
2- Decoupled detection head

3- Bounding box

4- Instance segmentation

5- Pose detection
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Details
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Fig. 3. Details of modules in YOLOV8 algorithm
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Table 2- Hyperparameters used in training different YOLOv8 models

Folil e Sl rogi
Hyperparameter Value Description
epochs 200 Number of epochs to train for
patience 50 Epochs to wait for no observable improvement for early stopping of training
Batch 4 Number of images per batch (-1 for AutoBatch)
Imgsz 640 Size of input images as integer
device gpu Device to run on, i.e. cuda device = 0 or device =0, 1, 2, 3 or device = cpu
optimizer ‘auto’ Optimizer to use, choices = [SGD, Adam, Adamax, AdamW, NAdam, RAdam, RMSProp]
Freeze None  Freeze the first n layers (int or list, optional), or freeze the list of layer indices during training
Ir0 0.01 Initial learning rate (i.e. SGD = 1E-2, Adam = 1E-3)
Lrf 0.01 Final learning rate (Ir0 * Irf)
momentum 0.937 SGD momentum/Adam betal
weight_decay 0.0005 Optimizer weight decay 5E-4
warmup_epochs 3.0 Warmup epochs (fractions ok)
warmup_momentum 0.8 Warmup initial momentum
warmup_bias_Ir 0.1 Warmup initial bias Ir
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Fig. 4. Trends in (a) bounding box loss, (b) classification loss, (c) precision, and (d) sensitivity during YOLOv8n model
training
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Table 3- Performance comparison of different models used in detecting the class and location of the objects

cds Comslus 700 CBy (Sl VA0 U0 Cdd uKike
Jowe eb Precision Recall mAP50 mAP50-95 SNl
Model (S50 byl oijeel byl OSseel byl Gl (2bj)l Fitness
Train Test Train  Test  Train Test Train Test

YOLOv5n 0.9039 0.8841 0.8902 0.8748 0.9082 0.9024 0.5598 0.5603 0.5945
YOLOv8n 0.8990 0.8887 0.9073 0.8922 0.9240 0.9207 0.5780 0.5787 0.6129
YOLOv8s 0.8989 0.8835 0.9153 0.8878 0.9239 0.9224 0.5638 0.5633 0.5992
RT-DETR 0.9102 0.8853 0.9622 0.8801 0.9325 0.9075 0.5640 0.5642 0.5985

MAP50-95 5 MAP50 bl «ds Lld 51 YOLOVEN Juo 5 Slas —€ Jgan
Table 4- Performance of the YOLOv8n model in terms of precision, recall, mAP50, and mAP50-95
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Table 5- Inference time and size of trained models

Jrw el ¥l Aol o o ojeel oloj oijeel ladd el G b o
Model Layers No. Parameters No. Training time (hr) Epochs Inference (ms)  Volume (MB)
YOLOv5N 193 2503334 7.1 0.948 200 4.1 5.3
YOLOv8n 168 3006038 8.1 0.502 200 7.7 6.3
YOLOv8s 168 11126358 28.4 0.316 123 5.7 225
RT-DETR 498 31987850 86.28 0.775 80 9.2 66.1
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Fig. 5. Confusion matrix of the YOLOv8n model
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Fig. 6. Precision-Recall Curve of the YOLOv8n Model
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Introduction

Tillage of rainfed lands is performed using moldboard plows to a depth of 30 cm. Due to the influence of soil
surface roughness and crop residues on moisture absorption and erosion reduction, investigation of the
relationship between tillage implements’ performance and the aforementioned factors is essential. Therefore,
considering the importance of preserving precipitation and preventing soil erosion, this study was conducted to
investigate and optimize the effects of forward speed and tillage depth on soil surface roughness and the
percentage of buried crop residue using response surface methodology.

Materials and Methods

This research was conducted in the Khomeyn region, Iran during the 2023-2024 growing season, utilizing a
moldboard plow and an MF399 tractor. The objective was to investigate the effects of plowing depth and speed
on soil surface roughness and the burial of plant residues. Soil surface roughness was measured using a pin
meter, while the percentage of burial of plant residues was determined using image processing techniques and
ImageJ software. Wheat straw residue with an initial moisture content of 8-9% was uniformly distributed at a
rate of 100 g m along the designated paths. Images were captured before and after the tillage operation for
subsequent processing and analysis.

