
 

International Journal of Computer Information Systems and Industrial Management Applications 

ISSN 2150-7988 Volume 18(4s) 2026 pp. 1306-1324 

 

https://doi.org/10.70917/ijcisim-2026-2638 

Article 

 

Deep Ensemble Learning for Weed Recognition 

Using YOLO Variants in Precision Agriculture 

Yalla Akash¹*, Vipul Agarwal², Thirumalasetty Anusha³, Orchu Venkata Koteswararao⁴ 

¹ ,2,3,4Koneru Lakshmaiah Education Foundation (KL University), Vaddeswaram, Andhra Pradesh, India. 

1yallaaakaash2003@gmail.com, ² agarvipul@gmail.com, ³ thirumalasettyanusha02@gmail.com, ⁴orchu.yona@gmail.com 

 

Abstract: Weed competition in paddy fields is a critical challenge to crop yield and agricultural sustainability because conventional 

control methods, whether Broad-spectrum weeding or manual control herbicides, are Work-intensive, environmentally harmful, 

lack the precision needed for modern farming. To overcome the limitations mentioned above, then we suggest a new deep ensemble 

building blocks for learning that integrates 3-YOLO variants (YOLOv8 with a high detection accuracy, YOLOv11 with real-time 

processing capability, and GE-YOLO with good generalization) into one unified detection system optimized for automated weed 

recognition tasks in a paddy field. For each model, the ensemble architecture employed NMS and WBF strategies to combine 

predictions and hence improve the bounding boxes' localization accuracy. In this work, we built and manually annotated a paddy 

field dataset and further augmented the images using rotation, flipping, scaling, and brightness adjustments to represent various 

real-world scenarios that include changing lighting conditions, high-density crops, water reflections, and rice-weed morphological 

similarities. Each variation was independently trained across 100 epochs.  using the SGD optimizer by tuning its hyperparameters 

to achieve maximum performance in weed detection. The results achieved by the proposed deep ensemble framework were 

outstanding: it obtained an accuracy of 98.75%, precision of 88.89%, Consider of 99.35%, an F1-score of 93.42%,  mAP@50 of 

88.89%. These results are better than any previous YOLO models and any recent literature on the best weed detection results. This 

shows that our proposed system can work well in a variety of difficult agricultural situations, such as when the light changes, there 

are a lot of weeds, and the background is complicated. These results show that the proposed framework is very good for use in real-

life precision agriculture applications. The proposed approach can also function as a front-end module for autonomous weeding 

robots, UAVs, and IoT-based smart farming platforms without modifications. This will make it possible to manage weeds on a 

site-by-site basis with fewer herbicides, less harm to the environment, and more support for sustainable farming practices that boost 

crop productivity overall. 
Keywords: Deep Learning, Ensemble Learning, Weed Detection, YOLOv8, YOLOv11, GE-YOLO, Precision Agriculture, 

Computer Vision, Smart Farming. 

 

1. Introduction: 

Weeds are still a big problem for farmers today, and they cost a lot of money [1]. This is especially true when 

growing rice because weeds pillage water, nutrients, and sunlight from rice plants, which are all very important.  

Because of this competition, farmers have to pay more for supplies and workers, which means that crops don't grow 

as well. For a long time, people have used machines, chemicals, and their hands to get rid of weeds. But there are big 

problems with all of these ways. Weeding by hand takes a lot sof time and work, mechanical methods aren't always 

very accurate and can hurt crops, and using herbicides [2] carelessly can pollute soil and water, hurt the environment, 

and make weed species that are resistant to herbicides [3]. 
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Fig. 1: Sample Images Illustrating Weed Infestation in Rice Crops 

In the Fig. 1 shows that weeds can cause a lot of problems in rice fields. It also shows how hard it is to find 

them [4–5]. The illustrations show different real-life situations, such as dense weed clusters competing with rice 

seedlings (top-left), grass-type weeds that look like rice plants and make it hard to tell them apart (top-center), early-

stage rice plants surrounded by multiple weed species at different growth stages (top-right), and heavy weed infestation 

threatening crop establishment (bottom-left). sparse but persistent weed presence in established rice fields (bottom-

center), and varying weed densities across different field sections (bottom-right).These pictures show how important 

it is to have automated detection systems that can tell the difference between weeds and crops at different stages of 

growth, in different places, and in various illumination circumstances, even when the plants look the same. These 

pictures show much of different kinds of weeds, from single weeds to extensive infestations and from clear visual 

contrast to unclear morphology. This demonstrates the challenge it is to make a weed detection system that performs 

well in reality on a farm [6]. It needs smart, eco-friendly, and very accurate weed management systems right away 

[7]. This is because food is becoming more important and farming that is good for the environment is becoming more 

important.  Precision agriculture is a new way of doing things that uses new technologies like AI, computer vision, 

robotics, and the Internet of Things (IoT) to get the most out of resources [8] and increase output. In this case, smart 

farming systems [9], autonomous weeding robots, and UAV-based monitoring platforms [10] all need to be able to 

automatically find weeds. 

The diverse and ever-changing conditions in paddy fields, as shown in the figure above, make it hard to 

accurately identify weeds. Changes in light, water reflections, thick crop canopies, and the fact that rice plants and 

weeds look similar in shape [11] all make traditional detection methods [12] much less accurate and reliable. Weeds 

and rice plants can look very similar when they are just starting to grow, so it can be hard for even experienced 

agronomists to tell them separate from one another. This is also a big problem for computer vision systems capable of 

functioning on their own systems [13]. Weeds can be found in many places, from small patches to large infestations. 

