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Abstract: The growing use of drones in precision agriculture highlights the need for enhanced operational
efficiency. Despite the ability of computer vision based on deep learning has made remarkable progress in the
past ten years, when it comes to segmentation task on UAVs, there is always a conflict between the demand
of high precision and low inference latency. Due to such a dilemma, we propose the IRB-YOLO, an efficiency
model based on Inverted Residual Block, devoting to provide constructive strategies in real-time detection tasks of
UAV camera. The working details of this paper are as follows: (1) This paper innovates with a IR-Block(Inverted
Residual Block), integrated into a refined YOLOvS8-seg structure to create IRB-YOLO. This model specializes in
pixel-level classification of UAV-acquired RGB images, facilitating the creation of exact maps to guide agricultural
strategies. (2)When it comes to the experiments on a Vatica dataset with any other light-weight segmentation
model, IRB-YOLO achieve at least a 3.3% increase in mAP. Further validation using a diverse species dataset
confirms its robust generalization. (3)Without overloading the complex attention mechanism and deeper and
deeper network, a stem that incorporates efficient feature extraction components, inverted residual block, can
still possess outstanding modeling capabilities. IRB-YOLO builds a bridge between academic research and edge

deployment of drones, making it applicable in real-world scenarios.

Keywords: precision agriculture; instance segmentation; drone; deep learning; computer vision

1. Introduction

Vatica, due to its widely used fruit and timber and its pivotal role in forest ecosystems, has
significant global impact. However, due to habitat loss and pest invasions, its survival status has been
in decline, leading to its listing on the International Union for Conservation of Nature (IUCN) Red
List of Threatened Species. To achieve precise pesticide application control, conduct scientific pruning,
and effective post-harvest management, the development of models that can accurately assess canopy
structure becomes particularly important. The technical approach is outlined in Figure 1.

With the development of precision agriculture technologies, drone technology has been widely
applied in the agricultural sector.Sen Shen proposed DFA Net [1], integrating attention mechanisms
to achieve effective fusion of infrared and visible light images from unmanned aerial vehicles for
enhancing object detection and detail representation. Ruiyi Zhang introduced GA-Net [2], an accurate
and efficient drone image object detection method based on grid activation, which improves detection
speed and accuracy by reducing redundant calculations and focusing on key areas. Complex modeling
needs in agriculture are met through deep learning frameworks in the field of computer vision.
Zhengxin Zhang [3] addressed the issue of scale variation in drone imagery by proposing a strategy
combining a three-level Pyramid Feature Fusion Network (PAFPN) with a specialized head module for
small object detection. YOLO-FD [4], based on the YOLOV5 framework, captures static and dynamic
contextual information in citrus defect images through the construction of the CoT3 module.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Technical roadmap and workflow. In the Donkeng Plum Garden(114.03°E: 22.75°N),
Shanwei, Guangdong, the DJI M300 RTK drone captured RGB images of Vatica trees at varying
altitudes, with a resolution of 5280x3956 pixels. Flying heights ranged from 47.113m to 124.092m,
averaging 94.058m. A single pixel corresponded to 2.35m-6.19m in reality. Trained models effectively
segmented Vatica trees, providing a visual algorithmic base for geospatial mapping and agricultural
operations, as illustrated by the IRB-YOLO deployment strategy in the figure.

Mask R-CNN [5] extends Fast R-CNN [6] by adding a parallel mask branch for pixel-level clas-
sification. FCN [7] transforms fully connected layers into convolutional layers and uses skipping
connections to fuse multi-scale features, effectively compensating for information loss during down-
sampling. SegNet [8] uses unpooling operations instead of deconvolutions in FCNs to restore the
scale of feature maps., preserving high-frequency information while reducing computational load.
ResNet [9] and RefineNet [10] utilize residual connections to make full use of the information during
downsampling. PSPNet [11] captures global context information using a pyramid pool module, en-
hancing the model’s perception of image details and global structures. Despite CNNs capturing local
features through convolution operations, they cannot establish long-range connections between pixels,
leading to relatively low accuracy in pure CNN models.

On the other hand, the introduction of Vision Transformer [12] has sparked significant change in
the field of computer vision. The attention mechanism within these models enables better modeling of
long-range dependencies, thereby improving accuracy but also increasing resource consumption. To
address this issue, PVT [13] introduces the SRA module, which improves the standard MHSA and
reduces the computation of the QKV matrices. In contrast, Swin Transformer [14] utilizes W-MSA + SW-
MSA mechanisms to confine self-attention to individual windows, effectively addressing the problem
of memory usage. Although these networks have made various optimizations to reduce resource
consumption, the inherent parameter bloat and quadratic growth in computational cost associated
with the multi-head self-attention mechanism still results in high computational requirements, limiting
their practical applications in industrial settings.

