Smart Sustainable Green Agriculture: Systematic Approach for Disease Detection
and Treatment in Trees Using Green Computing and Machine Learning Principles

Abstract: The integration of green computing principles with machine learning (ML) offers a promising
approach to enhancing tree disease detection systems. By leveraging energy-efficient computing with
advanced ML techniques, these systems can provide timely and accurate diagnoses, which are crucial for
sustainable forest management and agriculture. The early detection of tree diseases is vital for
preserving forest ecosystems, enhancing agricultural resilience, and mitigating the economic impact of
plant health degradation. With the growing urgency to address climate change and reduce the
environmental footprint of digital technologies, integrating green computing principles into tree disease
detection systems has become increasingly important. This paper survey presents a comprehensive
review of recent advances in tree disease detection, emphasizing energy-efficient (green) computing
practices and state-of-the-art machine learning techniques. We explore the evolution of detection
methods from traditional image processing to advanced deep learning and vision- language models, such
as CNNs, transformers, and CLIP-based architectures. Special focus is placed on lightweight models, edge
computing, and resource-optimized frameworks that align with green advanced Machine learning
objectives. By synthesizing developments at the intersection of ecological monitoring, advanced
machine learning and sustainable computing, this survey aims to guide future research toward scalable,
accurate, and environmentally responsible tree disease detection solutions.

Keywords: Open-Vocabulary Detection (OVD); Path Aggregation Network (PAN); CLIP (Contrastive
Language- Image Pretraining); Disease Detection ; Darknet.

Introduction

Tree diseases pose a significant threat to global forest health, biodiversity, and agricultural productivity.
The early and accurate detection of such diseases is essential not only to mitigate ecological damage but
also to support sustainable land use and food security. Conventional methods for identifying tree
diseases—primarily based on expert field inspections—are often time-consuming, labor- intensive and
limited in scalability. As a result, there has been growing interest in automated tree disease detection
systems powered by machine learning and computer vision.

Recent advances in Advanced Machine learning, particularly deep learning, have led to the development
of high-accuracy models capable of diagnosing diseases from visual symptoms in leaves, bark, and fruit.
Techniques ranging from Convolutional Neural Networks (CNNs) to more advanced architectures like
transformers and vision- language models (e.g., CLIP) have demonstrated strong potential across various
datasets and species. These models not only improve detection accuracy but also support generalization
across diverse environmental conditions and tree types. However, the widespread adoption of these
advanced systems introduces new challenges—most notably, their high computational demands. Large-
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scale deep learning models often require substantial energy for training and inference, raising concerns
about their environmental impact. As the field progresses, there is an increasing need to consider not
only the performance of disease detection systems but also their energy efficiency and carbon footprint.

Green computing, which emphasizes the design of energy-efficient algorithms and hardware to reduce
environmental impact, is emerging as a key paradigm in sustainable advanced machine learning
development. In the context of tree disease detection, integrating green computing principles involves
optimizing models for low-power edge devices, employing efficient data processing pipelines, and
reducing the reliance on cloud-based resources. Techniques such as model pruning, quantization,
knowledge distillation, and federated learning are being explored to make these systems more eco-
friendly without sacrificing accuracy

This survey paper aims to provide a comprehensive overview of the current landscape in tree disease
detection with a focus on the intersection of advanced machine learning techniques and green
computing strategies. We categorize existing approaches, examine energy-efficient architectures,
review relevant datasets and benchmarks, and highlight both challenges and future opportunities in the
field. By aligning innovation in advanced machine learning with environmental responsibility, this work
seeks to guide researchers and practitioners toward building scalable, accurate, and sustainable solutions
for intelligent plant health monitoring.

Related work

I.Analysis on existing disease detection

Research on tree disease detection has evolved significantly over the Though still an emerging field,
green computing in agricultural Al is past decade, transitioning from traditional image processing
gaining traction as researchers seek to balance innovation with techniques to data-intensive deep
learning and, more recently, toward sustainability. sustainable and resource-efficient solutions. This
section reviews the key strands of work relevant to our survey, with an emphasis on (1) classical and
deep learning-based disease detection, (2) energy- efficient machine learning, and (3) green Al in plant
disease detection.