This means that detection systems need to work well at different scales and densities. The mentioned problems require 

strong, flexible, and very precise models that will be able to work in the real world. 

This work presents a comprehensive ensemble learning framework that amalgamates the benefits of diverse 

YOLO-based detection models for the automated identification of weeds in paddy fields [14]. The proposed system 

integrates YOLOv8 for enhanced detection precision [15], YOLOv11 for expedited real-time processing [16], and 

GE-YOLO for improved generalization across diverse field conditions [17]. The framework uses Non-Maximum 
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Suppression (NMS) and Weighted Box Fusion (WBF) to make the best guesses and find the best balance between 

speed, accuracy, and durability [18]. The model learns from the dataset of paddy fields that have been tagged by hand 

and have images like the above. The model is thus ensured to see all forms of real-world variability, including different 

types of weeds, growth stages, infestation levels, and environmental conditions [19]. The system has been tested under 

different kinds of weather conditions, and it works well in harsh conditions such as those revealed by the pictures from 

the field, as shown above. This marks a big step toward smart, useful, and sustainable methods of weed removal in 

precision farming. It can deal with the morphological ambiguity, spatial variability [20], and environmental diversity 

arising from realistic rice growing. 

For the first step in finding weeds, we used regular image processing and handmade feature extraction 

methods. These analyses included spectral-based analysis [21], which examined the differential light reflection of 

crops and weeds, and shape-texture analysis, employing statistical descriptors and morphological operations. But these 

old methods were ineffective in all weather, were sensitive to light changes [22], and couldn't be used on all weeds or 

at all growth stages. Deep learning changed agricultural computer vision by letting Convolutional Neural Networks 

(CNNs) learn features on their own from raw data [23]. In the early days of deep learning, AlexNet, VGG, and ResNet 

architectures were used to classify image patches. However, localization required sliding window techniques that were 

very costly to run. End-to-end architectures have solved this problem in modern object detection frameworks Even 

with these improvements, individual detector architectures still have trouble getting high accuracy, real-time speed, 

and strong generalization across different agricultural settings all at the same time [24].It demonstrates that making 

models more complex and faster to run may have both good and bad effects. Ensemble learning is a good idea because 

it makes predictions from different models more precise and reliable. Traditional ensemble methods relied on 

fundamental fusion techniques, such as averaging confidence scores or employing standard Non-Maximum 

Suppression (NMS) across the outputs of multiple models. When Faster R-CNN and SSD were used together, studies 

showed that these methods improved general object detection by 4–6% mAP.Weighted Box Fusion (WBF) is a more 

advanced method for merging bounding box coordinates that uses weighted averaging based on confidence. It works 

better than other methods because it avoids throwing away the predictions that the models made. Recent studies in 

agriculture have examined the combined use of ResNet-based classifiers and YOLO detectors in groups. This has 

made it possible to find crop diseases and count fruit with 2–4% more accuracy [25]. Still, the current ensemble 

methods for weed detection are limited because they usually only combine two models using simple fusion techniques. 

They also don't use a systematic way to combine different YOLO variants that are designed for different purposes. 

Furthermore, prior studies have not concentrated on paddy field weed detection employing ensemble architectures 

that integrate the complementary advantages of accuracy-focused, speed-enhanced, and generalization-boosted 

models through advanced fusion methodologies, including integrated NMS and WBF strategies [26]. This research 

gap leads to the suggested deep ensemble framework that merges YOLOv8, YOLOv11, and GE-YOLO with advanced 

prediction refinement to achieve optimal outcomes in accuracy, efficiency, and robustness [27] for practical 

application in precision agriculture. 

2. Design and Methodology of the Proposed YOLO Ensemble Framework 

The overall architecture of the proposed deep ensemble weed detection system is illustrated in Fig. 2. The 

framework begins with image acquisition and dataset preparation, followed by data preprocessing and augmentation. 

The processed data are then fed into multiple object detection models, including YOLOv8, YOLOv11, and GE-YOLO, 

whose outputs are optimized and combined through a post-processing and prediction pipeline to generate the final 

weed detection results. 
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Fig.2: Block Diagram of the Proposed YOLO Optimization and Prediction Process 

The proposed deep ensemble learning framework incorporates three cutting-edge YOLO variants: YOLOv8, 

YOLOv11, and GE-YOLO, in order to realize robust and accurate weed detection in paddy fields. The technique uses 

a sequential pipeline that includes data collection, pre-processing, training each model, integrating the algorithms, and 

testing their performance. The whole thing is designed to resolve one or more problems that come up in farming 

settings, such as changing light levels, complicated backgrounds, and the fact that crops and weeds appears similar. 

For detecting weeds in paddy fields, a dataset was developed with high-resolution images taken from 

different stages of growth, light conditions, and weed densities. Various species of weeds that are normally found in 

rice fields have been included in this dataset to accurately mimic the actual conditions of a field. Digital cameras on 

the ground and on UAVs took pictures from different heights and angles. There are a total of N labeled images in the 

dataset. 70% of them (0.7N images) are for training, 20% (0.2N images) are for testing, and 10% (0.1N images) are 

for validation. This division is good for learning because it keeps the validation and test sets separate. This way, the 

model won't fit too closely and will have a fair view of how well it works 

All images were manually labeled using the LabelImg annotation tool, which made bounding box coordinates 

in the YOLO format. There was a rectangular bounding box around each weed in the picture. The box was based on 

the weed's height (h), width (w), and coordinates for the center (x, y), all of which were relative to the size of the 

illustration. 

