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Abstract 

Weed control is very important for all types of agricultural businesses. The project here revolves around 

the application of computer vision techniques and, more concretely, deep learning techniques, for the 

effective recognition and classification of weeds. The EfficientNetB4 architecture is an appropriate 

backbone as its scalability and performance optimization is adequate. The modifier used is Adam 

optimization algorithm which will serve as a pre- processor for the model. Weeds at different empirical 

conditions are optimized in the dataset, and some 'data augmentation' techniques have been 

implemented to improve the image. Accuracy from the measures of precision and recall is indeed a 

metric to ascertain how effective the model would be when conducting image analysis and validation. 

I would posit this model saves time and resources to better an agricultural worker’s productivity. 

Moreover, the developed system is intuitive, it enables the farmer to diagnose the issue effortlessly, and 

it is largely self-sufficient which increases the efficacy of the farmer. All these point to the role of 

complex peasant in crop yield increases. 
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Agriculture is fundamental in catering to the food needs of the population, and as such, most 

economies around the globe depend on it. The science of weed management encompasses the multitude 

of weed species that impede a crop’s potential yield by competing for water, nutrients, light and other 

essential resources. Manual hoeing and spraying of crops with herbicides have always been a labor 

intensive, time consuming activity that does not go easy on the environment. In modern agriculture, the 

demand for automatic weed identification systems is always on the rise, however due to the 

development of deep learning algorithms we are now at a point where these systems can and need to be 

implemented. The purpose of these systems is to 

differentiate between the weed species and crops so 

that environmentally friendly solutions such as 

targeted herbicide application can be utilized 

without sacrificing yield from the fields. This 

project demonstrates a fast, effective and scalable 

weed identification solution with EffectiveNetB4, 

which is a convolutional deep neural network 

architecture with an integrated Adam optimization 

algorithm for parameter tuning. During weed 

recognition, one important factor to consider is the 

extent of discrimination that can be achieved 

between the weeds and crops in a single image. 

Taking into account the computational cost and 

accuracy this makes the EfficientNetB4 architecture 
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ideal. Adam optimization is able to achieve an adaptive and convergent balance when performing 

optimizations that work best with the model, and all of that without spending too much computation 

power. It can be assumed that the system proposed can reasonably work in any agricultural setting, 

given the different environmental conditions, types of weeds, and species of crops [1]. 

 

LITERATURE REVIEW 

Starting from deep learning approaches for weed detection utilizing R-CNN, YOLOv3, and 

CenterNet, we discuss research conducted by S. N, M. Sundaram, R. Ranjan, and Abhishek (2023). 

They demonstrated the possibility of using algorithms of object recognition for weed classification and 

suggested an advanced methodology, which includes the dimensions of weeds in classification, for 

enhanced recognition. The works of this group have concentrated on deep learning in precision 

agriculture, which is aimed at better recognition of weeds and reducing herbicides application. This 

paper, by employing weeds management optimizing techniques pre-trained models, demonstrates the 

effectiveness of contemporary neural networks in addressing agricultural challenges.[2] 

 

A custom-made Convolutional Neural Network (CNN) model for the autonomous agricultural weed 

detection process. The study successfully addresses the issue of visual complexity of distinguishing 

between weeds and crops. In a classifier's traditional practice, classification had a challenge trying to 

deal with this kind of complexity. Using the Four-class weed dataset obtained from Kaggle, the network 

model is constructed with the optimizer Adam so as to ensure maximum accuracy during the weed 

detection and classification process. This work indicates the usefulness of specialized deep learning 

models in precision agriculture and improves the policies of crop management [13-15]. 

 

The deep learning in the field of precision agriculture. In their paper, they applied YOLOv8 model 

aimed at detecting crops and weeds. Their experiment has trained the model on the particular dataset 

[15-20]. For this study, experiments are done with a distinct environment using the NVIDIA Tesla T4 

GPU on Google Colab. Experimentally, they were able to achieve average mean average precision 

(mAP) mAP of 89.7% with YOLOv8, which was more than YOLOv7. This research showcases the 

abilities of YOLOv8 aimed at crop-weed recognition, which serves the purpose of promoting precision 

agriculture and automating the weeding processes. The changes in the data taken greatly improved the 

detection capability of the model as well as optimize the model Figure 1. 

 

 
Figure 1. Weed Identification. 
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Nitin Rai and team (2024) conclude that pre-trained transfer learning dominates weed recognition 

but that limited research has occurred on customized neural networks. The review highlights the 

prevalent use of YOLOv3 for real-time object detection and SegNet/U-Net for semantic segmentation 

in multispectral aerial imagery, but the area is marred by a lack of open-source image datasets for weed 

images, resource- constrained inefficiencies in optimization of models toward edge devices, and slow 

progress made in domain adaptation techniques [3-5]. 

 

Additionally, RCNNs were used by Naik and Chaubey (2024) to identify and classify weeds in 

sesame plants. This study highlights the importance of knowing some specific weed types to conduct 

specific control activities without promoting excessive use of chemicals. This approach has opened 

opportunities of using deep learning in precision agriculture and proper weed management techniques 

[7-11]. 

