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[Abstract]

This study represents an innovative research conducted in the smart farm envirenment, developing a
deep learning-based disease and pest detection model and applying it to the Intelligent Internet of
Things (IoT) platform to explore new possibilities in the smplementation of digital agricultural
environments. The core of the research was the integration' of. the latest” ImagéNet models such as
Pseudo-Labeling, RegNet, EfficientNet, and preprocessinggmethods “to, detect various diseases and pests
in complex agricultural environments with high accuracy. To this end, ensemble learning techniques
were applied to maximize the accuracy and stability of the model, and the model was evaluated using
various performance indicators such as mean Average Precision (mAP), precision, recall, accuracy, and
box loss. Additionally, the SHAP framework wassutilized to"gain a deeper understanding of the model's
prediction criteria, making the decision-making ,process, more transparent. This analysis provided

significant insights into how the miodelsconsiders various variables to detect diseases and pests.

» Key words: Smart Farm, Disease detection, IoT, Computer Vision, Environmental detection,
Early warhing system
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I. Introduction
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II, Preliminaries

1. Related works
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III. The Proposed Scheme
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3.1 Crop disease detection computer vision system
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Table 1. Yolo v5 weight details
Weight Weight Speed FLO
Size Name mAP (ms) ... (MB
Nano YOLOv5n 28.4 63 4
Small YOLOv5s 37.2 6.4 14
Medium YOLOv5m 452 82 41
Large YOLOV5I 48.8 10.1 89
XLarger YOLOv5x 50.7 12.1 166

3.3. Machine learning
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3.4. Data modeling
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3.5. ImageNet model
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Table 2. Yolo v5 weight details

Weight | mAP mAP Precisi ur ‘
Size 05 U on cy I Loss
: 95
YOLOv5s | 0.9465| 0.687 | 0.8729 |0.9074 | 0.9123.,0.00293
YOLOv5m | 0.9642| 0.768 /1 0.909 | 0.9021 | 0.9286 | 0.00196
YOLOv5I | 0.967 | 0.766 | 0.916 | 0.937 1.0.9295 | 0.001896
YOLOvbx | 0.975 | 0.771.| 0.920+ | 0.954 |'0.9524 | 0.001696
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Fig. 11. Correlation Matrix
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3.3. Model discussion

Table 3. Advantages and disadvantages of each
research model

Comprehensive from systematic
approach, recognition and image capture
Advan | to user access with three main layers
Crop tages | High-precision CV models can be
Disease implemented and used even in remote
Detection areas without Internet connection.
Computer Difficulties in  implementation and
Vision maintenance due to the complexity of the
System | disadv | system
antage | Requires additional infrastructure and
resources for local and remote
processing
Achieve high accuracy with datasets
Advan | containing various disease images
tages | Labeled datasets enable rapid training
Dataset . . .
and field implementation of models
and -
To=lalng Manual labeling process can be
disadv | time-consuming and expensive
antage | Bias in the dataset may limit
generalization ability
. Efficient processing with low memory
Machine . . . .
. Advan | requirements and linear time complexity
Learning . L
with tages | Use tree-based algorithm specialized for
. outlier detection
Isolation
Forest disadv | There are data structures that are not
Classifier | antage | good at identifying outliers.
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Increased data utilization by enabling
prediction of unlabeled data
Advan L L .
Data tages Efficient data training and improved
Modeling 9 model performance through
with semi-supervised learning.
Pseudo-L Errors in pseudo-labeling data can affect
abeling |disadv | model performance
antage | Predictions may be less accurate as they
rely on data without accurate labeling.
. i fficient high f
Effic | Advan Smgll 5|ze,.e icient and |g performance
. Achieve high accuracy with a structure
ient | tages L . .
Net- specialized for image processing
B3 Limited size may limit processing power
disadv | for complex datasets
Mod - .
Ima ol antage | Possibility of reduced performance in
geN various environments or complex images
et Strong  generalization performance,
Mod | Reg effective for various image types
Advan | . . .
el | Net tages High flexibility and improved performance
v-06 29 when training in combination with
4 Pseudo-Labeling
Mod disadv Computational cost can be high due to
el antage complex structure
9 Risk of overfitting to a specific dataset
Advan |Improved prediction accuracy by
tages | combining RegNet and EfficientNet
Ensemble
Learning |disadv|Complex model structure ingreases
antage | computational cost and time
Comprehensive evaluation of model
Advan | performance using various.performancé
Research | tages | metrics (mAP, precision, recall, accuracy,
Proposal box loss)
Model . Complexity of pérformance metricsycan
disadv ; ; .
make model.évaluation and. interpretation
antage | ...
difficult
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IV. Conclusions
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