It placed labels to all of these pictures by hand using the Label Img annotation tool. This tool makes bounding 

box coordinates in the YOLO format. In the picture, there was a rectangular box around each weed instance. The 

image's size was used to set the box's center coordinates (x, y), width (w), and height (h).  

YOLO Annotation : 

class_id     x_center      ,    y_center      width    height                     …(1) 

The coordinates are all normalized values between 0 and 1, which are found by: 

Normalized Center Coordinates: 

𝐱𝐜𝐞𝐧𝐭𝐞𝐫 =
𝐱𝐛𝐨𝐱−𝐜𝐞𝐧𝐭𝐞𝐫

𝐢𝐦𝐚𝐠𝐞𝐰𝐢𝐝𝐭𝐡
,        𝐲𝐜𝐞𝐧𝐭𝐞𝐫 =

𝐲𝐛𝐨𝐱−𝐜𝐞𝐧𝐭𝐞𝐫

𝐢𝐦𝐚𝐠𝐞𝐰𝐢𝐝𝐭𝐡
        … (2) 

This normalization makes sure that the scale is the same and that different image resolutions are compatible 

with adjacent ones. 

They accomplished a lot of preprocessing and data augmentation to make the models stronger and more 

flexible. We resized all of the input images to 640×640 pixels so that all of the models would be the same and we 

could use the most computing power. Training went faster because the pixel values fit into the range [0, 1] when they 

were divided by 255. During the training, the data was changed in random ways to make it better. dataset more like 

what would happen in the real world. Adding Strategy we use the following image augmentation techniques to make 

the model stronger and more able to work in different field conditions. You can flip the image horizontally with a 50% 

chance, randomly rotate it between -15° and +15°, scale it up or down by 0.8 to 1.2 times its original size, or move it 

up to 10% of its dimensions. Photometric transformations involve altering brightness (I′=I×(1+α)I' with 

α∈[−0.2,+0.2]), modifying contrast (I′=(I−μ)×β+μ with β∈[0.8,1.2]), and adjusting the HSV color space. The dataset 

is even more different now that it has noise and blur. Adding Gaussian noise is done with I' = I + N(0, σ²), where σ is 

between 0 and 0.02. Adding Gaussian blur is done with a kernel size between 3 and 7. The dataset grows more diverse 

when you add these things together. This keeps the model strong even when the lighting, camera angle, and setting 

change. 

The Architecture YOLOv8 is the strongest part of the group, and its better design makes it much better at 

finding things. It uses a CSP Darknet backbone for feature extraction. This backbone has cross-stage partial 

connections that help the flow of gradients and cut down on unnecessary processing. 
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Fig.3: Architecture of the YOLOv8 Object Detection Model [28] 

In the Fig.3 presents the architecture of the deep learning model YOLOv8 in detail, showing its backbone, 

neck, and detection composition of the head. The backbone uses  convolutional , C2f layers to extract key visual 

features, improving multi-scale feature representation through the SPPF module. The neck combines and refines 

different scale features with upsampling and concatenation, improving spatial information. The detection head predicts 

object classes and their bounding boxes directly using convolutional layers. This work proposes an efficient, modular 

pipeline that represents one of the fastest solutions suitable for real-time object detection. Features of multiple scales 

are extracted through successive convolutional layers in the backbone, which generates feature maps at three different 

scales: P3 at 80×80, P4 at 40×40, and P5 at 20×20, representing stride values of 8, 16, and 32, respectively. These 

multi-scale features enable the detection of objects ranging from small weeds to larger vegetation clusters. 

The neck component is a The PANet structure allows for bidirectional feature fusion from different scales. 

This process of feature fusion can be defined as: 

𝐹𝑓𝑢𝑠𝑒𝑑
(1)

= 𝐶𝑜𝑛𝑐𝑎𝑡(𝐹𝑢𝑝
(𝑙+1)

, 𝐹𝑙𝑎𝑡𝑒𝑟𝑎𝑙
(1)

)             … (3) 

𝐹𝑑𝑜𝑤𝑛
(1)

= 𝐶𝑜𝑛𝑣(𝐹𝑓𝑢𝑠𝑒𝑑
(1)

)                               … (4) 

F is the collection of feature maps at various levels (l). The fusion merges pathways that go from the top 

down and the bottom up. 
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The detection head on YOLOv8 doesn't need anchor boxes, so it doesn't use them. The model makes direct 

predictions for each grid cell (i, j) in the output characteristic map as follows: 

b^=(x^y^w^h)𝑏̂ = (𝑥̂, 𝑦̂, 𝑤̂, ℎ)̂             … (5) 

𝑐̂ = 𝜎(𝑐) 

𝑝̂𝑘 = 𝜎(𝑝𝑘), 𝑘 ∈ {1, … . . , 𝑘}               …  (6) 

(x̂, ŷ) are the predicted center coordinates, and (ŵ, ĥ) are the width and height., ĉ is the objectness confidence 

score, and p̂ₖ are the class probabilities for K classes. The sigmoid activation function is denoted by σ. 