 

Such a review will bring to light the developments made in the application of deep learning 

techniques for agricultural weed detection. It emphasizes the necessity of proper architecture selection, 

transfer learning, and optimization as the best strategies for combating precision farming challenges. 

Such studies provide input in designing and implementing scalable and efficient weed-detecting 

systems. 

 

METHODOLOGY 

The process begins with the gathering of a vast dataset of high-resolution images of weeds and crops 

under various conditions, annotated, augmented, normalized to enhance robustness and performance of 

the model, and finally using the EfficientNetB4 architecture due to the balance between accuracy and 

computational efficiency, and tailoring transfer learning and fine-tuning for the task at hand. [20-25] 

Optimization was done using the Adam optimizer to learn adaptively Figure 2. 

 

Data Collection 

A comprehensive dataset is collected from Kaggle, high resolution images of weeds under different 

environmental factors. The data set includes varieties like stress conditions, growth phases, lighting, 

angles, types of weeds. The diversity of the data set is improved and model overfitting is avoided 

through augmentation techniques, which include rotation, scaling, flipping, cropping and brightness 

change. Pixel normalization helps in scaling the image data into a suitable range for deep models and 

increases the model stability during the training phase [25-26]. 

 

 
Figure 2. Bounding Box of Weed. 
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Model Architecture 

Due to it's unique computational efficiency, EfficientNetb4 alters the computational facility. This 

model will be used for transfer learning due to it's pre-trained weights on ImageNet. To solve the weed 

identification problem, the layers of EfficientNetB4 will be modified using an advanced classifier head 

attached to the target problem of dataset classes (weeds and crops). I trained the model with Adam, 

which is quite adaptive and therefore, we can expect the convergence to be faster, [27-31] and at the 

same time, he provides the means to combine with other layers such as Batch Normalization for stability 

and even speed up training. He also applies densely activated Dropout with a rate of 0.35, which 

contributes to the reduction of overfitting chances. The last layer is activated with softmax to process 

categorical classes Figure 3. 

 

Adam Optimization 

Optimization The two key components for building a strong and efficient weed identification system 

are optimization and hyperparameter tuning. The model to be trained here is EfficientNetB4. Adam is 

a form of adaptive gradient optimizer that is a combination of both AdaGrad and RMSProp, two of the 

strongest optimizers. This allows for automatic learning rate adjustment with first and second moments 

of gradients during learning, without leading to overshoot, making it converge relatively quickly 

without such problems occurring [32-34]. Adam can particularly be appropriate in large scale training 

and very complex models based on the dynamics that are included due to adaptations based on changing 

parameter values during updating Figure 4. 

 

Figure 3. Methodology Flow Diagram. 
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Figure 4. Comparison of Adam to Other Optimization Algorithms 
 

Training Strategy Optimizer 

• Adam Optimizer: Chosen for its adaptive learning rate and efficient handling of sparse gradients. 

• Learning Rate: Set to 0.0001 to facilitate gradual weight updates and avoid overshooting during 

optimization. 

 

Loss Function 

• Binary Cross-Entropy: Employed as the loss function since the task involves binary 

classification. It quantifies the difference between predicted and actual class probabilities. 

 

Callbacks 

• Early Stopping: Configured to monitor validation loss and terminate training if no improvement 

was observed over 5 consecutive epochs. This prevents overfitting and saves computational 

resources. 

 

Training was conducted over 10 epochs with a batch size of 32. 

 

Training the Model 

Getting good performance and generalization from a model requires going through a number of steps 

in training for the weed identification system. A process of how an augmented data needs to be read 

dynamically for use during training through the ImageDataGenerator is indicated. Augmentation 

processes include making the pixel value between 0 and 1 scale, random rotate, shift, shear transform, 

zoom, and horizontal flip. These techniques do not only enrich the diversity of the dataset but also make 

the model more robust to variations in the weed images such as orientation, lighting, and scale. Training 

data is loaded by using the flow_from_directory method which generates batches of augmented images 

on the fly; this is quite efficient when handling large datasets. The images are resized to an uniform 

AdaGrad 

RMSProp 

SGDNesterov 

AdaDelta 

Adam 

10
-1

 

10
-2

 

0 50 100 150 200 

MNIST Multilayer Neural Network + dropout 

iterations over entire dataset 

tr
ai

n
in

g
 c

o
st

 



 

 

Leveraging Deep Learning for Accurate Weed Identification                                                         Sharmila et al. 

 

 

© STM Journals 2025. All Rights Reserved 95  
 

target size of 256×256 pixels, compatible with the input layer of EfficientNetB4. For compilation, the 

Adam optimizer is used with an initial learning rate of 0.0001, adaptive learning rate for efficient 

convergence. The binary cross-entropy loss function is suitable for the given problem, as it is a binary 

classification problem: weeds versus crops. The model's performance is checked by using accuracy as 

the principal metric. For avoiding overfitting and for generalization, early stopping is used. That is, it 

stops training when the validation performance does not improve after a specific number of epochs. The 

model is trained on 10 epochs, with augmentation on the training data and with a validation set for 

monitoring its performance [35-36]. 