In the field of agricultural remote sensing, target detection models such as R-CNN [15], SPP-
Net [16], and YOLO [17] have been widely applied. Although these models can provide bounding
boxes representing predicted targets, these boxes often originate from prior-designed candidate
regions or coarse grid regressions, making them insufficient for the precision required in some fine-
grained remote sensing tasks. With the introduction of semantic segmentation models like FCN [7],
U-Net [18], and Deeplab-V1 [19], these models achieve higher precision by classifying each pixel
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in the image, resulting in more accurate object masks. However, this finer processing comes with
increased computational demands, placing a significant disadvantage on semantic segmentation
models in terms of resource consumption. Since the introduction of Mask R-CNN [5] by Kaiming He,
instance segmentation models have come into focus. Unlike semantic segmentation models, instance
segmentation models typically incorporate a target detection component to localize objects in the
image and then perform pixel-level classification on each proposed region, significantly reducing
computational load and achieving a balance between precision and resource consumption.

The inference results of different visual task models are illustrated in Figure 2. This study focuses
on the precise localization of the center of the Vatica canopy. For object detection models, the most
valuable part of their inference results is the geometric center of the bounding boxes. However, due to
the precision and rectangular shape limitations of the bounding boxes, their geometric centers cannot
accurately represent the centers of polygonal canopies. Although the inference results of semantic
segmentation models can better depict the edges of the canopy, since semantic segmentation segments
by class, the model treats the segmentation results of the same class as a single entity. It requires
image processing to obtain the canopy masks corresponding to each tree, which inevitably leads to a
loss in accuracy; instance segmentation models segment individual instances, meaning they perform
pixel-level segmentation for each instance that the model considers might be a tree. Their inference
results are typically independent, allowing for the direct calculation of the centroid of each instance’s
segmentation mask to locate the canopy center. Based on the above discussion, this study selects the
instance segmentation model YOLOv8-Seg as the baseline model.

Object Detection Semantic Segmentation Instance Segmentation

Figure 2. Comparison of inference results from different visual task models. Object detection models
locate the center of the canopy using the geometric center of the bounding boxes; Semantic segmen-
tation models treat all canopies of the same class as a single entity, requiring post-processing of the
segmentation results to compute the centroid of each canopy object to locate the canopy center; Instance
segmentation models segment each individual object, and their segmentation results can be directly
used to calculate the centroid, thereby locating the canopy center.

In the context of drone deployment, deep learning models face challenges in balancing computa-
tional efficiency, resource constraints, and model complexity. Drones require lightweight models with
real-time processing capabilities, while high-precision complex models typically consume significant
computational resources, which contrasts with drones’ limited edge computing resources. In drone
applications, models need to maintain consistent performance under varying lighting conditions,
climate factors, and other conditions, requiring a focus not only on efficiency and accuracy but also
on robustness. For the Vatica scene, deploying models on drones presents additional challenges. The
lower height of Vatica trees results in a low effective pixel ratio in images, increasing the difficulty
of recognition. Moreover, the limited geographic distribution of Vatica fields leads to a scarcity of
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high-quality annotated data, impacting the model’s learning and generalization capabilities. In this
context, we propose a lightweight and efficient model, IRB-YOLO (Inverted Residual Block-YOLO).

The main contributions of this article are summarized as follows:

(1) We propose an efficient model, IRB-YOLO, which is designed after rethinking the power of in-
verted residual blocks in MobileNet series, achieving highly efficiency representation learning through
the integration of depth wise separable convolutions(DW-Conv) and multi-head self-attention(MHSA).

(2) IRB-YOLO is well-balanced between accuracy and latency, demonstrating the superiority of
YOLO framework and the backbone based on inverted residual block in such various challenging
tasks like object detection and segmentation for drones.

(3) We train the IRB-YOLO with ClIoU as the loss function in the segmentation task of Vatica trees,
overcoming the shortage of ignoring central points and aspect ratio. The ablation experiments reveal
that, such the CIoU that get a better performance than the original loss function(GIoU and DIoU) in
YOLOVS, accelerating the training process and bringing the bounding boxes closer to the ground truth.

2. Materials and Methods

2.1. Materials of Dataset

With the continuous evolution of agricultural drone technology and its expanding applications,
agricultural drones have evolved beyond mere aerial platforms to become integral parts of smart agri-
cultural ecosystems. Current visual algorithms often prioritize architecture expansion and increased
computational load for marginal accuracy gains, overlooking model efficiency constraints in edge
computing environments.