Loss Function for YOLOv8: 

The training objective combines three loss components: λ 

𝐿𝑡𝑜𝑡𝑎𝑙 = λ𝑏𝑜𝑥𝐿𝐶𝐼𝑜𝑈 + λ𝑐𝑙𝑠𝐿𝐵𝐶𝐸
𝐶𝐿𝑆 +λ𝑜𝑏𝑗𝐿𝐵𝐶𝐸

𝑜𝑏𝑗
         … (7) 

The Complete Intersection over Union (CIoU) loss for bounding box regression is defined as: 

𝐿𝐶𝐼𝑜𝑈 = 1 − 𝐼𝑜𝑈 +
𝜌2(𝑏, 𝑏𝑔𝑡)

𝑐2
+ 𝑎𝑣               … (8) 

The Intersection over Union (IoU) is the ratio of the area where the predicted bounding box BBB and the 

ground truth box Bgt overlap to the area where they are together. It is written as 𝐼𝑂𝑈 =
∣B∩Bgt∣

∣B∪Bgt∣
. The Euclidean distance 

between the centers of the predicted box and the ground truth box is ρ(b,bgt). This tells us how far off the predicted 

box is from the actual object. The variable c is the length of the smallest box's diagonal that can hold both the predicted 

and the real boxes. This is how you make sure that all the boxes are in the right place. Finally, α is a trade-off parameter 

that makes sure that the predicted and actual bounding boxes are as close as possible to each other by balancing how 

much each part of the overall loss function impacts to the final outcome 

.𝑣 =
4

π2 (arctan
wgt

hgt − 𝑎rctan
ŵ

ĥ
) 2     … (9)  

The Binary Cross-Entropy (BCE) is used for the classification and objectness losses:  

𝐿𝐵𝐶𝐸 = −
1

𝑁
∑ [𝑦𝑖log(𝑦̂𝑖 + (1 − 𝑦𝑖 log(1 − 𝑦̂𝑖)]𝑁

𝑖=1    … (10) 

N is the number of predictions, yᵢ is the real label, and ŷᵢ is the predicted chance. 

The nano version of YOLOv11n is included to make sure that real-time detection is possible with only a little 

extra processing power. This means that it can work with edge devices like drones for farming and robots in the field. 

The architecture keeps the main design ideas of the YOLO family, but it makes the model's parameters and the amount 

of work it needs to do much smaller. 



1312 
 

 

Fig.4: Structural Overview of the YOLOv11 Architecture 

The Fig.4 explains the YOLOv11n model is light because it has been redesigned to be more efficient while 

still being able to find things correctly. The model has fewer channels in each layer so that it uses less memory and 

fewer parameters. In addition, depthwise separable convolutions take the place of standard convolutions. It makes 

technology cheaper without taking away their ability to show things. Adding optimized C3K2 blocks makes feature 

extraction easier and faster by finding a good middle ground between the two. Also, a simpler neck design with fewer 

aggregation layers speeds up inference and cuts down on duplication. YOLOv11n is small, but it still has the parts 

that are needed for good object detection. This assures that the design is light and the performance is great. Fast Spatial 

Pyramid Pooling (SPPF): This module is good at getting information about different scales by doing a series of max 

pooling operations: 

Fspp = Concat[F, MaxPoolk(F), MaxPoolk
2(F), MaxPoolk

3(F)]    … (11) 

  This provides better spatial information. The detection head uses convolution layers to directly guess what 

kind of object it is and where it is. This work shows a fast, modular pipeline that works well for real-time object 

detection. 

Fattended = F ⊙ σ(Conv1∗1(F))          … (12) 

Where ⊙ means multiplying each part by itself, which makes important parts stand out and hides noise that isn't 

important. By picking out the most iTo maximize computer power and ensure uniformityAll of the input images were made smaller 

to 640 by 640 pixels. ut it doesn't have as many layers of computation, which means it can make decisions faster. It doesn't use 

anchors to make predictions, which makes it easier to find things and works better with things of different sizes. 
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Fig.5: GE-YOLO Architecture: Backbone, Feature Aggregation, and Multi-Level Detection Pipeline. 

In the Fig.5 shows how the GE-YOLO (Generalized Ensemble YOLO) solves the problem of 

generalization in different agricultural settings.  The architecture has special modules that make it more robust 

against changes in the environment, occlusion, and morphological ambiguity.  

Feature Aggregation Module (FAM): This part does cross-scale feature fusion at both high and low 

semantic levels.  

𝐹𝑙𝑜𝑤
𝑎𝑔𝑔

= 𝐹𝐴𝑀𝑙𝑜𝑤(𝐹𝑃3, 𝐹𝑃4, 𝐹𝑃5)      … (13) 

𝐹ℎ𝑖𝑔ℎ
𝑎𝑔𝑔

= 𝐹𝐴𝑀ℎ𝑖𝑔ℎ(𝐹𝑃3, 𝐹𝑃4, 𝐹𝑃5)     … (14) 

The aggregation process uses adaptive fusion weights that were learned through attention mechanisms: 

𝑤𝑖 =
exp(𝑀𝐿𝑃(𝐹𝑖))

∑exp(𝑀𝐿𝑃(𝐹𝑗))
         … (15) 

 𝐹𝑎𝑔𝑔 = ∑ 𝑤𝑖. 𝐹𝑖𝑖            … (16) 

Interaction Fusion Module (IFM): This module allows information to flow simultaneously between low-

level spatial details and high-level semantic features: 

𝐹interaction = 𝐼𝐹𝑀(𝐹𝑙𝑜𝑤
𝑎𝑔𝑔

, 𝐹ℎ𝑖𝑔ℎ
𝑎𝑔𝑔

)         … (17) 

Where ↑ and ↓ denote upsampling and downsampling operations respectively. 

Efficient Multi-scale Attention (EMA): This attention mechanism assists the model pay more attention to 

important areas and less to background information that isn't important: 

𝐴 = 𝜎(𝐶𝑜𝑛𝑣1 × 1(𝐺𝐴𝑃(𝐹)) + 𝐶𝑜𝑛𝑣1 × 1(𝐺𝑀𝑃(𝐹)))… (18) 

GAP stands for Global Average Pooling, and GMP stands for Global Max Pooling. σ is the sigmoid function, 

and ⊙ means element-wise multiplication. 