To optimize the process, a central composite design (CCD) with three levels of speed (5, 7.5, and 10 km h?)
and three levels of tillage depth (17.5, 22.5, and 27.5 cm) was employed. The objective was to determine the
optimal factor levels for maximizing surface roughness and minimizing residue burial. Data were analyzed using
a second-order model and Design Expert V11 software. The best model was selected based on statistical criteria.

Results and Discussion

Modeling soil surface roughness and crop residue incorporation revealed that the second-order regression
model, with high coefficients of determination (R? = 0.983 and 0.96), was capable of accurately predicting these
indices. The interaction effects of tillage speed and depth were significant (P < 0.01). In this study, the effect of
tillage depth on soil surface roughness was greater than that of tractor speed. The regression model indicated that
tillage depth plays a primary role in the amount of crop residue incorporation. Moldboard plowing demonstrated
that increasing depth, particularly at high speeds, leads to increased roughness and residue incorporation,
whereas increasing speed, especially at shallow depths, reduces roughness and increases incorporation. The
maximum roughness was observed at the deepest tillage depth and lowest speed, while the shallowest depth and
highest speed resulted in the minimum roughness.
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BY Attribution 4.0 International License (CC BY 4.0).
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Tillage depth and speed influence soil surface roughness and bulk density. Higher speeds decrease furrow
depth and ridge height; thus, lower speeds are recommended for creating greater roughness. The highest residue
incorporation (85%) was achieved at a depth of 27.5 cm and speeds of 5 and 10 km h-1, while the lowest (70%)
occurred at a depth of 17.5 cm and a speed of 5 km h1. Depth was more influential than speed, and nonlinear
models are necessary for more accurate modeling. The developed model, with a desirability of 81%, provides the
maximum roughness (10.96 cm) and minimum residue incorporation (69.34%) for a moldboard plow at a speed
of 5 km h*tand a tillage depth of 17.5 cm.

Conclusion

This study investigated the effects of conventional tillage methods in dry land areas on soil surface roughness
and the extent of crop residue burial. The results indicate that increasing tillage depth leads to an increase in both
indices, while reducing tractor speed increases roughness and decreases residue burial. The optimization model
revealed that at a speed of 5 km hand a depth of 17.5 c¢cm, minimum roughness and maximum residue
incorporation can be achieved. To improve regional tillage practices, it is advised to conduct further research
into the long-term effects of different tillage systems. This effort will ensure a well-informed selection and
implementation of the most effective methods.
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1- Soil Surface Roughness
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Fig.2. Camera positioning for calculating the percentage of the buried plant residue: (A) Camera, (B) Tractor and tillage
equipment, (C) Before tillage, (D) After tillage, (E) Path of movement, and (F) Specific frame
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Table 1- Treatment values based on CCD design

oW (Bos ISP G S mhw (5lpeal e (AL L o edae
Ploughing depth (cm)  Tractor speed (km h™)  Soil surface roughness  Buried plant residues (%)
175 5 11.0+0.98 70.0+3.3
175 7.5 8.1+0.69 72.0+3.8
175 10 7.0+0.42 80.0+4.2
225 5 10.8+0.97 70.0£3.6
225 7.5 8.2 72.8
225 7.5 8.0 69.2
225 7.5 8.5 72.0
225 7.5 9.0 69.5
225 7.5 8.7 72.7
225 10 8.0+0.73 79.0+3.9
275 5 13.0+0.95 85.0+4.3
275 7.5 11.5+1.01 82.5+3.7
275 10 11.2+1.05 85.0+4.6

S s (slacs)lgenl sl Gl gdaw gy ) Gojlp Jae Bl sl (ild slalne = Jgaa
Table 2- Statistical criteria for model selection in response surface methodology for soil surface roughness

& oo P lade GOilp s P lale  aubiiani i Gy g AW gl (il (ot g g
Source Sequential p-value Lack of Fit p-value Adjusted R2 Predicted R?
ffla} 0.002 0.016 0.644 0.391
Linear
(K7
e 0.334 0.015 0.646 -0.219
2FI
093 4 <0.0001 0.948 0.970 0.965
Quadratic
Py 4222 0.882 0.739 0.961 0.918
Cubic

SB gaw (slag)lgenl y p5ud Gos g Copu 3 by 4305 = Jgoar
Table 3- ANOVA of the effect of tillage speed and depth on soil surface roughness
e Cluypger @llay Olyeofibe MF

