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Abstract: The diversity and complexity of the agricultural environment pose significant challenges
for the collection of pest and disease data. Additionally, pest and disease datasets often suffer from
uneven distribution in quantity and inconsistent annotation standards. Enhancing the accuracy of
pest and disease recognition remains a challenge for existing models. We constructed a representative
agricultural pest and disease dataset, FIP6Set, through a combination of field photography and web
scraping. This dataset encapsulates key issues encountered in existing agricultural pest and disease
datasets. Referencing existing bounding box regression (BBR) loss functions, we reconsidered their
geometric features and proposed a novel bounding box similarity comparison metric, DDRIoU, suited
to the characteristics of agricultural pest and disease datasets. By integrating the focal loss concept
with the DDRIoU loss, we derived a new loss function, namely Focal-DDRIoU loss. Furthermore, we
modified the network structure of YOLOV7 by embedding the MobileViTv3 module. Consequently,
we introduced a model specifically designed for agricultural pest and disease detection in precision
agriculture. We conducted performance evaluations on the FIP6Set dataset using mAP75 as the eval-
uation metric. Experimental results demonstrate that the Focal-DDRIoU loss achieves improvements
of 1.12%, 1.24%, 1.04%, and 1.50% compared to the GIoU, DIoU, CIoU, and EIoU losses, respectively.
When employing the GIoU, DIoU, CIoU, EIoU, and Focal-DDRIoU loss functions, the adjusted
network structure showed enhancements of 0.68%, 0.68%, 0.78%, 0.60%, and 0.56%, respectively,
compared to the original YOLOv7. Furthermore, the proposed model outperformed the mainstream
YOLOv7 and YOLOv5 models by 1.86% and 1.60%, respectively. The superior performance of the
proposed model in detecting agricultural pests and diseases directly contributes to reducing pesticide
misuse, preventing large-scale pest and disease outbreaks, and ultimately enhancing crop yields.
These outcomes strongly support the promotion of sustainable agricultural development.

Keywords: loss function design; MobileViTv3; YOLOv7; agricultural diseases and pests; sustainable
agricultural development

1. Introduction

Globally, agriculture plays a crucial role in contributing to the health of the population,
maintaining social stability, and even contributing to national security. Therefore, there has
been a consistent demand for continuous innovation in agricultural technology to enhance
the efficiency of the agricultural industry and maximize food production to meet the needs
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of a growing population [1]. However, due to the abundance of harmful organisms and
microorganisms in the cultivation environment, crops are increasingly susceptible to pests
and diseases. Infestations of pests and diseases seriously threaten agricultural production
safety and the sustainable supply of food. Therefore, accurate identification of crop pests
and diseases and effective early warning of their outbreaks can help prevent agricultural
disasters and ensure the quality and yield of farmland [2,3].

However, traditional methods for pest and disease identification typically depend on
the extensive experience and professional knowledge of agricultural experts [4], which can
pose efficiency challenges when handling large-scale datasets. While expert diagnosis is
crucial for ensuring accuracy, the increasing diversity and complexity of crop diseases may
strain the availability of experts’ time and resources. Therefore, it is particularly important
to explore more efficient and accurate methods for pest and disease identification, in order to
assist agricultural experts in enhancing overall identification efficiency, support agricultural
practitioners in boosting crop yields, and promote sustainable agricultural development.

With the advancement of image processing technology, crop pest and disease identifi-
cation methods based on machine learning have emerged [5,6]. However, these methods
still struggle with extracting abstract features and improving accuracy to a level suitable
for practical applications. Moreover, improving accuracy to a practical application level
remains challenging. Subsequently, with the development of graphics processing units
(GPUs), deep learning technology, which relies on the powerful processing capabilities of
GPUs, has rapidly evolved [7] and is widely used in agricultural pest and disease identifi-
cation [8]. For large-scale agricultural pest and disease datasets, deep learning technologies
have demonstrated superior accuracy in identifying crop pests and diseases compared to
traditional methods and other machine learning-based approaches [9]. Therefore, exploring
deep learning models that are tailored to agricultural pest and disease identification can
significantly enhance the accuracy and efficiency of diagnosis. This, in turn, has the poten-
tial to prevent large-scale outbreaks of crop pests and diseases, reduce excessive pesticide
usage, foster healthy crop growth, increase crop yields, and ultimately steer agriculture
towards sustainable development.