This paper evaluates the IRB-YOLO model using high-resolution images of green plum tree
canopies captured by a DJI M300 RTK multi-sensor drone at altitudes ranging from 47.113 to 124.092
meters, where each pixel represents 2.35 to 6.19 meters. The Vatica dataset used in this study comprises
583 RGB images (5280x3956 pixels) with standard visible light spectrum (Figure 3), collected from
a plum orchard in Dongkeng Town, Luhhe County, Shanwei City, Guangdong Province (114.03°E,
22.75°N) between March and July. This period covers the full lifecycle of green plum fruits, ensuring the
dataset adequately represents the specific species. The dataset also includes two canopy types: densely
unpruned natural growth (Figure 3a) and isolated pruned (Figure 3c), aiming to enable comprehensive
adaptation and learning of green plum trees under varying conditions.
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Figure 3. The dataset of experiments. Some different varieties of image from drones RGB sensor at
different heights. (a) Untrimmed Vatica; (b) Untrimmed Pine; (c) Trimmed Vatica; (d) Trimmed Lychee
Tree.

Past research has focused on single-species datasets, improving accuracy but lacking general-
ization in cross-species scenarios. To enhance model robustness, this study expanded the plum tree
dataset by incorporating data from two different tree species with similar morphological and textural
features, resulting in a mixed dataset. The mixed dataset includes a plum tree-pine tree(Figure 2b)
dataset representing densely unpruned plum trees and a plum tree-lychee tree(Figure 2d) dataset
representing isolated pruned plum trees. Images were obtained using the same drone imaging strategy
from fieldwork in Guangzhou and Qingyuan, Guangdong Province. This study aims to integrate infor-
mation from other tree species to help the model learn common features, enhancing its generalization
capability in cross-species scenarios.

2.2. IRB-YOLO Network

To accommodate the deployment requirements for edge computing scenarios in drones, we devel-
oped an efficient network model based on YOLOv8-Seg, named IRB-YOLO (Figure 4). This network is
composed of three primary components: Backbone, Neck, and Head. The Backbone is tasked with
extracting features from input images; the Neck module implements the extraction and fusion of multi-
scale features; the Head module outputs predictions for bounding boxes, classes, and segmentation
masks, which can be used to compute the corresponding loss to support backpropagation.
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Figure 4. The architecture of IRB-YOLO. The network consists of three main parts: Backbone, Neck,
and Head. Important components within the Backbone, Neck, and Head are listed in the figure.

Based on predefined hyperparameters, three-channel input images are initially fed into the Stem
component of the Backbone. Here, the channel count is expanded by the MSPatchEmb module,
followed by normalization and the introduction of nonlinear activation. Within each layer of the
Backbone, the IR-Block first utilizes 1x1 convolutions to acquire high-dimensional representations of
features, then constructs attention matrices to establish long-range dependencies among pixels. Fol-
lowing this, depthwise separable convolutions (DW-Conv) are employed to capture local features, and
finally, 1x1 convolutions reduce the feature dimensions back to their original state before concatenation
with the original input, producing a feature map rich in multidimensional characteristics.

Neck component is a key element for extracting and fusing features at different scales. It uses up-
sampling to restore detail information and enhance spatial resolution, enabling accurate segmentation.
The Neck employs Concat operations to integrate semantic information across different scales and
abstraction levels, ultimately generating feature maps of varying dimensions through the C2f module.
The C2f module processes the input data into two branches: one branch is output directly, while the
other branch undergoes transformations through multiple Bottleneck blocks before being output. This
design enables the network to better model complex data.

Head receives multi-scale feature maps from the neck for segmentation tasks. The high-resolution
feature map, which is closest to the original image size, enters the Proto branch; this branch upsamples
its spatial dimensions by a factor of two to generate prototype mask feature maps. All feature maps
from the neck are fed into the segmentation block. This block uses three distinct convolutional paths to
generate feature maps corresponding to Box, Cls, and Mask, enabling precise pixel-level classification.
Finally, the Box Loss, Cls Loss, and Seg Loss are calculated separately and backpropagated to optimize
the network weights.

IRB-YOLO has network architectures of varying sizes, with network parameters shown in Table 1.
The network primarily consists of Convolution Layers and Inverted Residual Blocks, . In Stages 1-4,
Inverted Residual Blocks are used, which are composed of combinations of one or multiple 1x1 convo-
lution layers plus 3x3 convolution layers. This paper provides models of different computational costs,
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allowing users to adjust the number of convolution kernels in the Inverted Residual Blocks according
to the needs of specific tasks. The training pseudocode for IRB-YOLO is shown in Algorithm 1.