Source SS df MS F-value
D 38.67 5 7.73 7947  <0.0001
Model
w5 o (D) 15.36 1 15.38 157.82  <0.0001
Depth
wid ey (S) 12.33 1 12.33 126.66 < 0.0001
Speed
SxD 1.21 1 1.21 1243 0.0096
D2 423 1 423 4349  0.0003
s? 1.94 1 1.94 1993 0.0029
ousle 0.68 7 0.09
Residual
Pl pe 0.05 3 0.02 011  0.948
Lack of fit
ol ol 0.63 4 0.15
Pure error
sl 8 39.35 12
Cor Total

R?=0.983
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Table 4- Coefficients of the second-degree polynomial regression model for predicting soil surface roughness

bo b1 b2

b2 b1 b2z

8.54¢0.13 1.6+0.13 -1.43+0.0.12 0.55+0.16 1.24+0.19 0.84+0.18
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Fig.3. Agreement between estimated and experimental values for soil surface roughness
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Fig.4. Three-dimensional plot of the effect of tillage speed and depth on soil surface roughness
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Fig.5. Soil profile curves after tillage at various speeds (17.5 cm depth)
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Table 5- Statistical criteria for model selection in response surface methodology for burial of plant residues

Adjusted R? Predicted R?

& o P ylake Pl pas P jlade
Source Sequential p-value Lack of Fit p-value
s 0.034 0.017
Linear
[’
ok 0.313 0.016
2FI
93 45 0.0002 0.646
Quadratic
poes 8 0.407 0.821

Cubic

0.390 -0.051
0.399 -1.050
0.930 0.830
0.931 0.911
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Table 6- ANOVA of the effect of tillage speed and depth on the amount of burial of plant residues

S Zaie Ol g @ljlan . Olaup (wSlbe e F p-value
Source SS df MS F-value
095y Je 419.64 5 83.93 3277 0.0001
Model
3 D) g0y 1 155.04 60.54  0.0001
Depth
b e (S) 6017 1 60.17 2349 0.0019
Speed
SxD 25.01 1 25.01 9.76  0.0167
D2 91.75 1 91.75 3583  0.0006
52 25.09 1 25.09 9.79  0.0166
ol 17.93 7 2.56
Residual
Ay e 5.61 3 1.87 061  0.646
Lack of fit
e 12.33 4 3.08
Pure error
a5 a0y 12
Cor Total
R2= 0.959
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Table 7- Coefficients of the second-degree polynomial regression model for predicting burial of plant residues

bo b1 b2

b1z b1 b2z

71.31+0.66  5.08+0.65 3.17+0.64

-2.540.80 5.76+0.96 3.01+0.95
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Fig.6. Agreement between estimated and experimental values for the amount of burial of plant residues
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Fig.7. Three-dimensional plot illustrating the effect of tillage speed and depth on burial of plant residues
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Pareto Front: Soil Surface Roughness vs Plant Residue Burial
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Fig.10. Pareto front for multi-objective optimization in the management of burial of plant residues and soil surface
roughness (P1 to P4: Pareto points)
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Introduction

Global challenges threaten food security. In Iran, rice is a staple, with 770,000 ha under cultivation and an
annual production of 3.75 million tonnes. The northen provinces of Guilan and Mazandaran dominant rice
production, with Guilan only supplying about 50% of the nation’s demand. Advanced computational techniques
such as metaheuristic algorithms and artificial intelligence offer powerful tools for problem-solving and
modeling inspired by the adaptability of living organisms', and are increasingly applied to support agricultural
management and sustainability. However, multi-gene genetic programming (MGP) has not yet been used for rice
yield modeling in Iran. This study addresses that gap by evaluating the effectiveness of MGP and exploring its
potential to enhance agricultural decision-making.

Materials and Methods

This research examines the yield performance of local rice cultivars, namely Hashemi and Ali Kazemi
alongside high-yielding cultivars, including Fajr and Shiroudi in Rasht County, Iran. It utilizes library
documents, face-to-face interviews, and MGP analysis. Data were collected from 385 randomly selected farmers
and landowners in the region, during the 2020-2024 rice production years. Inputs from the energy sector,
including fuel and electricity, water pumping equipment, agricultural machinery, fertilizers, pesticides, organic
materials, and the energy output of paddy production, were examined. Energy equivalents were used to convert
various types of energy into a common unit. To predict the yield of the two types of paddy cultivars using MGP,
the structure of MGP trees was first designed with two objectives: maintaining the model accuracy and avoiding
structural complexity. Parameter setting include population, generation and tournament sizes, gene limits, tree
depth and size, and probabilities for elitism, crossover, and mutation. Additionally, various mathematical
functions were utilized.