Although many studies provide references and demonstrate the feasibility of using
deep learning neural networks to identify agricultural pests and diseases, existing deep
learning models still face challenges in addressing issues such as high computational costs
and ensuring high accuracy in agricultural pest and disease identification.

The bounding box regression (BBR) module is crucial for determining object loca-
tions in advanced object detectors. During training, BBR adjusts predicted bounding box
coordinates to better align with the ground truth bounding box, thereby improving ob-
ject localization accuracy—a pivotal aspect of object detection tasks. The design of the
loss function is crucial for BBR’s success, as it directly affects training efficiency and the
model’s overall performance. So far, BBR-based loss functions are mostly classified into
two categories: ℓn-norm-based loss functions and intersection-over-union (IoU)-based
loss functions.

In the field of object detection, the YOLO series [10–16] models, particularly YOLOv7 [15],
have occupied a mainstream position in real-time object detection tasks due to their excellent
inference speed and high detection accuracy. We selected YOLOv7 as the foundation for
our research due to its demonstrated balance between high speed and accuracy across
multiple public datasets, particularly its proficiency in detecting small targets and managing
complex scenes. Additionally, YOLOv7 offers a rich array of configuration options and
good hardware compatibility, facilitating model portability and subsequent improvements.

From YOLOv1 [10] to YOLOv7, each generation of the YOLO series has meticulously
optimized its network structure and loss function in pursuit of higher detection efficiency
and accuracy. Meanwhile, successors to the RCNN [17] model, such as Fast R-CNN [18],
Mask R-CNN [19], and Dynamic R-CNN [20], have each improved their loss functions
according to their respective functional emphases. Furthermore, the DETR [21] model is
a direct set prediction object detection model based on the transformer architecture and
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bipartite matching loss, with one of its core designs being the computation of loss through a
bipartite matching process. Despite their application in various domains, the loss function
remains a key component common to all these models. Enhancing the loss function is thus
of paramount importance for improving the overall performance.

However, existing BBR loss functions sometimes have the same value under different
prediction results, which reduces the convergence speed and accuracy of BBR. Additionally,
the current BBR loss functions are not fully suitable for precise identification of agricultural
pests and diseases. A well-designed loss function can assist the model in performing
agricultural pest and disease recognition tasks with greater accuracy and efficiency.

Therefore, building upon the YOLOv7 model, we introduce Agricultural Pest Detection-
YOLOv7 (APD-YOLOv7), a model specifically tailored for the detection of agricultural
pests and diseases. The core aim of this study is to devise a novel model through the
development of a new BBR loss function and the enhancement of YOLOv7’s network
architecture. This approach aims to attain precise identification of crop pests and diseases,
thereby contributing to the sustainable development of agriculture.

(1) Existing BBR loss functions have limitations because they sometimes assign identical
values to distinct prediction outcomes. To mitigate this issue, we propose a novel BBR
loss function, termed Diagonal Difference Ratio IoU (DDRIoU), which exploits the
geometric properties inherent in BBR. Our aim is to utilize DDRIoU as a metric to
assess the similarity between predicted and ground truth bounding boxes during the
BBR procedure.

(2) Furthermore, during the BBR process, an imbalance exists between high-quality
and low-quality anchor boxes. To address this, we intend to integrate the DDRIoU
loss with the focal loss concept, resulting in a regression-focused loss, termed Focal-
DDRIoU loss. We expect that this combined loss function will enhance the contribution
of high-quality anchor boxes to model optimization while simultaneously minimizing
the impact of irrelevant anchor boxes.

(3) In order to refine the YOLOv7 network architecture for more precise identification
of agricultural pests and diseases, we plan to modify the network structure of the
YOLOv7 model and incorporate the MobileViTv3 module. We anticipate that this
innovative network design will not only reduce the number of model parameters
and computational complexity but also enhance its feature extraction and fusion
capabilities, ultimately leading to improved model accuracy.

2. Materials and Methods
2.1. Bounding Box Regression Loss Function
2.1.1. Commonly Used Boundary Box Regression Loss Functions

The YOLO series of real-time detectors has been widely accepted by researchers and
applied in various scenarios since its inception. For instance, YOLOv1 constructed a loss
function weighted by BBR loss, classification loss, and objectness loss. Until now, this
approach has remained one of the most effective loss function paradigms in object detection
tasks, as the BBR loss directly determines the localization performance of the model. To
further enhance the model’s localization accuracy, a carefully designed BBR loss is crucial.

