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The detection of plant disease is of vital importance in practical agricultural production. It
scrutinizes the plant’s growth and health condition and guarantees the regular operation
and harvest of the agricultural planting to proceed successfully. In recent decades,
the maturation of computer vision technology has provided more possibilities for
implementing plant disease detection. Nonetheless, detecting plant diseases is typically
hindered by factors such as variations in the illuminance and weather when capturing
images and the number of leaves or organs containing diseases in one image. Meanwhile,
traditional deep learning-based algorithms attain multiple deficiencies in the area of this
research: (1) Training models necessitate a significant investment in hardware and a large
amount of data. (2) Due to their slow inference speed, models are tough to acclimate
to practical production. (8) Models are unable to generalize well enough. Provided
these impediments, this study suggested a Tranvolution detection network with GAN
modules for plant disease detection. Foremost, a generative model was added ahead
of the backbone, and GAN models were added to the attention extraction module to
construct GAN modules. Afterward, the Transformer was modified and incorporated with
the CNN, and then we suggested the Tranvolution architecture. Eventually, we validated
the performance of different generative models’ combinations. Experimental outcomes
demonstrated that the proposed method satisfyingly achieved 51.7% (Precision), 48.1%
(Recall), and 50.3% (mAP), respectively. Furthermore, the SAGAN model was the best
in the attention extraction module, while WGAN performed best in image augmentation.
Additionally, we deployed the proposed model on Hbird E203 and devised an intelligent
agricultural robot to put the model into practical agricultural use.

Keywords: transformer, Generative Adversarial Networks, detection network, deep learning, plant disease
detection, leaf images

1. INTRODUCTION

Agriculture is a milestone and a booster of early human social development. The
substantial advances in science and technology brought about by the prosperity
of human society have been assisting in developing agriculture. In recent decades,
modern technology has empowered humans to produce enough food to feed seven
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FIGURE 7 | The detection results of YOLO v3 in the dataset.

the CutMix method does not appear to have a more positive
effect than the above combinations, because the model works best
merely when three data enhancement methods—the CutOut,
CutMix, and Mosaic method—are used.

7.3. Hardware Deployment Application

To deploy the model proposed in this article into a practical
application scenario, the model is packaged and deployed
in conjunction with the Hbrid E203 RISC-V processor. The
main reason for choosing this hardware is that it depends
on an open-source RISC-V platform and can be highly
customized. However, considering its computational power,
there is still a need to optimize the computational process
of the model in this article. In this article, we borrowed

Strassen’s (Strassen, 1969) optimization idea to optimize the
matrix multiplication because the convolutional layer in CNN
uses a lot of matrix multiplication operations, so optimizing the
efficiency of matrix multiplication operations can significantly
improve the model inference speed. This scheme has the
following contributions:

1. We encapsulate the model proposed in this article and save the
parameters of the trained model so that the inference process
runs locally;

2. We use Strassen’s algorithm to optimize the matrix
multiplication method;

3. We developed on the Hbird E203 platform, and the model
hardware is deployed.
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FIGURE 8 | The detection results of SSD in the dataset.
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As shown in Algorithm 2, the time complexity
of the convolution operation wusing the conventional
matrix  multiplication is  0(n®), where n is the

matrix dimension.

To accelerate the inference speed of the model, we used
the Strassen algorithm, which is essentially a partitioning
method with time complexity O(nl"gg ), to optimize the
matrix multiplication operation. The procedure is shown
in the Algorithm 3.

Figure 12 displays the intelligent agricultural robot based
on the above chip and algorithm, which can realize the self-
tracing function and leaf disease detection through the infrared
distance measurement and camera on the bottom of the
vehicle body.

7.4. Limitation

Although the model proposed in this article has surpassed other
comparative models in both evaluation metrics and detection
results, it still has limitations. As shown in Figure 10, our model’s
defects are pronounced in the task of small-scale object detection.
Therefore, we analyzed the model performance on different
subclasses of the dataset, as shown in Table 4.

Table 4 reflects that our model does not perform well when
there are too many objects, and there is some mislabeling.
However, this result is perfectly acceptable in practical
application scenarios when comparing and referring to specific
images. Moreover, considering that the dataset is annotated
from the web, some leaves are not annotated manually, but
our model annotates them. Although this is only a minimal
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FIGURE 9 | The detection results of EfficientDet L2 in the dataset.
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number of mislabeling cases, it can be seen that our model
cares more about whether all of them are detected, so some of
them are mislabeled. In the plant protection scenario, we think
the loss caused by mislabeling is much lower than that caused
by detection missing. In summary, we will further improve
the performance of our model in object-intensive scenarios in
the future.