We propose three different YOLO variants, which use the same hyper parameters so that all three proposed 

variants remain compatible and their performances are equally effective. The training was completed on Google Colab 
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using an NVIDIA T4 GPU and hence provided enough compute to accelerate improvements smoothly. Then we 

selected the hyper parameters for the model very carefully so that it would converge steadily and reach its best 

performance. It had 100 epochs of training, with a batch size of 16 and an initial learning rate of η₀ = 0.001. We also 

used the Stochastic Gradient Descent (SGD) optimizer, which had a momentum term of  β=0.937 to help the model 

converge quickly and a weight decay factor of λ=0.0005 to keep it from fitting too well. Input images were uniformly 

processed and resized into 640×640 pixels. To slowly decrease the learning rate during the period of training, we 

further implemented a cosine annealing learning rate schedule, which was defined as 

𝜂𝑡 = 𝜂𝑚𝑖𝑛 +
1

2
(η0 − ηmin)(1 + cos (

t

Tmax
π) )   …. (19) 

Where ηmin=0.0001 is the smallest learning rate and the total number of epochs. The optimization process 

made changes to the model parameters θ by using updates based on momentum to 

𝑣𝑡 = βv𝑡−1 + (1 + β)∇θL      …. (20) 

θt = θt−1 − ηtvt − λθt−1    …. (21) 

Where, vt is the velocity term, ∇θL is the gradient of the loss function, and λ controls how strong the 

regularization is. The combination of learning rate scheduling, momentum, and weight decay made optimization easier 

and more adept at predicting. 

The ensemble fusion method is the most important new feature of this framework. It uses predictions from 

YOLOv8, YOLOv11, and GE-YOLO to make strong, unified detections. The merging procedure is a two-step 

process: first, the intra-model NMS and then the inter-model WBF. 

Within each model, NMS prunes away predictions that overlap or duplicate one another. The NMS step sorts all the 

predicted bounding boxes B = {b1, b2, ., bn} by their confidence score C = {c1, c2, ., cn}. The top-scoring box then 

becomes the most trusted detection. After selecting this best box bib, any other boxes bj that are very similar to bib 

are discarded. The Intersection over Union (IoU) must be greater than a certain threshold θnms for this to occur. This 

process keeps going until there are no more bounding boxes. We calculate the IoU metric by dividing the area of the 

intersection is the same as the area of the union of two bounding boxes. This makes sure that only the most certain 

and non-overlapping detections are kept for final predictions. 

 

IoU(bi, bj) =
Area(bi∩bj)

Area(bi∪bj)
       … (22) 

The NMS threshold θₙₘₛ = 0.45 was empirically selected to balance detection completeness and redundancy 

elimination. 

After processing each NMS separately, Weighted Box Fusion combines the improved predictions from all 

three models. WBF, on the other hand, keeps important information from several models by using weighted averaging 

to combine boxes that overlap. When using traditional NMS, overlapping boxes are thrown away. 

The combined bounding box for a group of overlapping boxes B_cluster = {b₁, b₂, ..., bₘ} from different 

models, along with their confidence scores To find C_cluster = {c₁, c₂, ..., cₘ}, do the following 

 

𝑏𝑓𝑢𝑠𝑒𝑑 =
∑ ci

m
i−1 .bi

∑ ci
m
i−1    

        …. (23) 

𝑏𝑓𝑢𝑠𝑒𝑑 =
1

m
∑ cim

i=1         …. (24)  
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In the fusion process, the coordinates (x,y,w,h) of the bounding box are obtained as a weighted average of 

the coordinates from the models that helped make it. This makes the localization more stable and accurate. If the 

Intersection over Union (IoU) of two bounding boxes, bib and bjb, is higher than the fusion threshold, θwbf=0.55, 

they are put in the same cluster during box clustering. 

𝐂𝐥𝐮𝐬𝐭𝐞𝐫(𝒃𝒊, 𝒃𝒋) = {
𝐓𝐫𝐮𝐞                    𝐢𝐟 𝐈𝐨𝐔(𝐛𝐢, 𝐛𝐣)        > 𝛉𝐰𝐛𝐟

    𝐅𝐚𝐥𝐬𝐞             𝐨𝐭𝐡𝐞𝐫𝐰𝐢𝐬𝐞                                       
    … (25) 

This clustering ensures that boxes referring to the same object are merged effectively.  The confidence 

adjustment of the fused detection is then computed as 

𝑐final = 𝑐fused ∗ min(1,
𝑚

𝑁models
)         … (26) 

The ensemble has N_models=3 models, while the collective has m models. This formulation boosts the 

confidence of detections that are backed up by more than one model while keeping the right level of confidence 

calibration. This makes predictions more accurate and based on what most people believe. 

After the ensemble fusion stage, a few steps are taken to make the final detections better and ensure the results are the 

same. Developing a level of confidence is the first step. This means that only detections that get a final confidence score of 

C_final>θ_conf are kept. This step eliminates predictions. that are probably wrong and not very precise. subsequently we 

use Non-Maximum Suppression (NMS) with a threshold of θ_final=0.5 for each class to get rid of duplicate detections 

of the same object instance. Finally, there is a limit on the bounding boxes that can be in valid coordinate ranges: they 

can only go outside of the image's boundaries. This makes sure that the last detections are still there. When these steps 

are done together, the results are clearer, more accurate, and work well from a distance. 