 

Use Case of the System 

This is the system to revolutionize weed management in agriculture by applying deep learning 

techniques at their advanced stage. The model identifies and classifies weeds with high precision by 

processing images of the field. It helps farmers to take remedial measures as early as possible. This 

way, it empowers agricultural professionals to make optimal use of resources, minimize the dependence 

on herbicides, and protect crops from competitive harm. Through introduction into agriculture systems, 

this innovation improves crop harvest while conserving the environment to reduce exposure levels of 

chemicals during farming and, therefore, retention of soil richness [37-41]. 

 

Validation and Visualization 

The performance of the model was tested using a systematic testing strategy along with the validation 

metrics that are relevant. In order to get unbiased results, a test dataset which is separate from the 

training data was used solely during the evaluation phase. There were two key metrics: validation loss 

and validation accuracy. Validation loss was quantifying the deviation between the output values that 

are predicted and actual output values in the test data, giving a measure of the error margin in the model. 

In contrast, validation accuracy measured the proportion of correctly classified samples, offering a clear 

indicator of the model's predictive success. These metrics collectively assessed the generalization 

performance of the model, ensuring it could effectively handle unseen data beyond the training set. 

 

To visualize the model's behavior during training, the performance was visualized through metrics 

plotting. There are two key plots: accuracy trends and loss trends. Accuracy trends are plotting learning 

progression regarding training and validation across epochs. Such plots reflect the learning of the model 

and its convergence. In addition, the loss curves indicated the training and validation loss, so it was 

possible to monitor the process of optimization, and potential problems with overfitting could have been 

identified. These plots are informative because they reflect the epochs in which overfitting started, and 

they show an overall picture of stability and improvement of the model during the training process. 

Evaluation and visualization assure a complete comprehension of the performance of the model and 

areas for its optimization Figure 5. 

 

DISCUSSION & RESULT 

In the proposed weed identification project, the EfficientNetB4 deep learning model was trained with 

Adam optimization. These results clearly indicate the ability of the model to classify weed images 

properly, hence the efficiency of these models toward agricultural weed management assistance [42-44]. 

 

We used a pre-trained EfficientNetB4 model. That integration facilitated the exploitation of the 

potential of the model in building on existing transfer learning, using robust feature extraction from 

weed images, while ensuring an efficient computation process. The use of Adam optimization at a 

learning rate of 0.0001 ensured the stable and efficient convergence during training. We continue fine-

tuning the model by testing other pre-trained architectures, hyperparameter tuning, and expanding the 

size of the dataset with more diverse species of weeds. Adding domain-specific features such as 

environmental conditions and weed growth stages could enhance the practical utility of the model. 
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Figure 5. Comparison of Efficient Net with others. 

 

This system, using deep learning with strong preprocessing on the data, holds much promise for real-

time identification and management of weeds and would be very effective in making the adoption of 

precise and sustainable agriculture possible [45-50]. 

 

CONCLUSION 

Excellent performance has been achieved by the model trained with Adam optimization in the 

EfficientNet model at the task of weed identification. The smooth and well- consistent reduction in loss 

for both training and validation curves at epochs indicates that the model is learning well and performing 

well and generalizing appropriately. Accuracies of nearly perfect and consistent for both training and 

validation datasets give evidence to how strong the model is. This high accuracy indicates that the 

network is not only capturing fine details of the dataset but avoiding overfitting, which occurs when the 

model does well on the training data but fails to perform on validation data. Its ability to process and 

classify high-dimensional data accurately sets a benchmark for future projects in agricultural technology 

and environmental monitoring. 

 

FUTURE IMPLMENTATION 

 

In the future, it can be further enhanced such that it allows drones, robots, or tractors to autonomously 

identify and remove weeds based on model predictions. Larger, more diverse datasets can be used to 

improve performance for many crops, soil types, and regions. 

 

The system can be expanded to detect other field conditions such as pest infestations, nutrient 

deficiencies, and crop diseases. It can be used historical and environmental data to forecast weed growth 

patterns and suggest preemptive measures. 

 

The system can scale to support different languages, agricultural norms, and scales of farming so that 

it becomes accessible worldwide. Develop a central platform from where farmers can upload images, 

access reports, and receive recommendations remotely, and foster a collaborative farming ecosystem. 
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It can include features to measure and report sustainability impacts such as reduced chemical usage 

and improved soil health. Finally, we plan to improve interpretability by analyzing feature importance, 

which would help us identify the most influential factors contributing to model predictions. 

 

Improve the system to adapt to the impacts of climate change; predict weed behavior and survival 

under shifting environmental conditions. We can tailor weed control recommendations based on crop 

type, field size, and farmer preferences. 
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