Initially, the ℓn-norm [22] loss function was extensively used for BBR. This function
is straightforward but sensitive to various scales. Later, to more accurately calculate the
differences between predicted and ground truth bounding boxes, the IoU loss function was
introduced in Unitbox [22] and has been widely employed since. This is a loss function
designed to optimize the position and size of bounding boxes in object detection tasks. To
ensure training stability, the Bounded-IoU [23] loss function introduces an upper bound for
IoU. In deep learning-based object detection and instance segmentation, IoU-based metrics
are considered more consistent than the ℓn-norm.

IoU =
Agt ∩ Apr

Agt ∪ Apr
(1)
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Here, Agt denotes the ground truth bounding box and Apr the predicted
bounding box.

The original intersection-over-union (IoU) metric computes the union area of two
bounding boxes, but it fails to differentiate between nonoverlapping scenarios of the two
boxes. To address this limitation, Generalized-IoU (GIoU) [24] was introduced, incorporat-
ing a penalty term within its loss function. This ensures that, in cases of nonoverlap, the
predicted bounding box converges towards the target box.

GIoU = IoU −
∣∣C −

(
Agt ∩ Apr

)∣∣
|C| , (2)

where C represents the minimum bounding rectangle enclosing both Agt and Apr, and |C|
denotes the area of C.

Nevertheless, GIoU becomes ineffective when the predicted bounding box is com-
pletely covered by the ground truth bounding box. To overcome this challenge, Distance-
IoU (DIoU) [25] was proposed, considering the distance between the center points of the
predicted and ground truth bounding boxes.

DIoU = IoU −
ρ2(bgt, bpr

)
h2

c + w2
c

(3)

Here, bgt and bpr are the center points of the ground truth and predicted bounding
boxes, respectively, and ρ

(
bgt, bpr

)
is the Euclidean distance between bgt and bpr.

Yet, in situations where the center points of the predicted and ground truth bound-
ing boxes overlap, the metric reduces to the original IoU. To rectify this, Complete-IoU
(CIoU) [26] was introduced, which integrates both the center point distance and the
aspect ratio.

CIoU = IoU −
ρ2(bgt, bpr

)
h2

c + w2
c

− αv, (4)

v =
4

π2 (arctan
hgt

wgt
− arctan

hpr

wpr
)

2

, (5)

α =
v

1 − IoU − v
(6)

hgt and wgt can be defined as the height and width of the ground truth bounding
box, respectively, and hpr and wpr as the corresponding dimensions of the predicted
bounding box.

In CIoU, however, the aspect ratio is defined based on a relative value, not an absolute
one. To address this, Efficient-IoU (EIoU) [27] was proposed, building upon DIoU.

EIoU = IoU −
ρ2(bgt, bpr

)
h2

c + w2
c

−
ρ2(wgt, wpr

)
w2

c
−

ρ2(hgt, hpr
)

h2
c

, (7)

Here, hc and wc denote the height and width of C, respectively. Similarly, hpr and
wpr are the height and width of the predicted bounding box, and hgt and wgt are the
corresponding dimensions of the ground truth bounding box.

Notwithstanding, EIoU could exhibit limitations in scenarios where the predicted
bounding box and the ground truth bounding box possess an identical aspect ratio yet
differ in terms of their widths and heights. Such circumstances have the potential to
hinder convergence speed and accuracy. To mitigate this issue, further improvements or
alternative metrics might be necessary.

Figure 1 is a schematic diagram of commonly used BBR loss functions.
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Figure 1. Commonly used BBR loss functions.

2.1.2. Analysis of BBR Loss Function

The existing loss functions fail to fully leverage the geometric attributes of BBR. In
scenarios where the predicted and ground truth bounding boxes share an aspect ratio but
diverge in terms of their widths and heights, these loss functions prove ineffective, thereby
hindering convergence speed and accuracy.

We have observed a significant imbalance in datasets pertaining to agricultural pest
and disease identification, as compared to deep learning datasets in other domains. This
imbalance contributes to inconsistencies in the quality of agricultural pest and disease
datasets currently available.

As depicted in Figure 2, numerous deep learning datasets for agricultural pests and
diseases are compiled using varying image acquisition techniques and annotation standards.
Consequently, scenarios arise where the predicted and ground truth bounding boxes exhibit
matching aspect ratios but differ in their dimensions.
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The aforementioned scenarios can lead to existing BBR loss functions producing uni-
form values for disparate prediction outcomes, thereby diminishing the convergence rate
and precision of BBR. The recurrence of this problem undermines the accurate identification
of agricultural pests and diseases. Presently, BBR loss functions possess constraints that
hinder precise identification, particularly in datasets bearing similar traits.
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Hence, considering the merits of loss functions like GIoU, DIoU, CIoU, and EIoU, we
strive to devise a novel loss function for BBR, termed DDRIoU loss, aimed at enhancing the
efficacy and precision of BBR.