Results and Discussion

In examining total energy consumption and production in local and high-yielding cultivar farms, the results
indicated a significant difference between the two varieties. In farms producing local varieties, the average
energy consumption was 41,081.4 MJ, while the average energy production in these farms reached 23,771.9 MJ.
In contrast, the average energy consumption in high-yielding cultivar farms was estimated at 41,118.8 MJ,
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whereas the average energy production in these farms was 42,220.04 MJ. The energy ratio, energy productivity,
and specific energy indices for high-yielding varieties were 76.47%, 76.92%, and 77.70% higher, respectively,
compared to local varieties, with the net energy gain index showing an improvement of more than 15 times. The
higher energy ratio and energy productivity, along with lower specific energy and net energy gain, indicate that
the high-yielding cultivar is more energy-efficient in terms of energy consumption. The MGP model converged
after 100 iterations, providing the optimal solution. Changes in the best and mean fitness values indicated that as
the iterations increased, the error gradually decreased and eventually stabilized, reflecting continuous
improvement of the model during the training process and parameter tuning. Through cross-validation with
varying training data set sizes, the findings revealed that the MGP model, when utilizing 65% of the total dataset,
generated results that were remarkably similar to those achieved with 80% of the data. Hence, 65% is established
as the optimal proportion for the training dataset. The coefficient of determination (R?) for the regression line in
the training data set was higher than in the test phase for both varieties. In evaluating the MGP equations to
assess the accuracy of the proposed model, the tree depth was increased from 4 to 12. For the local cultivar, the
highest coefficient of determination (R?) at a tree depth of 4 was 0.95, while for the high-yielding cultivar, it was
0.94. The simpler structure at depth 4 resulted in a simpler mathematical equation. Finally, the effects of
independent variables on the dependent variable, paddy yield, were examined. It was found that organic
materials, such as compost, seed, rice straw and husks, were the most significant factors influencing the
estimation of paddy yield in both varieties.

Conclusion

Since modeling focuses on predicting crop yield and making data-driven scientific and practical decisions,
the results of this study represent an important step toward advancing sustainable agriculture. It is recommended
that farmers seek up to date insights from consultants and participate in workshops to increase their sustainable
yields.

Keywords: Energy indices, Guilan, Rice, Simulation
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Table 1- Summary of studies related to genetic programming and agricultural crop yield modeling
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1- Energy Ratio (ER)

2- Energy Productivity (EP)
3- Specific Energy (SE)

4- Net Energy Gain (NEG)
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Table 4- Parameter setting in genetic programming

(NEXT

Oloaliss
Settings

Parameters
Canes o310l
Population size
s dlaas
Number of generations
) iy Al
Maximum number of genes
Maximum tree depth
Tournaments .l
Tournament size
sS4z Jles!
Elitism probability
bl Jlazs!
Crossover probability
i Jla!
Mutation probability
&g asgeome
Function set

100, 400, 800, 1000

100, 300, 500, 700

4,8,10,12

4,8, 10,12

12

0.01

0.85

0.1

+, -, *, 1,7, sin, cos, tanh, log, sqrt
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s 5-lhe (:Silee a0y (R (s o5 (RMSE) a3
a1 anlgs slizal (EF)F Jao o)l 551 o (MAPE)"

(Y A
1 n
RMSE = HZ(Ai — P)2 )
i=1
n 2
Rz — 1 _ i=1(Ai - pl) (\')
nL(A - A)°
n |Ai_P1|
MAPE = — | Ai (M)
n
n oA Pp)?
EF=1-— M (\Y)

(A - B’

1- Root Mean Square Error

2- Coefficient of determination

3- Mean Absolute Percentage Error
4- Efficiency Factor
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Fig.4. Average input energy in (a) local paddy farms, and (b) high-yielding paddy farms (MJ ha*)
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Table 5- Comparison of average value of energy indices in two

cultivars
&35 gpasle ) e Jyasme )
Energy indices Unit Local High yielding
&5y g - 0.578 1.026
Energy ratio
il e kg MJ! 0.039 0.069
Energy productivity
%5 S5 MI kg 25.43 1431
Specific energy
&5 Al 02933 MJha'  -17309.5 1101.24