A. Traditional and Deep Learning-Based Tree Disease Detection

Early studies in tree and plant disease detection relied on handcrafted features such as color, texture,
and shape to classify disease symptoms using machine learning algorithms like Support Vector
Machines (SVM), k-Nearest Neighbors (k-NN), and Decision Trees (Arivazhagan et al., 2013; Pujari et
al., 2016). Although effective in controlled environments, these methods lacked robustness under real-
world conditions.
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B. Vision-Language Models and Open-Vocabulary Detection

Recent advancements have extended beyond fixed-category classification by incorporating vision-
language models. CLIP (Radford et al., 2021), for instance, aligns textual and visual representations,
allowing models to perform zero-shot classification. Emerging studies have begun exploring CLIP-like
models in agricultural domains to support open-vocabulary disease detection, enabling systems to
recognize previously unseen diseases using natural language descriptors (Zhai et al., 2023).

C. Energy-Efficient and Lightweight Architectures*

While deep learning improves accuracy, its high computational cost poses sustainability concerns.
Several studies have explored model compression techniques such as pruning, quantization, and
knowledge distillation to reduce model size and inference time (Han et al., 2015). Lightweight
architectures such as MobileNet, ShuffleNet, and EfficientNet have also been adapted for plant disease
detection on edge devices (Too et al., 2019; Ramcharan et al., 2019).

These approaches enable on-device processing, which reduces reliance on cloud servers and lowers
energy consumption—an essential consideration for rural and resource-constrained environments.

D. Green Al and Sustainable Plant Health Monitoring

Green Al, a term introduced by Schwartz et al. (2020), promotes environmentally conscious Al
research by emphasizing efficiency alongside accuracy. In the context of plant and tree disease
detection, this has led to increased interest in federated learning, edge Al, and solar-powered remote
sensing systems (Liu et al., 2022). These approaches aim to reduce the carbon footprint of model
training and inference, while still delivering accurate disease diagnostics. Though still an emerging
field, green computing in agricultural Al is gaining traction as researchers seek to balance innovation
with sustainability

SGS Engineering & Sciences, VOL. 1 NO .3 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Table 1 : Existing Tree Disease Detection Techniques

A Traditional and Deep Leamning-Based Tree Disease Detection
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The proposed systems for tree disease detection utilize both the input asset source and its textual
explanation of the specified image. As illustrated in Fig.1, the text encoding is based on CLIP
(Contrastive Language-Image Pretraining), which Is Employed to extract Embeddings from the
textual Description of the image. CLIP is a neural network that learns to jointly Associate images
with their textual descriptions, thereby comprehending the correlation between them. Developed
by OpenAl, CLIP is a language-vision model designed to grasp the semantic similarity between an image
and its corresponding text. It is trained in a contrastive manner, enabling it to identify associations
between images and texts. Furthermore, it is trained on a variety of diverse and unpaired data
sources, distinguishing it from traditional vision-language models that depend on paired image-text
data for training.

Image Analysis
And Detection

Fig 2. Image processing in proposed system

The initial process, as illustrated in Fig.2, involves retrieving significant characteristics from the input
image through the mapping function. This function utilizes text embeddings generated from the
provided text descriptions alongside the input image. By integrating language information into the
image features, the mapping of text to images is enhanced. Ensuring an appropriate flow of
information within the neural network is vital. The Path Aggregation Network (PAN) is designed to
effectively combine low-level and high-level features extracted from an image. Essentially, it
operates as a bottom-up architecture that amalgamates features from various levels Within the
image. This capability is particularly important for tree disease detection tasks, where the size of
the disease can range from just a few pixels to encompassing the entire image. Consider a scenario
where your model is tasked with identifying tree diseases in a densely populated scene. The PAN
establishes multiple pathways, allowing each path to concentrate on different elements of the scene;
some paths may focus on finer details, while others may capture a broader perspective. This design
renders PAN highly effective in detecting tree diseases. Building on this concept, the PAN architecture
is reimagined to enhance its efficiency and adaptability for open-vocabulary object detection.