2.2. Construction of the FIP6Set Dataset

The identification of agricultural pests and diseases faces certain challenges, particu-
larly the imbalance in the dataset caused by the varying availability of data. Some types of
data are easy to obtain, resulting in a large quantity, while others are difficult to acquire,
leading to a smaller amount. This imbalance affects the training and generalization capa-
bilities of the model. To address this issue, we have constructed a crop pest and disease
dataset called FIP6Set.

The FIP6Set dataset originates from three primary sources: Firstly, photos taken by
us in Nanning, Guangxi Zhuang Autonomous Region, including images of citrus canker
disease and cabbage caterpillars on snow peas; secondly, images from the public dataset
IP102 [28], specifically, those of the Acridoidea insect and legume blister beetle; and thirdly,
images sourced from the internet, featuring black rot of grapes and leaf blight of grapes.

The construction of the FIP6Set dataset involved three main components. Firstly, on
several sunny days and under the guidance of agricultural experts, we captured 821 images
of citrus canker disease and 800 images of cabbage caterpillars on snow peas. These
images were subsequently cleaned based on clarity and realism, resulting in a selection of
440 images of citrus canker disease and 440 images of cabbage caterpillars on snow peas.
These selected images were then annotated under the direction of agricultural experts
and reviewed by a second expert. Secondly, we selected a portion of images from the
public dataset IP102. Out of 533 images of Acridoidea insects, 470 high-quality images
were chosen. Due to the limited number of legume blister beetle images available, all
435 images were included in our dataset. Lastly, we collected 1043 images of black rot of
grapes and 1007 images of leaf blight of grapes from the internet. These images were also
cleaned based on quality, with 460 images of black rot of grapes and 475 images of leaf
blight of grapes being incorporated into our dataset. Similar to the previous components,
these images were annotated under the guidance of agricultural experts and reviewed by a
second expert. Thus, the new dataset, FIP6Set, was constructed.

During the image selection process, we deliberately selected a combination of complex
lesions suitable for broad annotation, as seen in Figure 2d,f as well as simpler lesions
amenable to precise annotation, exemplified by Figure 2a. Furthermore, we incorporated
pests that bear similar colors to the leaves, as shown in Figure 2c,d and those that contrast
with the leaf color, as in Figure 2e.

Based on Saleh Shahinfar’s [29] research, which suggests that a minimum of
150–500 images are required for training, and considering the current state of agricul-
tural pest and disease datasets, we maintained the image count for each category in our
dataset between 435 and 475. This approach not only ensures the consistency of the dataset
but also prevents the quantity of data from adversely affecting training effectiveness.

2.3. Diagonal Difference Ratio Intersection over Union

As shown in Figure 3, the red box represents the predicted bounding box, the green
box represents the ground truth bounding box, and the blue box represents the minimum
enclosing rectangle encompassing both the red and green boxes. When the predicted bound-
ing box and the ground truth bounding box possess the same aspect ratio but differ in
widths and heights, the traditional IoU loss function becomes less effective. Figure 3a,b de-
pict two distinct scenarios; however, the traditional IoU loss function assigns an equivalent
loss value in both instances.

To tackle the aforementioned issues and inspired by the geometric characteristics of
the bounding box, we introduce DDRIoU, which is based on CIoU.

Figure 4 shows the key components of our proposed DDRIoU.
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Figure 4. Our DDRIoU component. Specifically, the red box represents the predicted bounding box,
the green box represents the ground truth bounding box, and the blue box represents the minimum
enclosing rectangle encompassing both the red and green boxes.

Algorithm 1 outlines the computational process for DDRIoU:

Algorithm 1: Intersection over Union with Diagonal Difference Ratio.