Table 1. The network structure parameters of different sizes for IRB-YOLO. The network primarily
consists of Convolution Layers and Inverted Residual Blocks, and Fully Connected Layers. In stages

1-4, Inverted Residual Blocks are used, composed of combinations of one or multiple 1x1 convolution

layers plus 3x3 convolution layers. This paper provides models of different computational costs,

allowing users to adjust the number of convolution kernels in the Inverted Residual Blocks according

to the needs of specific tasks.

Stages  Input Size Layers IRB-YOLO-vl IRB-YOLO-v2 IRB-YOLO-v5 IRB-YOLO-v6
Convolution [3 % 3,24] stride 2
Stem 5280 x 3956 [1x1,24] stride 3
Layer [3 x 3,24] stride 3
Inverted Residual |1 % 1,48] [1x1,48] [1x1,48] [1x1,48]
Stage 1 Wxd [3x3,48) x1 [3x3,48]x3 [1x1,48]x3 [1x1,48 x3
Block [1x1,32] [1x1,32] [1x1,48] [1x1,48]
I Inverted Residual [ X 1,60] [1x1,60] [1x1,144] [1x1,144]
Stage 2 Wi [3x3,60]x2 [3x3,60] x3 [1x1,144] x3 [1x1,144] x 3
Block [1x1,48] [1x1,48] [1x1, 72] 1x1, 72]
[1x1, 92 [1x1, 92 [1x1,144] [1x1,144]
g W o H Inverted Residual  [1x1,144] x8 [1x1,144] x9 [1x 1,288 x9 [1x1,288] x9
faged  F X% 5 x 5,144 5 x 5,144 5 x 5,288 5 x 5,288
Block [5 % 5,144] [5 % 5,144 [5 x 5,288] [5 x 5,288]
[1x1, 80] [1x1,120] [1x1,160] [1x1,160]
[1x1,160] [1 x 1,240] [1x1,320] [1x1,320]
Stage 4 W o H Inverted Residual  [1x1,280] x3 [1x1,420] x3 [1x1,640] x3 [1x1,800] x 3
& T * To Block 5 x 5,280] [5 x 5,420] 5 x 5,640] [5 x 5,800]
[1x1,168] [1x 1,420] [1x1,288] [1x1,320]

reprints202409.1095.v1
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Algorithm 1: Training Algorithm of IRB-YOLO

Input: RGB images(s;) and labeled mask file(m;), IRB-YOLOC(:);
Loss Function : CloU(:,+);
1 Initialize the hyper-parameter of the IRB-YOLO, Dataloader(s;, m;);
2 Split dataset s;, m; tO SiTyain, SiTest, MiTrain, MiTest
sfort=1,2,...,T; // t is the training epoch
4 do
5 | fort=1,2,...,N; // N is the batch sizes
do
Train s;14i, by IRB-YOLO(:);
Produce sit,4i, by IRB-YOLOC(");
Calculate Loss by CIoU(Si1yain, MiTrain);
10 Forward gradient

© w NN S

1 | end

12 | Calculate FocalLoss;

13 | Validate s;1,5; and m;,1;
14 | Update IRB-YOLO(:);

15 end

2.3. Efficiency Components

Early feed-forward neural networks [20] were constrained by the computational capabilities
available at the time, making it challenging to handle the significant computational load imposed by
high-dimensional feature maps within the network. Researchers adopted a strategy that involved
reducing the input dimensionality to extract salient features and subsequently restoring the output di-
mensionality. Numerous experiments validated the effectiveness of this architecture. ResNet [9] inher-
ited this efficient design philosophy and innovatively introduced the residual connection mechanism,
enabling the model to learn features across different dimensions simultaneously. These characteristics
are considered fundamental building blocks for constructing efficient convolutional neural network
modules.

With the widespread application of high-performance computing chips in deep learning, large-
scale models based on Transformer architectures have rapidly developed. Since Vaswani first intro-
duced MHSA [21], visual models have been able to map pixel information into high-dimensional vector
spaces through matrix operations and normalization in attention mechanisms, effectively capturing
long-range dependencies between pixels to enhance classification accuracy [12]. However, Transformer
architectures typically require extensive attention computations to ensure performance, leading to
substantial computational costs and inevitably impacting inference speed.