8. CONCLUSION

Considering agriculture’s irreplaceable significance in human
social development, and with the cutting-edge technology’s
progress in object detection, plant disease detection has
become an increasingly more vibrant task in the field of

computer vision research. Even though detecting plant diseases
occupies a vital position in practical agricultural production,
drawbacks of typical algorithms in deep learning should
never be overlooked: (1) The training model requires a high
expenditure on hardware, and a massive number of data
are necessary. (2) Models are problematic for adapting to
practical production due to the low inference speed. (3)
Models lack sufficient generalization capability. In addition
to the algorithm itself, there are various constraints in
detecting plant diseases: (1) The quality of the acquired
leaf dataset is influenced by objective factors, such as
illumination and leaf growth stage. (2) In an image with
multiple leaves, the leaves blocking each other will affect the
object detection.

Frontiers in Plant Science | www.frontiersin.org

May 2022 | Volume 13 | Article 875693


https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles

Zhang et al.

Automatic Plant Disease Detection Method

= The most obvious sympioms oomr g
o Jeawes, the dsease s often !
referred tn s "Sacterial leaf spot”

= Symptoms begn as small, yellow-
green lesions oo young kaves
whichusually sppear 51'—:v|md
and twisted, or 23 dark, water
sedked, greasy-appeaning kesions
om older foliape

* Leshons develop rapidly and
become brownsh-red

= Leshon shape s defined by leaf
veimlens, 5o the shape Is ingular
rather than the reund shape that is
maore typical of fusgal lea spots ar
injary caused by some pesticides or
other chemical sprays

FIGURE 10 | The detection results of our model in the dataset.

TABLE 2 | Results of different implements of GAN modules (in %).

Method Precision Recall mAP FPS
No GAN (baseline) 39.3 37.8 38.5 63
WGAN + SAGAN 51.7 481 50.3 37
BAGAN + SAGAN 49.8 491 49.3 37
WGAN + SPA-GAN 51.9 47.6 49.7 37
BAGAN + SPA-GAN 48.1 46.3 46.6 37

Therefore, this article proposed a Tranvolution 1. GAN modules: First and foremost, a generative model is
detection network with GAN modules, aiming to added in front of the backbone to expand the input leaf
tackle these mentioned above problems. The following images, which aims to alleviate the general problem of

demonstrates primary innovations of the model proposed in

this article:

small sample size datasets. Second, GAN models are added

to the attention extraction module to generate attention
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FIGURE 11 | lllustration of noise mask generated by different GAN models. (A) Feature maps generated by WGAN. (B) Feature maps generated by SAGAN.

TABLE 3 | The ablation experiment results from different pre-processing methods (in %).

MixUp CutOut CutMix Mosaic Precision Recall mAP
v v v v 51.7 48.1 50.3
v v v 51.2 48.9 50.5
v v v 50.4 48.3 49.8
v v v 50.4 48.4 49.8

v v v 51.7 48.2 50.3

Algorithm 2: Matrix multiplication algorithm.

Algorithm 3: Strassen algorithm.

—_
=

R A U e

input: matrix A, matrix B
output: matrix C

n = A.rows

create a new n X n matrix C
fori=1ton

forj=1ton
Cj=0
fork=1ton

Cij = Cij + Ay - Bkj
return matrix C

masks. Figure 11 shows the effect of adding GAN models
on feature maps, and the results of the experimental part
also illustrate that this approach can effectively improve the
robustness of the model. Ultimately, on the validation set, the
proposed method reaches 51.7, 48.1, and 50.3% on Precision,
Recall, and mAP, respectively. This experimental result
demonstrates that the proposed model outperforms all the
comparison models.

—_ e e
Wy 22

14:
15:

Y 2 N Do w

: input: matrix A, matrix B

output: matrix C
n = A.rows

: create a new n X n matrix C

ifn==1
Ci1 = Ay - By

else
devide matrix A into r sub-matrices A, A12, Az1, A2
devide matrix B into r sub-matrices B11, B12, B21, B22
devide matrix C into r sub-matrices Ci1, C12, C21, Ca2
C11 = Strassen(A11, B11) + Strassen(A12, Ba1)
Cip = Strassen(A11, B12) + Strassen(A1, B2y)
Cy1 = Strassen(Aj1, B11) + Strassen(Az;, Ba1)
Cyy = Strassen(Aj1, B1a) + Strassen(Ajy, By)

return matrix C

2.

We modified the Transformer, by reducing the number of
parameters, and improving the training speed, to improve
CNNs ability to capture global features as a branch network.
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FIGURE 12 | Intelligent agricultural robot, with infrared distance measurement
and multiple cameras deployed on the bottom.

TABLE 4 | Comparisons of our model performance on different leaf size
sub-dataset (in %).

Leaf size Precision Recall mAP (at 50% loU)
Small 38.9 32.7 47.8
Medium 73.8 67.5 70.6
Large 95.1 88.3 89.4

Because it inherits and combines the structural and global
feature extraction advantages of CNN and visual transformers.
The performance of Tranvolution is significantly better than
CNN and vision transformer with comparable parameter
complexity, showing the great potential capability in plant
disease detection tasks.
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