Input: Two arbitrary convex shapes: Agt, Apr, width and height of input image: w, h
Output: DDRIoU
1 : Let hgt and wgt represent the height and width of Agt, respectively.
Let hpr and wpr represent the height and width of Apr, respectively.
2 : Let ρ represent the Euclidean distance between the center points of Agt and Apr.
3 : C represents the minimum bounding rectangle enclosing both Agt and Apr, where
hc and wc denote the height and width of C, respectively.
4 : IoU =

Agt∩Apr
Agt∪Apr

5 : c2
gt = h2

gt + w2
gt

6 : c2
pr = h2

pr + w2
pr

7 : c2 = h2
c + w2

c

8 : DDRIoU = IoU − ρ2

c2 − 1
π *arctan((

c2
gt−c2

pr

c2
pr

)
2
)

9 : return DDRIoU.

where cgt represents the length of the hypotenuse of the ground truth bounding box, and
cpr represents the length of the hypotenuse of the predicted bounding box.
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Therefore, the DDRIoU loss is defined as follows:

LDDRIoU = 1 − IoU − ρ2

c2 − 1
π

∗ arctan((
c2

gt − c2
pr

c2
pr

)

2

), (8)

The core component is the penalty term 1
π ∗ arctan((

c2
gt−c2

pr

c2
pr

)
2
). We utilize a function,

1
π ∗ arctan, to confine the penalty term within the range of

[
0, 1

2

)
. This confinement aids in

stabilizing the training process and prevents gradient explosion due to excessively large

loss values. The expression
c2

gt−c2
pr

c2
pr

reflects the relative difference in proportion between

the predicted bounding box and the ground truth bounding box. This is advantageous for
object detection tasks involving significant variations in scale, such as detecting objects of
different sizes.

Compared to traditional loss functions, utilizing the square of the hypotenuse of the
bounding box as a metric enhances the stability of the loss function. This is because it
provides a more consistent and robust measure of the bounding box size, regardless of its
aspect ratio. Traditional metrics based on aspect ratio (or width/height difference) can
cause instability during training, especially in tasks that require frequent detection of large
and small targets.

In our approach, the expression
c2

gt−c2
pr

c2
pr

plays a crucial role, where c2
gt − c2

pr represents

the difference or deviation and c2
pr serves as a normalizing factor. Meanwhile, we specifi-

cally use c2
pr as the denominator in this expression. This approach not only avoids potential

instability issues during training, especially when the ground truth bounding box size
is too small, but also makes the loss function more sensitive to changes in the predicted
bounding box size. This sensitivity encourages the model to better adjust the size of the
predicted bounding box to closely approximate the ground truth bounding box.

In this way, we retain the characteristics of CIoU loss. DDRIoU loss, however, goes
beyond CIoU by considering both the predicted and actual bounding boxes. This approach
effectively addresses the issue of identical loss that arises when the predicted and actual
bounding boxes share the same aspect ratio but differ in widths and heights.

2.4. Focal-DDRIoU

In BBR, there exists an issue of imbalance in training examples, where due to the
sparsity of target objects in the image, the number of high-quality examples with small
regression errors is far fewer than low-quality examples. Outliers can produce excessively
large gradients, which are detrimental to the training process. Hence, it is crucial to allow
high-quality examples to provide a greater contribution to training. Therefore, we propose
the Focal-DDRIoU loss to enhance the performance of the DDRIoU loss.

Based on the research by Yi-Fan Zhang et al. [27], we similarly adopt the strategy of
weighting the DDRIoU loss using the IoU value to obtain the Focal-DDRIoU loss, as shown
in Formula (9):

LFocal−DDRIoU = IoUγLDDRIoU , (9)

where IoU =
Agt ∩ Apr
Agt ∪ Apr

, and γ is a parameter that controls the degree of outlier suppression.

2.5. Overview of the YOLOv7 Network Structure

There are seven different variants of the YOLOv7 network structure, including the
standard YOLOv7 and YOLOv7-tiny, among others. In this paper, we focus on the standard
YOLOv7 structure for our research.

Figure 5 is a schematic diagram of the YOLOv7 network structure.
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The overall framework of YOLOv7 is largely inherited from YOLOv5 [15], encompass-
ing the overall network architecture and configuration file settings, as well as the training,
inference, and validation processes. Furthermore, it incorporates certain aspects from
YOLOR [30], such as the design of distinct networks, hyperparameter configurations, and
the integration of implicit knowledge learning. Additionally, the SimOTA approach from
YOLOX [31] is adopted for positive sample matching.

Apart from the elements adopted from other YOLO iterations, YOLOv7 also integrates
several notable advancements, including efficient aggregated networks (e.g., ELAN and
E-ELAN), re-parameterized convolution, auxiliary head detection, and model scaling.