In recent years, with the increasing demand for deploying models on mobile devices with limited
storage and computational resources, many efficient models incorporating lightweight CNN designs
have emerged. MobileNet [22] introduced DW-Conv, which significantly reduced the model’s param-
eter count and computational requirements, greatly improving deployment efficiency on resource-
constrained platforms. Building upon DW-Conv, MobileNetV2 [23] further proposed inverted residual
blocks (IRBs) with linear bottlenecks. This inverted residual structure reverses the traditional dimen-
sionality reduction mindset, instead employing an expansion of the input dimensions. This strategy
achieves better feature extraction with only a slight increase in computational cost, enabling more
efficient feature mapping and transmission.
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To maintain excellent feature capture capability while achieving lightness, this paper proposes
IR-Block, an efficient component inspired by inverted residual structures and multi-head self-attention
(MHSA). IR-Block combines the strengths of CNNs and Transformers. It models local features and
global features through DW-Conv and MHSA, respectively. Based on the inverted residual structure,
IR-Block obtains high-dimensional representations of input features, providing a richer feature space
for both MHSA and DW-Conv. Although MHSA requires substantial computational resources when
dealing with high-dimensional vectors, the fact that each convolution kernel in DW-Conv operates on
a single channel results in much lower computational cost compared to standard convolution kernels.
Consequently, the additional computational burden caused by expanding feature dimensions and
the introduction of MHSA remains within an acceptable range. A comparison of the representative
components mentioned above is shown in Figure 5.

Feed-Forward Residual Transformer  MobileNetV2 IR-Block

R —— — — — —
Conv 1x1 \Con\-'1><l / ‘ Conv 1-1 | /Con\'lxl \ /ConleI \

|
| !
| — -
| Expanding Dimensions : MHSA
: ||| ldentity | | Conv3:3 | MHSA | | DW-Conv | &
| No Change Dimensions : DW-Conv
|
| : /Con\ 1x1 \ / Conv 1~1 \ Conv 1-1 | \ Conv 1x1 / \ Conv 1~1 /
| Reduce Dimensions | v v v 4 ) 4
L »D oD oD »D »D

U A\ ! A\ \J
\4 v v v v

Figure 5. Comparison of several Transformer blocks and CNN blocks.

2.4. Inverted Residual Block

The IR-Block also employs an inverted residual structure, consisting of simple attention blocks
and DW-Conv blocks to capture the expanded feature information (Figure 6). The IR-Block first
expands the channel dimensions of the input.The expanded result X, can be expressed as (1)

X, = Conve(X)(€ RN H*W)y, (1)

where A is the ratio of input to output channels, and Conv, represents the expansion convolution.
After the input is expanded, it first enters the MHSA block to compute the Query and Key
matrices separately. The obtained attention weights are then multiplied with Value to produce
the output,capture low-frequency signals providing global information, and construct long-range
interactions among pixels in high-dimensional space.X, after passing through the MHSA can be
expressed as (2)
X, = (EW — MHSA)(X). 2)

Perform a Concat operation on X, to concatenate it with the original input X, forming a fused
feature representation. The expression for the final output X, is shown in (3)

X = X + X, (€ ROHW), (3)

The output from MHSA is combined through skipping connections and processed by DW-Conv,
constructing short-range dependencies and fusing multi-level semantic information without expanding
the dimensions. X 3, the result of the DW-Conv, can be represented as in (4)

Xjw = (DW — Conv)(X,). 4)
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Finally, an inverted output/input A convolution kernel is used to contract the IR-Block. The

shrank result X, can be expressed as (5)

Xs = Convs(Xyy) (€ REHW), ()

X, are concatenated with the original input X via a residual connection to form an enhanced
feature representation. The expression for the final output Y is shown in (6)

Y = X + X;(€ R&HW), 6)

| z f |
o " A

| o ||g slle =lsllgl  Ho Ve sllell. Sl e
= Al B o R RSN = = S l
> < HE [z (12 [|12 =8 SEENE < HsHs —m—

| = N R ER S 8 S 21§ —_ < e
X ] g ={[7]]@ =8 R X g1 = I
Pl e e T e e l

Expandin Attention Convolution Shrink
 Xpanding - Attenfion = _onvoution - oAfnk -

Figure 6. The detailed structure of the IR-Block.Including four components: Expand, Attention,

Convolution, and Shrink.

IR-Block has a simple structure without complex operators, combining the efficiency of CNNs
to model short-range dependencies and the dynamic modeling capabilities of Transformers to learn
long-range interactions. Multiple comparative experiments show that a backbone constructed solely
with IR-Blocks exhibits high efficiency and excellent feature extraction capabilities.

2.5. Complete IoU: More Efficient Regression Loss Function

Given the high-precision requirement for tree canopy segmentation tasks, the model’s output
prediction masks need to closely match the tree canopies. Traditional loss functions primarily focus on
the Intersection over Union (IoU [24]) between the prediction mask and ground truth labels but fail
to accurately reflect their overlap. The Generalized Intersection over Union (GloU [25]) proposed by
Hamid Rezatofighi, although introducing the minimum enclosing box as a penalty term to improve

precision, still suffers from slow convergence.