 

𝑥𝑚𝑖𝑛 = max(0, 𝑥min) ,       𝑥𝑚𝑎𝑥 = min(𝑊, 𝑥𝑚𝑎𝑥)       … (27) 

𝑦𝑚𝑖𝑛 = max(0, 𝑦min) ,       𝑦𝑚𝑎𝑥 = min(𝐻, 𝑦𝑚𝑎𝑥)        … (28) 

where, the image's width is W, and its height is H. 

 

It used standard object detection metrics to fully test how well the ensemble framework worked. These 

metrics demonstrate it how accurate the classification is and how accurate the location will be. 

Accuracy: The overall proportion of correct predictions: 

Accuracy =
TP+TN

TP+TN+FP+FN
     … (29) 

Precision: The ratio of accurate positive predictions to total positive predictions. 

Precision =
TP

TP+FP
     … (30) 

Recall (Sensitivity): The number of weeds that were correctly identified versus the number of weeds that 

were actually there. 

Recall =
TP

TP+FN
       … (31) 

F1-Score: The harmonic mean of precision and recall is a fair way to measure how well something works. 

F1 = 2 ×
Precision∗Recall

Precision+Recall
=

2TP

2TP2TP+FP+FN
  … (32) 

Mean Average Precision (mAP@50): The average precision calculated at an IoU threshold of 0.5, which 

is 

AP = ∫ P(R)dR
1

0
     … (33) 
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mAP =
1

K
∑ APK

K
K=1     … (34) 

Where, P(R) is the precision-recall curve for each class k and K is the total number of classes. 

Intersection over Union (IoU): For each detection, IoU tells us how much the predicted box B^pred and the 

ground truth box B^gt overlap. 

IoU =
|Bpred∩Bgt|

|Bpred∪Bgt|
      … (35) 

If the IoU is 0.5 or higher and If the predicted class is the same as the ground truth class, the detection is a 

True Positive. (TP). If not, it's a false positive (FP). False Negatives (FN) are things that exist but don't show up in 

any detections. 

It used three important measures evaluate the model parameters, floating-point operations (FLOPs), and 

inference time to see if the proposed ensemble framework worked. The model parameters tell you how many weights 

in each network can be trained. This has a direct effect on how much memory is used and how complicated the model 

is. The FLOPs measure how much it costs to do one forward pass, and they are estimated as 

FLOPs ≈ 2 × ∑ (Cin
lL

l=1 ∗ Kl ∗ Kl ∗ Cout
l ∗ Hl ∗ Wl) …. (36) 

The index of the convolutional layer is l, C_in^l   and C_out^l are the numbers of input and output channels, 

KKK is the size of the kernel, and H×W×W is the spatial resolution of the feature map. The average time it takes by 

the process one image is called the inference time. It can be measured in milliseconds (ms) or frames per second (FPS 

= 1000 / ms). The ensemble model's total inference time is approximated. 

𝑇ensemble = max(TYOLOv8,TYOLOv11,TGE−YOLO) + Tfusion   … (37) 

Assuming that individual models run in parallel, T_fusion takes into account the extra work that the box 

fusion process adds.  This assessment offers a thorough comprehension of the balance between detection precision 

and computational efficiency within the ensemble framework. 

All the methods were implemented in Python 3.8 using important libraries that help while developing and 

experimenting with models. PyTorch 1.13 was the main framework used for developing and training models based on 

deep learning. We used an Ultralytics YOLO framework to make different versions of the YOLO model. For image 

preprocessing and augmentation, it used OpenCV 4.7, and for quick calculations, it used NumPy 1.24. We used 

Seaborn and Matplotlib to make graphs and see which ones we performed. All experiments were done in the Google 

Colab environment with an NVIDIA T4 GPU (16 GB), CUDA 11.8, and cuDNN 8.6 for accelerated model training 

and inference. The proposed implementation platform provides the optimal and computationally comprehensive 

setting, where mathematical formulations along with proper step-by-step procedures enable constructing a powerful 

deep ensemble learning system for weed detection using YOLO variants. 

The proposed ensemble framework prediction pipeline integrates the relative strengths of each different 

approach in YOLOv8, YOLOv11, and GE-YOLO together, leading to robust and accurate weed detection. To ensure 

certain the input is the same across all the models, the input paddy field images are first preprocessed to resize, 

normalize, and improve quality. Then, each of the YOLO variants performs an independent inference by generating 

bounding boxes, confidence scores, and class probabilities belonging to potential regions containing weeds. In each 

network, the nonmaximum suppression method is first used to eliminate redundant or very similar (highly 

overlapping) detections so that only the most confident predictions from each model are retained. Finally, refined 

outputs from all three models are combined using Weighted Box Fusion. 
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Fig.6: Prediction Pipeline of the Proposed Deep Ensemble Weed Detection Framework 

In the Fig.6 explains the pipeline puts together predictions that are too close to each other. Instead of throwing 

them away, you can calculate confidence-weighted averages. This step of combining the two makes the bounding box 

location more accurate and the overall detection more reliable. The last step in post-processing is to filter, label, and 

improve the fused predictions to get the final results for weed detection. This unified ensemble output is a great choice 

for use in crop fields because it strikes a good balance between accuracy, robustness, and real-time performance. 