2.6. APD-YOLOv7 Network Structure

We have made the following improvements to the YOLOv7 network structure:

(1) Introduction of C3 and MobileViTv3 Modules to Enhance Feature Extraction
and Scalability.

The C3 module, a pivotal component in YOLOv5, employs a hierarchical structure
for feature extraction. Due to its design, the C3 module is capable of more effectively
capturing contextual information, thereby achieving superior performance in handling
complex backgrounds.

MobileViT, originally known as MobileViTv1, represents a lightweight model tailored
for mobile vision tasks, seamlessly integrating convolutional neural networks (CNNs) and
vision transformers (ViTs).

The MobileViTv3 module, proposed by WADEKAR ShaktiN et al. [32], addresses
scalability issues and simplifies learning tasks by enhancing the fusion module. As shown
in Figure 6, this module seamlessly integrates features from both local and global represen-
tation blocks within the fusion block, utilizing 1 × 1 convolution. This approach not only
simplifies the learning task but also prevents significant increases in parameters and FLOPs
during scaling. Within the local representation block, 3 × 3 depthwise separable convo-
lution is employed to further reduce parameters. Before the module’s final output, input
features are combined with the output of the fusion block, leveraging residual connections
to enhance accuracy.
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The incorporation of the MobileViTv3 module significantly contributes to the reduction
in model parameters and the enhancement of model accuracy.

(2) Adjustments to the YOLOv7 Network Structure.

We have refined the YOLOv7 network structure with the aim of further minimiz-
ing computational complexity, parameter count, and floating-point operations, all while
boosting the model’s recognition accuracy and generalization capability.

As depicted in Figure 7, we initially removed two ELAN modules from the backbone
section and introduced C3 modules to compensate for the network’s feature extraction
capabilities. Subsequently, to further elevate model performance, we embedded Mobile-
ViTv3 modules between the remaining two ELAN modules. In the head section, we
substituted all ELAN-W modules with C3 modules, culminating in the new APD-YOLOv7
network structure.
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3. Experiment and Result Analysis
3.1. Experimental Setup

In this study, we employed the open-source PyTorch deep learning framework for
model development and enhancement. Additionally, the training and evaluation of these
models were conducted on a system running Ubuntu 20. The hardware configuration
comprised an Intel (R) Core (TM) i9-11900K processor and an NVIDIA GeForce RTX
3090 graphics card. The GPU was equipped with 24 GB of video memory and used
CUDA version 11.3. During the experiments, consistent training parameters were applied
as follows:

• The input image size was consistently adjusted to 640 × 640 pixels.
• The batch size parameter was set to 16.
• The epochs parameter was set to 300.
• The initial training weights were set to empty.
• All other parameters were left at their default settings.

3.2. Experimental Evaluation Metrics

When identifying targets of agricultural pests and diseases in complex environments,
it is crucial to consider both the accuracy and real-time performance of the model. To
evaluate the model’s performance in identifying agricultural pests and diseases, this paper
uses mean average precision as the primary metric, with single-image inference time and
model parameter size serving as secondary evaluation criteria. It is worth noting that
mean average precision is related to both precision and recall, and its detailed calculation
formulas are provided below:

1. P represents precision, indicating the proportion of actually positive samples among
those predicted as positive by the model.

P =
TP

TP + FP
(10)

2. R represents recall, indicating the proportion of positive samples correctly predicted
as positive by the model among all actual positive samples.

R =
TP

TP + FN
(11)

3. AP represents average precision for a single category.

AP =
∫ 1

0
P(R)dR (12)

4. mAP represents the mean of average precisions for all categories.

mAP =
1
N

N

∑
i=1

APi (13)

In this context, TP denotes the count of samples accurately classified as positive, FP
signifies the count of samples erroneously classified as positive, and FN indicates the count
of samples mistakenly identified as negative.

Hence, AP75 refers to the AP computed with an IoU threshold of 0.75, while mAP75
signifies the mAP calculated at the same IoU threshold. For the purpose of this study,
mAP75 serves as the primary evaluation metric.

In the subsequent experiments, we utilized the FIP6Set dataset, developed in this
study, and implemented a 5-fold cross-validation approach across all experimental trials.

3.3. Experimental Analysis of Focal-DDRIoU Loss Function

We conducted experiments utilizing the YOLOv7 model, establishing baseline results
by training the model with the default CIoU loss function. To assess the influence of various
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IoU loss functions, we trained YOLOv7 using GIoU, DIoU, CIoU, EIoU, DDRIoU, and
Focal-DDRIoU. To achieve this, we substituted the BBR IoU loss with LGIoU , LDIoU , LCIoU ,
LEIoU , LDDRIoU , and LFocal−DDRIoU , respectively.