To address the issue of divergence during training with IoU [24] and GIoU [25], and to enhance
the stability and regression performance of the model’s convergence, IRB-YOLO adopts Complete
Intersection over Union (CIoU [25]) as the loss function. The calculation formula related to CloU [25]

can be expressed as Equations (7)—(10)

2 gt
ClolU = IoU — (% +av). )
v
“= (1—1IolU) +v ®
_ 4 Wet W2
V=3 (arctan gt arctan( p ). 9)

2 gt
Loy = 1— ToU + % + o, (10)
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3. Results

The input image size was set to 640x640 pixels. Models were trained with various combinations
of hyperparameters, and the loss curves were analyzed, ensuring that all models achieved adequate
convergence within 300 epochs. mAP50 was used as the primary performance evaluation metric, and
testing determined that the most suitable training batch size for this dataset is 8. The initial learning
rate was set to 0.01, and a cosine annealing strategy was employed to finely adjust the learning rate,
thereby optimizing the model’s convergence. When calculating the bounding box loss, the CloU loss
function was used, which helps accelerate the convergence and improve the localization accuracy.

3.1. Comparison with Mainstream Segment Models

The comparison results with various mainstream lightweight models are shown in Table 2.
Compared with different models in the YOLO series, IRB-YOLO achieved significant improvements.
For the single plum species dataset, IRB-YOLO improved the mAP by at least 3.3 percentage points,
Precision by at least 3.8%, while maintaining a favorable model size. By designing the efficient
component IR-Block, which integrates inverted residual architecture with attention mechanisms
and efficient convolution operations, it strengthened modeling of feature dependencies at both long
and short distances, achieving good feature capture with a slight sacrifice in inference latency, thus
significantly improving model accuracy. IRB-YOLO enhances self-attention by avoiding complex
components and operators, addressing the issue of complex models being less amenable to application
optimization, making it advantageous for deployment under resource-constrained conditions, such as
drone inference operations. Through comparisons with various models of different sizes on FLOPs-
mAP50 (Figure 7), IRB-YOLO demonstrated outstanding performance, achieving a good balance
between accuracy and model size.

Table 2. Comparison with mainstream models.

Param FLOPs Latency (Precision) (Recall) mAP50

Model
/M) (/G) (/ms) (/%) (/%) (/%)
YOLOv3 [17] 103.67  282.2 54 71.5 70.4 70.5
YOLOv3-tiny [17]  12.13 18.9 1.6 65.9 70.1 68.5
YOLOvV3-spp [17] 10471  283.1 7.0 66.0 73.4 70.8
YOLOv5-m 25.05 64.0 4.0 70.7 70.0 72.2
YOLOv5-1 53.13 134.7 51 72.5 67.6 70.9
YOLOvV6-m [26] 51.98 161.1 47 71.5 71.8 73.9
YOLOv6-1[26] 110.86  391.2 7.0 69.5 71.5 72.5
YOLOv8-m 27.22 110.0 6.4 69.7 72.2 73.8
YOLOvVS-1 4591 220.1 6.8 71.6 70.6 74.0
IRB-YOLO-v2 28.26 177.9 9.1 75.9 71.6 77.3
IRB-YOLO-v5 31.05 230.5 8.5 75.3 73.0 779

The device used for the above benchmark test has an Intel(R) Xeon(R) Gold 6240R CPU @ 2.40GHz with 100 GB of
RAM, and an NVIDIA Tesla A800 GPU graphics card with a VRAM of 80GB.
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Figure 7. The device used for the above benchmark test has an Intel(R) Xeon(R) Gold 6240R CPU @
2.40GHz with 100 GB of RAM, and an NVIDIA Tesla A800 GPU graphics card with a VRAM of 80GB.

3.2. Ablation Experiment

To validate the efficiency of the IRB-YOLO network, an ablation study was conducted on the plum
dataset, using the val mode provided officially by ultralytics for a fair comparison. Only the Backbone
was replaced, while the Decoder part used the same YOLOv8-Head, and other hyperparameters were
kept consistent. The ablation study results are shown in Table 3. From Table 3, it can be seen that
compared to the baseline model, IRB-YOLO’s mAP50 improved by 2.7%, and with the addition of
CIoU, it further increased to 3.9%.

Table 3. Ablation Experiment.