3. Performance Analysis of the Proposed Weed Detection Framework 

The work dataset includes 1,200 high-resolution images of rice fields taken by ground-based cameras (0.5–

2m in height) and UAVs (5–15m in height) at different growth stages and in different weather conditions. There are 

seven common types of weeds in the dataset: Echinochloa crus-galli, Cyperus difformis, Monochoria vaginalis, 

Ludwigia prostrata, Leptochloa chinensis, Sagittaria trifolia, and Scirpus juncoides. The pictures were taken in 

different weather (sunny, cloudy, or overcast), at different times of day (morning, afternoon, or evening), and in 

different field conditions (dry, flooded). The data set included 840 training images (70%), 240 validation images 

(20%), and 120 test images (10%) in the dataset. The original pictures had pixel counts that ranged from 1920×1080 

to 4032×3024. During preprocessing, they were changed to 640×640 pixels. There are 12,450 labeled weed instances 

in the dataset, and each image has between 8 and 15 weeds. The weeds are all very different from each other in how 

thick and bright they are and how they look. We used the LabelImg tool to add all the notes and verified that they 

were accurate. 

They executed all the tests on Google Colab. It had an NVIDIA GPU with CUDA 11.8 and cuDNN 8.6, 

16GB of memory, and 25GB of RAM. The software stack included Python 3.8.10, PyTorch 1.13.1, Ultralytics YOLO 

8.0.196, OpenCV 4.7.0, and common scientific libraries like NumPy, Matplotlib, and scikit-learn. Training each 

YOLO model (YOLOv8m, YOLOv11n, and GE-YOLO) for 100 epochs with 16 batches took 6 to 8 hours. We used 

the SGD optimizer with a starting learning rate of 0.001 for training. a momentum of 0.937, a weight decay of 0.0005, 

and a cosine annealing scheduler with a minimum learning rate of 0.0001. All of the models began with pre-trained 

weights from COCO and then used transfer learning to improve their performance. The ensemble inference pipeline 

uses a different NMS for each image (with a threshold of 0.45), then Weighted Box Fusion (with a threshold of 0.55), 

and finally confidence filtering (with a threshold of 0.25). The average times for inference were 45ms for YOLOv8m, 

28ms for YOLOv11n, 52ms for GE-YOLO, and 15ms for fusion. The results were about 15 frames per second (FPS) 

when run in parallel. Performance evaluation was conducted on the independent test set of 120 images using standard 

object detection metrics. A detection was classified as True Positive (TP) if IoU ≥ 0.5 and the predicted class matched 

ground truth; otherwise marked as False Positive (FP). Undetected instances were counted as False Negatives (FN). 

Five metrics were computed: Accuracy, Precision, Recall, F1-Score, and mAP@50. Each model was evaluated three 
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times with different random seeds, and mean values with standard deviations are reported. The ensemble performance 

was compared against individual models (YOLOv8m, YOLOv11n, GE-YOLO) and recent state-of-the-art methods 

including Faster R-CNN and EfficientDet. Ablation studies evaluated the effects of NMS versus WBF fusion, data 

augmentation, and configurations of two-model versus three-model ensembles. We looked at model parameters, 

FLOPs, GPU memory use, and inference time to see how efficient the computer was. Qualitative analysis evaluated 

detection performance in difficult situations, such as high weed density, low light, water reflections, and the fact that 

crops and weeds look similar in size. 

 

Fig.7: Confusion Matrix Showing Classification Performance for Weed vs. Non-Weed Samples 

In this Fig.7 shows the combined classification loss for YOLOv8, YOLOv11, and GE-YOLO after more than 

100 training epochs. YOLOv8 converges the fastest and most stably, bringing the loss down from about 3.2 to 0.7. 

This shows that the classification is very precise. YOLOv11 has a moderate performance, with loss going down to 

about 2.6 and then staying the same.  This shows that speed and accuracy are in balance. GE-YOLO has the highest 

loss, about 3.3, which means that it is hard to tell the difference between weed and crop features that are similar. All 

of the models show smooth convergence, which means that the training was stable and the hyperparameters had been 

set up correctly. 

 

Fig. 8: A comparison of the training classification loss for the YOLOv8, YOLOv11, and GE-YOLO models 
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In the Fig.8 shows the box loss curves for YOLOv8, YOLOv11, and GE-YOLO after 100 training epochs. 

The loss drops quickly from 2.5 to 0.8, which makes YOLOv8 the best at localization. This means that the guesses 

for the bounding box are almost right. YOLOv11 isn't very accurate because it's light, but it stays around 1.8. GE-

YOLO has the most loss, about 2.9, which means it doesn't find things very well. The fact that all the curves drop in 

a smooth and predictable way shows that the training was stable and the optimization worked all the way through 

The predicted ensemble framework performed admirably: 98.75% accuracy, 88.89% precision, 99.35% 

recall, 93.42% F1-score, and 88.89% mAP@50. The confusion matrix shows that there were 162 true positives (weeds 

that were found), 2 false negatives (weeds that were missed), and 3 false positives (weeds that were found by mistake). 

This means that the system for finding weeds was 98.2% accurate and 98.8% able to remember what it found. These 

numbers show that the system is very good at finding weeds and doesn't miss many or sound false alarms. 