Net energy gain
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Fig.5. Model error in (a) the local cultivar, and (b) the high-yielding cultivar
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Table 6- Evaluating the generalization capability of the model using the cross-validation method in the local

cultivar
2oy jeel Al g 903l Al o
SWoald Train Phase Test Phase
@Bl 453900 R? EF RMSE MAPE R2 EF RMSE MAPE
TS (%) (X+sd) (X+sd) (X+sd) (X+sd) (X+sd) (X+sd) (Xtsd) (X+sd)
80 0.88+0.1  0.90+0.4  32.31+5.3  10.02+0.6 0.91+0.0 0.92+0.0 28.1+7.8 10.55+0.8
75 0.88+0.0 0.90+0.1  32.31+5.1  10.02+0.7 0.91+0.2 0.92+0.1 28.2+7.9 10.56+0.4
70 0.89+0.1  0.90+0.2  31.98+5.2  10.02+0.2 0.91+0.1 0.92+0.2 25.0%6.0 10.51+0.2
65 0.89+0.1 0.90+0.5 31.91+6.4  10.02+0.2 0.91+0.4 0.93+0.5 22.5+5.0 10.50+0.7
60 0.89+0.1  0.90+0.1  31.92+5.2  10.03%0.3 0.89+0.5 0.91+0.2 32.0+7.3 12.55+0.8
55 0.89+0.1 0.90+0.0 31.91+5.0  10.02+0.5 0.85+0.9 0.90+0.0 35.0+7.1 13.54+0.6

50 0.89+0.1  0.90+0.1  31.91+4.4  10.02+0.2 0.86+0.4 0.90+0.1 36.0£7.0 13.51+0.9
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Table 7- Evaluating the generalization capability of the model using the cross-validation method in the high-
yielding cultivar

oy v jeel Al yo RS
sWosl> Train Phase Test Phase
““wﬂ}r‘ R? EF RMSE MAPE R? EF RMSE MAPE
TS (%) (xtsd) (x£sd) (xtsd) (xtsd) (x£sd) (x£sd) (x£sd) (x£sd)
80 0.84+0.1 0.86+0.0  15.01+2.5 8.52+1.1 0.95+0.0 0.86+0.0 18.145.1 9.50+0.9
75 0.84+0.0 0.86+0.3  15.01+2.5 8.52+1.0 0.95+0.1 0.86+0.0 18.315.2 9.53+0.5
70 0.84+0.1 0.86+0.3  15.05+1.9 8.52+1.1 0.95+0.2 0.86+0.1 18.545.1 9.48+0.1
65 0.84+0.1 0.86+0.0  15.00£1.9 8.52+1.0 0.96+0.4 0.86+0.0 18.045.2 9.41+0.6
60 0.84+0.1 0.86+0.1 15.00+2.0 8.51+1.1 0.94+0.2 0.82+0.2 19.0£5.1 9.57+0.7
55 0.84+0.0 0.86+£0.1  15.01+1.8 8.51+1.1 0.93+0.3 0.81+0.1 19.1+5.0 9.59+0.9
50 0.84+0.2 0.86+£0.1  15.00+2.0 8.51+1.0 0.91+0.8 0.80+0.2 19.1+5.3 9.60+0.7
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Fig.6. Cross-correlation of the observed and predicted yield values in (a) the local cultivar and (b) the high-yielding
cultivar
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Table 8- Genetic programming equations for local and high-yielding cultivar

e o)
Local cultivar
CS 9 Bos PINP9Y O o pd
Tree depth Equation R?
4 P =1logAM + 0.66Fe x 2.03FE x Sin0.28B + V0.2WP 0.95
8 P = Sin0.01AM X tanh1.69Fe X 5.010M + Cos10WP + 0.93 0.91
10 P = logAM x 0.33Fe + 3.660M X 5.62B + 0.24WP 0.90
12 P = tanh12AM + log0.3Fe + 0.2FE X V5.3B + Sin0.2WP 0.86
Jya=oy ol
High-yielding cultivar
CS 9 Bes asleo O o pd
Tree depth Equation R?
4 P =+V2.32AM % 0.52FE — log0.140M X 2.43B x 15.59WP — 0.23 0.94
8 P = 1l0g2.55AM x V35.4FE + c0s61.50M + 8.82B + Sin0.47WP + 0.33 0.90
10 P = \/l0g0.32AM X 1.22FE x 8.850M + Sin15.36B + cos3.2WP 0.90
12 P =55.32AM X 10.66Fe X 67.22FE + c0os20.50M x 0.2B 0.89