Param FLOPs Precision mAP50

Strategies
/M) (/G) (/ms) (/%)
Backbone-YOLOVS-1 4591 220.1 71.6 74.0
Backbone-IRB-YOLO 31.05 230.5 70.3 76.7
Backbone-IRB-YOLO and CIoU  31.05 230.5 75.3 77.9

We observed that the addition of CloU boosted IRB-YOLQO’s Precision from 70.3% to 75.3%,
confirming the positive impact of CloU on boundary regression for segmentation masks.

3.3. Multi-Species Mixed Dataset Experiments

Previous research has generally focused on the segmentation performance of models on one
or a few classes. Although some models perform well on validation datasets, their generalization
capability often proves insufficient in cross-species scenarios. This experiment utilized two mixed
datasets consisting of different tree species under the same pruning conditions to train the model,
aiming to obtain a universal model capable of accurately segmenting multiple species. The datasets
primarily include: a plum-pine dataset comprising 583 images of plum trees and 173 images of pine
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trees, and a plum-lychee tree dataset consisting of 538 images of plum trees and 173 images of lychee
trees. To eliminate other factors that could affect model training, the pine and lychee tree data were
acquired using the same drone and identical imaging strategies, with the image resolution and sensor
channels kept consistent with the plum tree data. To validate the robustness of IRB-YOLO, the trained
segmentation models were applied to infer on these images.

The segmentation mask results are shown in Figure 7, where the model trained on the plum-
pine dataset exhibits excellent performance on images 8a (plum trees) and 8b (pine trees); and the
model trained on the plum-lychee tree dataset shows similarly good segmentation results on images
8c (plum trees) and 8d (lychee trees). This demonstrates that IRB-YOLO can not only effectively
model global features such as the overall color distribution and shape contours of the tree canopies
but also capture texture details and other local features, showcasing outstanding performance and
generalization capability. Despite the limited size of the original dataset, the model can effectively
utilize the similar features among different species for cross-species learning, thus achieving precise
and valuable segmentation in practical application scenarios.

(a) ’ (b) 0 @

Figure 8. IRB-YOLO perform segmentation masks on images captured under different pruning
conditions and species. (a) Untrimmed Vatica; (b) Untrimmed Pine; (c) Trimmed Vatica; (d) Trimmed
Lychee Tree.

3.4. HeapMap Analysis Based on EigenCAM

To visualize the effective attention of the IRB-YOLO network on both local and global features,
EigenCAM [27] (Eigen Class Activation Map) was used to generate heatmaps for the pre-trained
weights of IRB-YOLO-v2 and YOLOvS-1. Through layer-wise decomposition, the regions with the
highest activation in a specific layer’s feature maps were identified, and the activations of each feature
channel within those maps were treated as weights for different regions of the input image. Finally,
these weights were mapped back onto the input image, highlighting the areas that most influence
pixel-level classification decisions with thermal overlays.

The heatmap visualization results are shown in Figure 9. From the heatmaps, it can be observed
that compared to the baseline model, IRB-YOLO demonstrates stronger pixel dependency and coop-
erative behavior in large area regions, contributing jointly to the classification decision. In addition,
for small-area targets, IRB-YOLO provides adequate attention at shallower network levels. The vi-
sualization results show that IRB-YOLO exhibits powerful long- and short-range feature association
capabilities, effectively attending to targets of various scales.
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Figure 9. IRB-YOLO-v2 and YOLOVS-1 perform heatmaps based on EigenCAM. Through the compari-
son of three identical Head layers extracted from two models, it is observed that from P3 to P5, the

depth increases and the corresponding feature map resolutions gradually increase.

4. Discussion

To achieve precise pesticide application on green plums, the spraying drone requires an optimal
flight path, as shown in Figure 10. The surveying drone acquires vertical images of the green plum
tree canopies using a visible light sensor, for each image, it is fed into the instance segmentation
model for inference, after obtaining the segmentation masks, the centroids are calculated and used
as target waypoints, finally, the optimal pesticide spraying flight path is determined by applying a
path planning algorithm to the target waypoints. The main dataset used in this experiment consists of
Vatica images captured in the Vatica orchard located in Dongkeng Town, Luhhe County, Shanwei City,
Guangdong Province (geographical coordinates: 114.03°E, 22.75°N). This dataset comprises 583 RGB
images with a resolution of 5280x3956 pixels, obtained by a drone equipped with a visible light sensor.
To enhance the model’s ability to capture and analyze canopy features at different flight altitudes, the
drone flew along predefined routes at heights ranging from 47.113 meters to 124.092 meters, where
each pixel represents a ground distance of 2.35 meters to 6.19 meters. To ensure that the dataset
adequately represents the characteristics of Vatica, the data collection period was set from March
to July, covering the entire lifecycle of the Vatica fruit from budding to maturity. Given the varying
management conditions under which Vatica canopies exhibit diverse forms, this dataset particularly
includes two representative types: densely unpruned natural growth and isolated pruned canopies,
aimed at ensuring that the model learns the appearance characteristics of Vatica trees under different
management conditions. In addition to the standard Vatica dataset, to validate the robustness of the
model in cross-species applications, this study also incorporated data from two other tree species with
similar morphological texture features to construct a mixed dataset. Data from these species were


https://doi.org/10.20944/preprints202409.1095.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 September 2024 d0i:10.20944/preprints202409.1095.v1

