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Introduction

Maize is one of the most important cereal crops worldwide, providing staple food for people globally.
Counting maize tassels provides essential information about yield prediction, growth status, and plant
phenotyping, but traditional manual approaches are expensive and time-consuming. Recent developments in
technology, including high-resolution RGB imagery acquired by unmanned aerial vehicles (UAVs) and
advanced machine-learning techniques such as deep learning (DL), have been used to analyze genotypes,
phenotypes, and crops.

In this study, we modified the YOLOvV5s single-stage object detection technique based on a deep
convolutional neural network and named it MYOLOvV5s. We incorporated BottleneckCSP structures, Hardswish
activation function, and two-dimensional spatial dropout layers to increase tassel detection accuracy and reduce
overfitting. Our method's performance was compared with three state-of-the-art algorithms: Tasselnetv2+,
RetinaNet, and Faster R-CNN. The results obtained from our proposed method demonstrate the effectiveness of
MYOLOV5s in detecting and counting maize tassels.

Materials and Methods

The High-Intensity Phenotyping Site (HIPS) dataset was collected from the large field at the Agronomy
Center for Research and Education (ACRE) of Purdue University, located in West Lafayette, Indiana, USA
during the 2020 growing season. A Sony Alpha 7R-11l RGB camera mounted on a UAV at a 20m altitude
captured high-resolution orthophotos with a pixel resolution of 0.25 cm. The dataset consisted of two
replications of 22 entries each for hybrids and inbreds, planted on May 12 using a two-row segment plot layout
with a plant population of 30,000 per acre. The hybrids and inbreds in this dataset had varying flowering dates,
ranging from 20 days between the first and last variety.

This article uses orthophotos taken on July 20th and 24th to train and test the proposed deep network
"MYOLOV5s." These orthophotos were divided into 15 images (3670x2150) and then cropped to obtain 150
images (608 x 2048) for each date. Three modifications were applied to the original YOLOv5s to form
MYOLOVv5s: BottleneckCSP structures were added to the neck part of the YOLOv5s, replacing some C3
modules; two-dimensional spatial dropout layers were used in the defect layer; and the Hardswish activation
function was utilized in the convolution structures. These modifications improved tassel detection accuracy.
MYOLOv5s was implemented in the Pytorch framework, and the Adam algorithm was applied to optimize it.
Hyper-parameters such as the number of epochs, batch size, and learning rates were also optimized to increase
tassel detection accuracy.

Results and Discussion

In this study, we first compared the original and modified YOLOv5s techniques, and our results show that
MYOLOv5s improved tassel detection accuracy by approximately 2.80%. We then compared MYOLOV5s
performance to the counting-based approach TasselNetv2+ and two detection-based techniques: Faster R-CNN
and RetinaNet. Our results demonstrated the superiority of MYOLOV5s in terms of both accuracy and inference
time. The proposed method achieved an AP value of 95.30% and an RMSE of 1.9% at 84 FPS, making it about
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1.4 times faster than the other techniques. Additionally, MYOLOV5s correctly detected the highest number of
maize tassels and showed at least a 17.64% improvement in AP value compared to Faster R-CNN and
RetinaNet, respectively. Furthermore, our technique had the lowest false positive and false negative values. The
regression plots show that MYOLOV5s provided slightly higher fidelity counts than other methods.

Finally, we investigated the effect of score values on the performance of detection-based models and

calculated the optimal values of hyperparameters.

Conclusion

1.

2.

The MYOLOV5s technique outperformed other state-of-the-art models in detecting maize tassels, achieving
the highest precision, recall, and average precision (AP) values.
The MYOLOv5s method had the lowest root mean square error (RMSE) value in the error counting metric,
demonstrating its accuracy in detecting and counting maize tassels.
We evaluated the correlation between predicted and ground-truth values of maize tassels using the R2
score, and for the MYOLOvV5s method, the R2 score was approximately 99.28%, indicating a strong
correlation between predicted and actual values.
The MYOLOv5s method performed exceptionally well in detecting tassels, even in highly overlapping
areas. It accurately distinguished and detected tassels, regardless of their proximity or overlap with other
objects.