As shown in Table 1, under the FIP6Set dataset, using a 5-fold cross-validation method
and averaging the results of five experiments, DDRIoU loss and Focal-DDRIoU loss demon-
strated superior performance compared to GIoU loss, DIoU loss, CIoU loss, and EIoU loss.
Specifically, DDRIoU loss enhanced the mAP75 value by 0.76% over the default CIoU loss
used in YOLOv7, while Focal-DDRIoU loss achieved a notable improvement of 1.04%.

Table 1. Performance comparison of YOLOv7 model trained with default loss (LCIoU) and LGIoU ,
LDIoU , LEIoU , LDDRIoU , and LFocal−DDRIoU using 5-fold cross-validation method.

Loss

mAP75 Rounds 5-Fold
Average

5-Fold
Variance1 2 3 4 5

LGIoU 0.561 0.548 0.536 0.555 0.588 0.5576 (−0.08%) 0.000300
LDIoU 0.571 0.536 0.549 0.560 0.566 0.5564 (−0.20%) 0.000158
LCIoU 0.544 0.542 0.560 0.560 0.586 0.5584 (0) 0.000249
LEIoU 0.546 0.531 0.573 0.546 0.573 0.5538 (−0.46%) 0.000276

LDDRIoU 0.566 0.556 0.555 0.571 0.582 0.5660 (+0.76%) 0.000100
LFocal−DDRIoU 0.560 0.561 0.561 0.569 0.593 0.5688 (+1.04%) 0.000157

The improved performance can be primarily attributed to the introduction of the
diagonal difference ratio in DDRIoU loss. This innovation addresses a limitation of other
IoU loss functions, which produce the same loss value when the predicted and ground
truth bounding boxes have the same aspect ratio but differ in size. DDRIoU loss more
accurately captures these differences, guiding the model towards more precise optimization
and enhancing detection accuracy.

Beyond improving accuracy, the diagonal difference ratio in DDRIoU loss also con-
tributes to a more nuanced reflection of disparities between predicted and ground truth
bounding boxes. This refinement aids in enhancing the stability and consistency of predic-
tion results, thereby reducing outcome variance.

Compared to DDRIoU loss, Focal-DDRIoU loss exhibits a slight increase in variance,
yet it maintains a relatively low level. This suggests that incorporating the focal loss concept
allows the model to focus more effectively on challenging samples during training. As
a result, it boosts performance without significantly compromising result stability. This
design fosters a more robust and reliable model, especially in complex scenarios.

3.4. Experimental Analysis of Network Structure

In this section, a comparative experiment was conducted between the APD-YOLOv7
network structure devised in this study (hereinafter referred to as the APD network structure)
and the original YOLOv7 network structure. The experimental steps are outlined below:

1. Initially, we modified only the IoU loss function. Specifically, we trained the YOLOv7
model using GIoU loss, DIoU loss, CIoU loss, EIoU loss, and Focal-DDRIoU loss,
respectively, to evaluate the performance of the original YOLOv7 network structure.

2. Next, we substituted the original YOLOv7 network structure with the APD
network structure.

3. Finally, we replicated the first step, adjusting the loss function to assess the perfor-
mance of the APD network structure.

As demonstrated in Table 2, the performance of the APD network structure exceeds
that of the YOLOv7 network structure when evaluated under equivalent IoU loss condi-
tions. Following the substitution of the YOLOv7 network structure with the APD network
structure, we conducted experiments employing GIoU loss, DIoU loss, CIoU loss, EIoU loss,
and Focal-DDRIoU loss, respectively. The results showed an improvement in mAP75 by
0.68%, 0.68%, 0.78%, 0.6%, and 0.56%, respectively. In summary, the YOLOv7 model, when
trained with Focal-DDRIoU loss and incorporating the APD-YOLOv7 network structure,



Sustainability 2024, 16, 8855 13 of 16

achieved a 2.06% improvement in mAP75 compared to the model trained with EIoU loss
and the standard YOLOv7 architecture under identical conditions.

Table 2. Performance comparison between the YOLOv7 network structure and the APD network
structure trained using LGIoU , LDIoU , LCIoU , LEIoU , and LFocal−DDRIoU , respectively, under the
YOLOv7 model.