Sl 5 Shas post ;0 MGPJuo cslus Juloo -4 Jg-\e-
Table 9- Sensitivity analysis of the MGP model in estimating paddy yield
90! alo o 903! Al 5o
.. Train Phase Test Phase
(539,9 S8 ke RMSE R? RMSE R?

variables Input
high-yielding local high-yielding Local high-yielding local high-yielding Local

All 15.01 14.33 0.85 0.82 18.22 13.28 0.91 0.88

All-AM 32.10 32.63 0.83 0.84 32.14 32.87 0.85 0.89

All-Fe 36.33 36.10 0.80 0.81 33.80 32.55 0.80 0.81

All-FE 37.02 36.22 0.79 0.80 36.56 32.20 0.79 0.80

All-OM 40.27 39.91 0.77 0.78 40.30 32.37 0.78 0.78

All-B 33.28 33.33 0.82 0.82 33.12 33.13 0.81 0.82

All-WP 30.99 30.63 0.88 0.86 32.90 31.22 0.89 0.90
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Fig.7. Response surface methology for (a) high-yield cultivar and (b) local cultivar
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Introduction

One of the most important parts of agricultural operations is tillage, which accounts for about 60% of the
total energy consumed. Therefore, reducing tillage energy demand by lowering the number of passes through the
development of cost-effective machinery is highly essential in modern farming. One of the main implements that
helps farmers achieve this is the disc harrow. As the most important secondary tillage tool, the disc harrow
improves soil structure, breaks up clods, and increases the penetration of water and air into the soil. However, its
optimal performance is influenced by parameters such as disc diameter, disc edge type (toothed or plain), disc
gang angle, and tractor forward speed. Soil bins, as controlled environments for testing tillage tools, serve as an
ideal alternative to agricultural lands. They allow accurate simulation of field conditions while minimizing the
effects of climate change and variable soil properties.

Materials and Methods

The present study was conducted with the aim of designing, constructing, and evaluating a disc harrow
carrier chassis in the controlled environment of a laboratory soil bin. First, the design phase was carried out
using SolidWorks 2020 software, followed by an analysis of the design performance under maximum load using
the von Mises method. The next step was the construction of the design. After construction, the evaluation phase
was performed by examining the effects of four independent input variables: forward speed (6.43 and 13.15 m
min"), soil moisture content (2.37 and 13.25 percent on a wet basis), disc edge type (plain or toothed), and disc
gang angle (0, 15, and 30 degrees), on the dependent output variable, draft force. Each test was replicated three
times, resulting in a total of 72 tests.

Results and Discussion

The results showed that the engineered chassis exhibited sufficient strength during the initial evaluation tests,
with all components performing well. The findings indicated that increasing forward speed and disc gang angle
led to higher draft force, while higher soil moisture levels reduced draft force. Under low moisture conditions,
plain discs generated greater draft force; however, this trend reversed as moisture increased. The highest draft
requirement (3.588 N) was observed for plain discs at 2.37% moisture, while the lowest (1.724 N) occurred at
13.25% moisture. At a forward speed of 6.43 m min™', plain and toothed discs required equal draft, but at 13.15
m min~', the toothed discs required substantially more draft.

Conclusion

The experiments showed that there was no significant difference in draft force between disc gang angles of 0
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and 15 degrees. However, increasing the angle from 15 to 30 degrees caused a significant rise in draft force. This
indicates that the initial increase in gang angle has a smaller effect, but beyond 15 degrees the impact becomes
more pronounced. Therefore, selecting an appropriate disc gang angle can help reduce fuel consumption and
improve the productivity of agricultural machinery. Both increasing disc gang angle and forward speed raise
draft force because soil resistance to disc movement increases. At higher speeds, the disc must exert more force
to cut and move the soil, leading to higher energy consumption and greater equipment wear. Conversely, at
lower speeds, draft force decreases, but tillage efficiency may be reduced and plowing uniformity may be
affected.

Keywords: Disc, Draft force, Soil bin, Soil-blade interaction, Tillage operation
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