When compared to the counting-based approach TasselNetv2+, our proposed MYOLOv5s method showed

faster inference times. This suggests that the MYOLOV5s method is computationally efficient while maintaining
accurate tassel detection capabilities.
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4- Objectness Score

5- Class Probability Score

6- Bounding Box Regression Score

7- Binary Cross-Entropy

8- Logits Loss Function

9- Generalized Intersection Over Union
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1- Overfitting
2- Back Propagation of Error
3- Feed Forward
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9- False Negative

10- False Positive

11- Precision

12- Recall

13- Accuracy

14- Average Precision (AP)
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1- Google Colab

2- Random-Access Memory
3- Graphics Processing Unit
4- Pytorch

5- Adam

6- Epoch

7- Batch Size

8- True Positive
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3- Tensorflow
4- Flip
5- Data Augmentation
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Table 1- Comparison between the AP values of
YOLOv5s and MYOLOvSs algorithms
ppNl ke e
Algorithm AP (%)
YOLOvVS5s 92.50
MYOLOv5s 95.30
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1- Root Mean Square Error
2- Frame Per Second
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Table 2- Parameter setting of HIPS dataset by different methods
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Algorithm i U 0¥ Batch Size Epoch Optimization
NO. Train NO. Validation NO. Test method
270 (mixed with
TasselNetv2+ validation data) - 30 16 300 SGD
Faster R-CNN 240 30 30 4 833 SGD
RetinaNet 240 30 30 4 500 Adam
MYOLOvVS5s 240 30 30 16 200 Adam
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Fig.4. MYOLOV5s determination of the optimal batch-size and epoch values
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Table 3- Comparison among the AP and R” values obtained by different algorithms in training step

o%2,95! Orle & R? (%) 4l 2 o2 )3 2laxi
Algorithm AP (%) FPS
TasselNetv2+ - 80.23 61
Faster R-CNN 80.83 79.71 13
RetinaNet 81.26 99.44 29
MYOLOvS5s 98.69 99.45 84
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Table 4- Comparison of performance and inference time of different methods on HIPS test images
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Algorithm Precision (%) Recall (%) AP (%) .

RMSE FPS

TasselNetv2+ - - - 10.32 77.86 61

Faster R-CNN 91.35 82.85 76.99 8.58 86.83 13

RetinaNet 92.49 88.04 77.66 6.01 95.53 29

MYOLOvVSs 93.58 94.97 95.30 1.9 99.28 84

sl Uy g oliil sl yau s ade oy 28 L MYOLOVSS
2l L aolio > floj cnySolis )3 1) 3)Skes o yiag 438,55
2,0 b b,

Plil @l 5 R g Slaye 5:50ke s sl (sl jliase
lio ;5005 L 03 el LS 5 lasss 5 Lingsy oSl
5 VA e iy MYOLOVSS 2 s Sl clis olie o) .loss
Faster- Las s o (e slapn ;0 N gl o> A2/VA
AB/OY &/+\ o AFIAY MOA 554, RetinaNet s RCNN
i i TasseINetv2+ ojleds y (e oi)s8) (sl 9 0o
S olas oS lacie aSilede] Couwddy doyd YWIAS g Vo/YY
K535 MYOLOVES 25,65 Lawgs ol Juols clayyo (5Sike
Sy asy w0,05) cpl bawgs 035 e &y sl IS oluws 04
- winys S elyy i ol 45 T b ams e ol | ol i
s TasselNetv2+ 4 RetinaNet [Faster-RCNN L=
Sty S 555 3, Slos pice (sline & & Cosl 045 555
VU Slisen b (155 5 0325 3 SIS e 3 03,00l
aw jl yidy MYOLOVSS i y0 S| gl 55 R? e .ol
e 4 393 4 S il ool Conddy [0 0dd wyp v oSl
20ls 5 00 03) o5t yd gl J S ol iy (Siuwod
Al e el 5o L] s

e ilize (gl hg) 3)Ses £ S (g par uls oy b
P9 en bles

AVYO s e Faster R-CNN 2,5 51 (gl o0lis )