15 of 17

collected using the same drone and identical acquisition strategies as the Vatica dataset, maintaining
consistent image resolution and sensor channels.

Original Image Instance Segmentation Route Planning

Figure 10. Flight path generation process. The drone uses a visible light sensor to acquire high-
resolution images, and then inputs the images into the instance segmentation model for inference to
obtain the segmentation masks; For each instance’s segmentation mask, calculate its centroid as the
target waypoint; Finally, optimal pesticide spraying flight paths are planned based on all the target
waypoints.

The experimental results demonstrate that a feature extraction module without complex operators
can achieve satisfactory feature capture by modeling both long- and short-range dependencies; an
inverted residual structure provides a rich feature space, serving as the foundation for effective feature
extraction; thanks to the computational cost reduction brought about by the efficient component DW-
Conv, the resource consumption resulting from the use of inverted residuals and attention mechanisms
is controlled within acceptable limits, allowing the overall module to exhibit high performance. Since
the introduction and application of ViT [12] in computer vision in 2021, many researchers have been
eager to incorporate attention mechanisms and Transformer blocks into their work, despite the fact that
the accompanying increase in computational load is often overlooked, even though these models show
improvements in accuracy. In practical applications, balancing model accuracy, size, and inference
latency is crucial. When utilizing MHSA, which is computationally intensive, efficiency optimizations
should be applied to other components to distribute the computational burden, thereby achieving an
ideal balance between efficiency and accuracy.

5. Conclusions

With the loss of habitat and the onslaught of pests and diseases, the survival conditions of Vatica
are becoming increasingly precarious. To achieve intelligent management of Vatica, it is critical to
develop models capable of accurately recognizing the canopy layers of these trees. The application of
drone technology in agriculture is becoming more widespread, and with advances in deep learning and
neural network technologies, using instance segmentation models to generate agricultural prescription
maps and conducting precise pesticide applications with drones has become feasible [28].In recent
years, many object segmentation models based on deep learning and neural network technologies
have achieved promising results on public datasets. However, significant computational costs and
insufficient model generalization remain challenges in edge computing and real-world scenarios.
Achieving a balance between model accuracy, speed, and size is crucial for practical deployment.

This paper introduces an efficient neural network model called IRB-YOLO, which is designed
around an efficient component named IR-Block. IR-Block employs an inverted residual structure to
perform dimensionality expansion, providing richer feature spaces for feature extraction components.
By combining DW-Conv with MHSA, the model leverages the efficiency of CNNs for modeling short-
range dependencies and abstract extraction of high-level feature from MHSA, thus enabling effective
extraction of both local and global features. During training, we use CIoU as the loss function to address
issues of model divergence and enhance the stability of convergence and regression performance.
Through comparisons with different lightweight models, IRB-YOLO demonstrates superiority in terms
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of accuracy and model size. Furthermore, robustness testing with mixed datasets shows that the model
exhibits excellent generalization capability.

IRB-YOLO aims to address the efficiency issues of models in edge computing tasks, breaking
away from computationally-intensive neural networks. Instead of focusing on redundant and complex
computational components, IRB-YOLO strives to achieve higher accuracy while ensuring compu-
tational efficiency. This work builds a bridge between academic research and edge deployment of
drones, hoping to provide new insights for computer vision applications in the agricultural sector and
to inspire further research on neural network architecture design.
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Appendix A

Our model weights are trained in Pytorch, and available Taoism-Net export formats are in the
Table Al below. You can predict or validate directly on exported models, and usage examples are
shown for your model after export completes.

Table A1l. The weights trained in this article can support model transformation based on the following

parameters.
Format Model Metadata Argument
Pytorch Taoism.pt v -
TorchScript Taoism.torchScript v imgsz, optimize
ONNX Taoism.onnx v imgsz, half, dynamic,simplify, opset
openVINO Taoism.openvino_model v imgsz, half, int8
TensorRT Taoism.engine v imgsz, half, dynamic,simplify, workspace
TF Lite Taoism.tflite v imgsz, half, int8
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