The classification block illustrated in Fig.2 represents a fundamental concept in machine learning,
functioning as an advanced sorter for digital data. Consider a collection of images featuring cats, dogs,
and cars. A classification model that has been trained on an extensive dataset of labeled images can
evaluate each image and categorize it accordingly. It is akin to having a software application that can
examine an image and declare, "This is a cat" or "This is a car." By identifying patterns and extracting

SGS Engineering & Sciences, VOL. 1 NO .3 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

essential features, the model can proficiently differentiate various components of trees, such as leaves,
bark, animals, or even scenes depicted in an image. Clustering serves as the subsequent preprocessing
step in the detection of tree diseases. The clustering algorithm organizes image regions that share
similar characteristics, which may relate to specific tree diseases. This clustering process aids in
minimizing the number of regions analyzed by the tree disease detection model. Such an approach can
enhance efficiency, especially when handling large or cluttered images. It directs its processing
capabilities towards these areas, potentially resulting in quicker and more precise outcomes. This is
achieved through the application of K-means Clustering, a straightforward and effective algorithm that
divides data points into a predetermined number of clusters (k). K-means organizes image regions with
comparable colors or textures that may be indicative of tree diseases.

Result Analysis

In this paper, the proposed model integrates vision and language information into the network via a
mapping function. We have developed a cutting-edge tree disease detection model aimed at
identifying various diseases. By segmenting images into a grid and employing a robust convolutional
model to forecast the tree diseases that may be present in each section, In Fig 3 and 4 it accurately
detects the relevant areas based on the specified vocabulary. The model assigns bounding boxes,
confidence scores, and class labels to these potential identified tree diseases. This capability enables
rapid and precise tree diseases detection in both images and videos. The proposed model is applicable

in sustainable forest management and agriculture for identifying specific tree diseases within a
complete image.
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Figure 4 Accuracy using state-of-art-models

Conclusions

The machine learning model demonstrated high accuracy in detecting tree diseases and can be a useful
tool in automated agricultural systems. While performance is strong, further improvements can be made

by increasing dataset diversity, using advanced augmentation techniques, or incorporating multispectral
imaging.

References

[1] M. Agarwal, S. Gupta, K. K. Biswas A new Conv2D model with modified ReLU activation function for identification of disease
type and severity in cucumber plant Sustainable Computing: Informatics and Systems, 30 (1) (2021), pp. 1-17

[2]J. Shin, Y. K. Chang, B. Heung, T. Nguyen-Quang, G. W. Price A deep learning approach for RGB image-based powdery
mildew disease detection on strawberry leaves and Electronics in Agriculture, 183 (3) (2021), pp. 1-10

[3] Z. Jiang, Z. Dong, W. Jiang, Y. Yang Recognition of rice leaf diseases and wheat leaf diseases based on multi-task deep
transfer learning Computers and Electronics in Agriculture, 186 (7) (2021), pp. 1-7

[4] H. Durmus, E. O. Giines, M. Kirci Disease detection on the leaves of the tomato plants by using deep learning (2017)pp. 1-5

[5] G. Wang, Y. Sun, J. Wang Automatic image-based plant disease severity estimation using deep learning Computational
Intelligence and Neuroscience, 2017 (1) (), pp- 1-8

[6]P. Bhatt, S. Sarangi, S. Pappula, Comparison of CNN models for application in crop health assessment with participatory
sensing (2017), pp. 1- 7

[7IM. Sibiya, M. Sumbwanyambe A computational procedure for the recognition and classification of maize leaf diseases

out of healthy leaves using convolutional neural networks AgriEngineering, 1 (1) (2019), pp. 119-
125

[8]). G. Ha, H. Moon, 1. T. Kwak, S. I. Hassan, M. Dang Deep convolutional neural network for classifying fusarium wilt of radish
from unmanned aerial vehicles Applied Remote Sensing, 11 (4) (2017), pp. 1-15

[9] D. Oppenheim, G. Shani Potato disease classification using convolution neural networks Advances in Animal Biosciences, 8
(2) (2017). pp. 244-249

SGS Engineering & Sciences, VOL. 1 NO .3 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

[10] S. Yadav, N. Sengar, A. Singh, A. Singh, M. K. Dutta Identification of disease using deep learning and evaluation of
bacteriosis in peach leaf Ecological Informatics, 61 (2021), pp. 1-4