AV/¥A Cw s RetinaNet oo )65l (gl 5 Lo )d YE/AR AY/AD
oS By YU Hlde ol ol 515 1o pd YV/ES o AN-¥
o g 3, Slas 5l S oy ys5)l il 4 Cos MYOLOVSS
93 Carad yd sla | S 51 (g by Dl Gy aus S )
4y Cuwi Faster R-CNN 455 S .l 555 oSl
) 650 6yglb lade RetinaNet g MYOLOVSS (sl ;63
3 e s S 5 3 el (sl SIS 48 0,8 S
RetinaNet (¢l e ol wloniis ool Lageds &) b SIS
L did el ;58 2oy S/AY MYOLOVES | duglio ;5 5
oLS sl IS 51 (ool olaws a5 il o g5 o pdlie ol duslde
@ 5)h & 2Vl Sligen g Cglate (ol JSS 4 d2gi b o)
J-8 RetinaNet 4 Faster-RCNN cLawi )65 bwg Sl
Lot )sSl ol gy dly Lo JSU s 5 sty paseds
Lalgs 3L5 MYOLOVSS )5 Sl S 5] b S5 oo ololiss
Shimee b (g 3 9 Solite sl JS  baojluil b S 55
o bgs @3 el SIS 51 gy ol 11 0S5 Ll |, Y
A8 o S 1y 6V (pglaly slaie g il plulis L pz Sl
48 3yl (lme Glpieds (1Sle €85 I ol @S gy n b
i 5 Lelgs 02,980 o gl 1y (69l 9 € polie
e 3390 SizygN o 3 85 335 on il Ioaoee 00,5 a
w9 el 1y 5y Slas oy, 5oz s Faster-RCNN



VAV T 51 ooliswl b @yd s STS 55355 (b yloud 9 pamdedas ¢ 00,5 3 Slolo 315 codls

B

TasselNetv2+ (& s> 0458 yguato (sl ol (Lal]
b) TasselNetv2+

RetinaNet (> Faster R-CNN (z
d) RetinaNet 7 c) Faster R-CNN

MYOLOVS5s (o
e) MYOLOvV5s
5 RetinaNet Faster R-CNN (TasselNetv2+  clags ;65 Lwgs odelcuwndts golis o s 0uiiS ygamo (sla S (¢ pas guls =1 S

MYOLOv5s
Fig.6. Visual results of ground truth bounding boxes and the obtained results by TasselNetv2+, Faster R-CNN,
RetinaNet, and MYOLOV5s algorithms
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Fig.8. Linear regression plots of TasselNetv2+, Faster R-CNN, RetinaNet, and MYOLOVS5s algorithms
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Table 5- F1 (%) score values of HIPS test images obtained by Faster R-CNN, RetinaNet and MYOLOv5s algorithms

0903 g 355! 0903 pgad o 595
Test subset Algorithm Test subset Algorithm
Faster R-CNN  RetmaNet v o1 ovss Faster RCNN  eimaNEt v oL ovss

S1-20 88.53 85.97 98.37 S1-24 85.98 88.47 94.67
S2-20 95.79 94.85 97.59 S2-24 92.44 94.9 97.59
S3-20 94.71 88.69 94.94 S3-24 90.77 96.11 98.17
S4-20 92.44 91.07 99.19 S4-24 91.8 92.43 97.7
S5-20 82.22 94.94 94.21 S5-24 88.09 83.65 93.99
S6-20 89.91 93.15 99.14 S6-24 96.48 98.27 96.75
S7-20 96.32 96.32 97.38 S7-27 94.5 90.9 97.33
S8-20 79.99 97.7 93 S8-24 86.67 88.41 92
S9-20 93.68 93.68 94.7 S9-24 65.95 90.77 91.5
S10-20 97.85 91.77 95.7 S10-24 94 90.87 92.42
S11-20 66.67 65 100 S11-24 41.21 69.11 73.91
S12-20 92.01 89.97 94.4 S12-24 81.66 94.63 91.27
S13-20 - - - S13-24 60.03 75.02 77.42
S14-20 79.99 94.12 94.12 S14-24 84.85 94.12 93.13
S15-20 96.53 94.12 94.39 S15-24 89.93 89.61 94.94

. 89.045 90.81 96.22 s 82.96 89.15 92.19
Total Total
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