Loss

Evaluation YOLOv7 5-Fold Average
mAP75

APD-YOLOv7 5-Fold Average
mAP75

LGIoU 0.5576 0.5644 (+0.68%)
LDIoU 0.5564 0.5632 (+0.68%)
LCIoU 0.5584 0.5662 (+0.78%)
LEIoU 0.5538 0.5598 (+0.60%)

LFocal−DDRIoU 0.5688 0.5744 (+0.56%)

Table 3 illustrates that, in comparison to the YOLOv7 network structure, the APD
network structure achieves a 3.9MB parameter reduction and a 9.74% decrease in giga
floating-point operations per second (GFLOPs), effectively lowering the model’s computa-
tional demands and parameter count.

Table 3. Comparison of parameters between YOLOv7 network structure and APD network structure
(batch = 1).

Model Parameters (MB) GFLOPs Inference Time (ms)

YOLOv7 36.9 104.7 7.2
APD-YOLOv7 33.0 94.5 10.8

This significant improvement is primarily attributed to modifications made to the
YOLOv7 network structure. We adjusted the YOLOv7 architecture by removing redundant
modules, appropriately supplementing with C3 modules, and embedding MobileViTv3
modules. These modifications successfully reduced the model’s parameter count and
computational complexity while further enhancing the model’s accuracy.

Although the inference time for a single image has increased relatively, in agricultural
pest and disease identification, strict real-time performance is not typically required. As
long as the identification results can be provided within a few seconds, it is sufficient for
most application scenarios, thus still meeting the need for rapid identification of agricultural
pests and diseases.

3.5. Experimental Analysis of the APD-YOLOv7 Model

We conducted a performance evaluation of other widely used object detection models
on the FIP6Set dataset.

Referring to Table 4, the APD-YOLOv7 model presented in this study demonstrates
significant superiority over the YOLOv7 and YOLOv5-L models in terms of detection
accuracy. Specifically, the APD-YOLOv7 model achieves an mAP75 metric that is 1.86% and
1.6% higher than the YOLOv5-L and YOLOv7 models, respectively. Additionally, it reduces
the model parameter count by 13.5 MB and 3.9 MB compared to YOLOv5-L and YOLOv7,
respectively. In terms of model detection speed, the inference time for a single image using
the APD-YOLOv7 model is 10.8 ms. Although the inference time of the APD-YOLOv7
model is slightly longer compared to the YOLOv7 and YOLOv5-L models, it still satisfies
the requirements for swift identification of agricultural pests and diseases.
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Table 4. Performance comparison between APD-YOLOv7 and other object detection models.

Model 5-Fold Average mAP75 Parameters (MB) Inference Time (ms)

YOLOv5-L 0.5558 46.5 9.2
YOLOv7 0.5584 36.9 7.2

APD-YOLOv7 0.5744 33.0 10.8

4. Conclusions and Future Directions

In this study, we present a model, termed APD-YOLOv7, for the detection of agricul-
tural pests and diseases. Firstly, we design a novel loss function, termed Focal-DDRIoU loss,
to enhance the efficiency and accuracy of BBR. Secondly, we introduce C3 and MobileViTv3
modules to modify the YOLOv7 network structure. Specifically, the MobileViTv3 module
is integrated into the 17th layer of the backbone, thereby reducing the computational com-
plexity, parameter count, and floating-point operations of the model, while simultaneously
enhancing its recognition accuracy.

The performance evaluation is conducted on the FIP6Set dataset, employing mAP75 as
the evaluation metric. Experimental results indicate that the APD-YOLOv7 model surpasses
mainstream models, such as YOLOv7 and YOLOv5-L, by achieving improvements of 1.6%
and 1.86%, respectively. Additionally, our proposed Focal-DDRIoU loss outperforms
popular loss functions, including GIoU, DIoU, CIoU, and EIoU, yielding improvements of
1.12%, 1.24%, 1.04%, and 1.5%, respectively.

Although the inference time for a single image is increased in the APD-YOLOv7 model,
it still fulfills the criteria for swift identification of agricultural pests and diseases.

While the APD-YOLOv7 model strikes a good balance between recognition accuracy
and speed, its recognition diversity remains to be further explored. Future research efforts
should focus on training the APD-YOLOv7 model with additional pest and disease samples
to ascertain its robustness. Moreover, as the investigation of Focal-DDRIoU loss is currently
confined to the FIP6Set dataset, future studies should seek to apply it across diverse datasets
to assess its generalizability.
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