[11]S. Sladojevic, M. Arsenavic, A. Anderla, D. Culibrk, D. Stefanovic eep neural networks based recognition of plant diseases

by leaf image classification Computational Intelligence and Neuroscience, 2016 (2016), pp. 1-15

[12]S. P. Mghanty, D. Hughes, M. Salathé Using deep learning for image- based plant disease detection Frontiers in Plant
Sciences, 7 (1) (2016), p. 1—
10, 1419

[13]T. Chen, S. Liy, Y. Li, X. Feng, W. Xigng Deep residual learning for image recognition (2016), pp. 770-778

[14]E. Bauriegel, W. B. Herppich Hyperspectral and chlorophyll lugrescence imaging for early detection of plant diseases, with
special reference to sarium spec. Infections on wheat Agriculture, 4 (1) (2014), pp. 32-57

[15] M. S. Arya, K. Anjali, D. Unni Detection of unhealthy plant leaves using image processing and genetic algorithm with
Arduino (2018), pp. 1-5

[16] Balancing sustainability and security: a review of 5G and |gT in smart cities Ghadah Aldehim, Sunawar khan, Tariq Shahzad,
Muhammad Amir Khan, Yazeed Yasin Ghadi, Weiwei Jiang, Tehseen Mazhar, Habib Hamam, Digital Communications and
Networks, 2025.

[17] Research on Lithium-lon Battery State of Health Prediction Based on XGBoost—ARIMA Joint Optimization Chen Fei, Zhuo,
Lu, Weiwei Jiang, Liang Zhao and Fan Zhang. Batteries, 2025.|

[18]Rethinking the Multi-Scale Feature Hierarchy in Object Detection Transformer (DETR) Eanglin Liu, Qinghe Zheng, Xinyy
Tian, Feng Shu, Weiwei Jiang, Miaghui Wang, Abdussalam Elhanashi and Sergio Saponara. Applied Soft Computing, 2025.

[19] Privacy Parameter Setting and Usability Optimization Algorithm for Medical Data Di Zhang, He Xu, Peng Li, Yunyun
Sun, Weiwei Jiang, Xu An Wang, and Mingyu Zhou. IEEE Transactions on Consumer Electronics, 2025.

[20] Energy-Efficient Resource Allocation for Urban Traffic Flow Prediction in Edge-Cloud Computing Ahmad Ali, Inam_Ullah,

Sushil Kumar Singh, Amin Sharafian, Weiwei Jiang, Hammad |. Sherazi, and Xiagshan Bai. International Journal of Intelligent
Systems, 2025.

[21] M. Dhanalakshmi,,, Balasubramani, S., Ambikeswari, N., ...Philip, 1.M., Bajaram, A. Implementing Precision Agriculture
Techniques To Improve Soil Quality And Enhance Climate Change Adaptation In Semi-Arid Regions”, Journal of Environmental
Protection and Ecology,26(3), pp. 943-95

[22]M Dhanalakshmi,Vyshali Rao, Bhuvaneswari,Geetha Rani,” Air Quality Predictor to Reduce Health Risks and Global

Warming”, 2nd International Conference on Automation, Computing and Renewable Systems (ICACRS),IEEE Conference Dec
11-13 2023

[23]M Dhanalakshmi, Vyshali Rao gt. al. Design of Automatic Greener Healthy System for Data Center using deep learning”,15th
International Conference Computing Communication Networking Technologies(ICCCNT),2024

[24]M Dhanalakshmi, P Sankar, Lal, R Sonia, K Varatharajan, Shakti Dubey, H Mickle Aancy, Nagaraj Ashok, Jim Philip, Bajaram,
Ayyasamy,”Graphene-Based Catalysts for High Efficiency Photocatalystic Water Treatment Visible Light.”, Oxidation
Communications, Vol 48, issue 1, Q4, 1 Jan 25.

[25]M Dhanalakshmi, G Nand, Kishor, Kumar, Goli Himabindu, Vinedpuri Rampuri Gosavi, CS Sundar Ganesh, R Premanand,
“,Advanced Machine Learning Innovations in Embedded Systems and Narrowband Internet of Things (NB-lpT) Devices”,
Integrating Artificial Intelligence Into the Energy Sector 2025, Pages 331-356, IG| Global Scientific Publishing.

SGS Engineering & Sciences, VOL. 1 NO .3 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