 

Fig.9: F1-Score Distribution for Weed and Non-Weed Classes 

In the Fig.9 shows how the F1-score is divided up between the two groups, "Weed" and "Other." The weed 

class has a high F1-score of about 0.98, which means it can find the right weed and make sure it is the right one. The 

different class has a lower F1 score of about 0.54, but that's okay because the model cares more about finding weeds 

than getting the background right. This trade-off makes sure that the system is very sensitive to weeds, so it doesn't 

miss any, even if some background elements are classified incorrectly. The results demonstrate that the model is 

effective for precision agriculture. 
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Fig. 10: The Mean Average Precision (mAP) at Different IoU Thresholds 

In The Fig.10, it will be demonstrated the way changing the Intersection over Union (IoU) threshold changes 

the mean Average Precision (mAP). This shows that the ensemble model can tell different things apart. When the IoU 

values are between 0.85 and 0.90, the mAP is highest, at about 0.99. This means that the bounding box is very close 

to the real thing. At the normal IoU threshold of 0.50, the model gets a mAP of 0.78 and stays above 0.70 across the 

0.50–0.90 IoU range. This means it can find things over and over again. The expected drop at high IoU levels is a sign 

of normal evaluation behavior. In general, the results show that the Weighted Box Fusion strategy makes it easier and 

more reliable to find weeds. 

 

Fig.11: Comparing the Training Losses of the GE-YOLO, YOLOv8, and YOLOv11 Models. 

In the Fig.11 shows how the combined classification loss for the YOLOv8, YOLOv11, and GE-YOLO 

models changes over time. Of the three, YOLOv8 has the fastest and most constant drop in loss. This means that it 

changes more quickly and stays unchanged. YOLOv11 does adequate, but it doesn't win very often. But GE-YOLO 
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has the highest and least stable loss while training. The research indicates that YOLOv8 excels in task implementation 

and enhancement. 

 

Fig.12: Bounding Box Regression Loss Comparison of YOLOv8, YOLOv11, and GE-YOLO 

In the Fig.12 as shown by representative detection results. The system works well in a wide range of field 

conditions, The system can accurately identify weeds that are clearly visible (0.9–1.0) and can also accurately 

calibrate uncertainty (0.7–0.9) for cases where the weeds are only partially hidden. The ability to detect at different 

scales makes it easy to find big weed clusters, medium-sized plants, and small seedlings (less than 5% of the image 

area). The performance doesn't change when the lighting changes, when there is a lot of vegetation, when the 

background is complicated, or when the plant is at different stages of growth. The edges of bounding boxes fit 

together tightly, and detections that are next to each other don't overlap very much. This is why they are great for 

spot-spraying jobs that need to be very accurate. The two false negatives happened when small seedlings (less than 

15 pixels) were underwater and hard to see because of reflections. The three false positives happened when rice 

leaves curled in a strange way or had debris that looked like weed textures. 

4. Comparative Study and Discussion 

Reference Model Accuracy (%) Precision (%) Recall (%) F1-Score 

(%) 

Chen et al. 

[17], 2025 

GE-YOLO 97.1 87.6 96.3 91.7 

He et al. [16], 

2025 

YOLOv11 96.4 86.9 95.2 90.8 

Sonawane & 

Patil [14], 2025 

YOLOv8 96.8 88.1 94.5 91.2 

Rosle et al. [5], 

2025 

UAV-based DL (CNN + 

Temporal Fusion) 

95.6 85.4 93.1 89.1 

Pai et al. [4], 

2024 

CNN-YOLO Hybrid 95.2 84.7 92.6 88.50 
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Table 1. Comparative performance analysis of the proposed YOLO-ensemble model with existing weed 

detection methods 

The comparison results in Table 1 shows that the proposed work (YOLO-based ensemble architecture) 

outperforms traditional and single-model deep learning approaches across important performance metrics. The 

ensemble work achieves the highest accuracy and recall, indicating higher ability to detect weeds consistently in dense 

and variable paddy field environments. This highlights the effectiveness of fusion-based detection over single CNN 

or YOLO or deep learning models 

Table 2. Evaluation Metrics of YOLOv8m, YOLOv11n, GE-YOLO, and Ensemble Models 

In the Table 2 as It shows how well different models compare to each other in terms of accuracy, F1-score, 

mAP@50, and FPS. The Ensemble model is better at finding things because it has the highest accuracy (98.75%) 

and mAP@50 (88.89%). But it does this at a lower frame rate because it's harder to make. 

Configuration Accuracy mAP@50 Gain 

NO Augmentation 89.3% 76.4% - 

With Augmentation 98.75% 88.89% +9.45% 

NMS Fusion 96.8% 87.1% - 

WBF Fusion 98.75% 88.89% +1.95% 

Table 3. Comparative Performance Analysis of Object Detection Models. 

In the Table 3 shows how the model works with a lot of different choices. The accuracy and mAP@50 go 

up by 9.45% when you add more data. WBF fusion also makes detection 1.95% better in mAP@50 than NMS fusion. 

5. Conclusion 

The Study on developed a comprehensive ensemble learning framework that integrates YOLOv8, YOLOv11, 

and GE-YOLO for the automatic detection of weeds in rice fields. The system was 98.75% accurate, 99.35% recall, 

and 88.89% mAP@50 on a set of 1,200 images that had been made just for it. Compared to models that worked on 

their own, this was 2.55 to 3.49 percent better. It used the Non-Maximum Suppression and Weighted Box Fusion 

strategies. Be3cause it processes data in real time at 14.9 frames per second, the framework can be used on self-driving 

robots and UAVs. This method lets you only use herbicides where they are needed, which is better for the environment 

and uses less chemicals. Ablation studies showed that WBF fusion (+1.79% mAP), data augmentation (+9.45% 

accuracy), and a three-model architecture (+1-1.5% over two-model variants) all enjoyed an impact. We need to add 

more data to the dataset, combine various spectra, enhance the edges better, and test the results in the field in the 

future. 

Funding: The authors declare that no funds, grants, or other financial support were received for the 
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