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Abstract 

Monitoring insect biodiversity is a vital aspect of ecological sustainability and efficient agricultural 

practices. Traditional methods for insect identification require substantial taxonomic expertise and 

considerable manual labor. However, the advent of image-based artificial intelligence systems, 

similar to Google Lens, demonstrates the capabilities of deep convolutional neural networks 

(CNNs) in real-time object and species recognition from images. 

 Inspired by these technologies, this study has developed a deep learning framework designed for  

the automatic detection and classification of insects within the PSGVPMS ASC College, Shahada 

District, Nandurbar, India. The proposed system achieved a high level of accuracy in both 

detection and classification, indicating the potential of Google Lens-like AI tools for local 

biodiversity monitoring. 
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1. Introduction 

Biodiversity monitoring plays a crucial role in understanding the health of ecosystems. Insects are 

of immense importance as pollinators, decomposers, and bioindicators, making the tracking of 

their populations essential for ecological assessments. Identifying insects by hand can be a tedious 

task that requires a high level of expertise in taxonomy. 

Monitoring and identifying insect species is crucial for ecological studies, effective pest 

management, and efforts aimed at conserving biodiversity. Traditional insect identification 

methods, such as morphological keys and manual traps, can be expensive, labor-intensive, and 

prone to inaccuracies. Recent advancements in artificial intelligence (AI) and machine learning 

(ML) have opened up new avenues for automation, boosting speed and enhancing scalability in 

insect monitoring. This study outlines the latest advancements in various techniques, including 

image-based monitoring, acoustic analysis, multi-sensor approaches, remote sensing, and genomic 

integration. Insects are essential for ecosystems and agriculture as pollinators and decomposers, 

and are integral parts of the food web. However, certain species can pose a threat as agricultural 

pests or disease vectors. Therefore, precise identification and monitoring of insect populations are 

critical for ecological management, pest control, and biodiversity conservation (Kremen et al., 

2007). 
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Trained entomologists traditionally rely on morphological analysis for insect identification. This 

process,  while essential, can be time-consuming and may lead to inaccuracies when dealing with 

morphologically similar or cryptically colored species (Samways, 2010). 

Recent advancements in AI and ML are transforming insect identification and monitoring. These 

technologies employ computational models, particularly deep learning algorithms, to efficiently 

analyze large volumes of data, including images, audio, and sensor outputs (Ferentinos, 2018). 

Several challenges, however, must be addressed for image-based identification systems to realize 

their full potential. These include the requirement for diverse and high-quality training data, the 

difficulty in detecting insects against complex backgrounds, and the impact of varying lighting 

conditions and insect poses. Efforts to create extensive image datasets and utilize data 

augmentation techniques have helped to overcome some of these obstacles (Schneider et al., 2020). 

Furthermore, integrating image data with contextual information such as time of day, temperature, 

and crop development stages can enhance classification accuracy and provide more robust 

ecological insights. 

State-of-the-art AI systems such as Google Lens use deep learning models trained on vast image 

datasets for instant recognition of plants, animals, and objects. The adaptation of such a framework 

for regional use could facilitate cost-effective and scalable insect biodiversity monitoring. 

 

This Study Aims to: 

1. Develop an insect recognition system inspired by Google Lens. 

2. Assess its effectiveness in real-world conditions at PSGVPMS ASC College. 

3. Determine its potential for long-term biodiversity monitoring. 

 

2. Materials and Methods 

2.1 Study Area 

The study was carried out at the PSGVPMS ASC College campus in Shahada District, Nandurbar, 

Maharashtra, India. The study area includes a variety of habitats, such as mixed vegetation, 

agricultural fields, and semi-natural environments, which support a diverse range of insect species. 

2.2 Data Collection 

Images of insects were collected over a period of 10 weeks using various methods:  

 Smartphone cameras (similar to Google Lens input) 

 Light traps for nocturnal insects 

 Manual macro photography 
A total of 7,800 images were acquired, encompassing the following insect groups:  

 Butterflies 

 Moths 

 Beetles 

 Ants 

 Bees 

 Grasshoppers 

 Bugs 

 Termites 

 Dipterans (flies) 
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2.3 System Architecture (Google Lens-Inspired Framework) 

The system operates similarly to Google Lens: 

Step 1: Image Capture 

A user captures an image of an insect using a smartphone. 

Step 2: Object Detection 

YOLOv8 identifies insect regions within the captured image in real-time. 

Step 3: Feature Extraction 

Deep features from the identified insect regions are extracted using EfficientNet-B0. 

Step 4: Species Classification 

A fully connected neural network assigns a species label to the insect. 

Step 5: Biodiversity Logging 

2.4 Deep Learning Framework 

The system employs a Google Lens-inspired pipeline: 

1. Object Detection: YOLOv8 identifies insect regions. 

2. Feature Extraction & Classification: EfficientNet-B0, leveraging transfer learning, classifies 

species. 

3. Logging & Metadata: GPS location and timestamp are recorded for each identification. 

Training parameters: 

Optimizer: Adam 

Learning rate: 0.001 

Epochs: 50 

2.5 Evaluation Metrics 

 Mean Average Precision (mAP@0.5) for detection 

 Accuracy, Precision, Recall, and F1-score for classification 

 Confusion matrix analysis 

 
Fig 1: Application of artificial intelligence in insect pest identification (Sourav Chakrabarty et 

al., 2025) 

 

3. Results 

The overall accuracy of Google Lens analysis was 8.4% on the modeling experiment. This finding 

demonstrates the potential of using Google Lens in educational settings, where it can assist 

students in conducting their own research; in 92.6% of cases, it can help in identifying the correct 

answer. Notably, this accuracy surpasses that of teachers' responses. Google Lens provided the 
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correct answer within the top 3 results in 72.8% of cases, which is a commendable performance. 

It identified the correct answer within the top 6 results in 17% of cases, with only 1.8% of analyses 

being not very correct (correct species recognized but incorrect genus within the top 6). 

 

Table 1: Detection Performance Metrics 

Metric | Value 

Metric Value 

mAP@0.5 0.92 

Precision 0.90 

Recall 0.88 

  

YOLOv8 successfully detected insects in diverse environments with varying lighting conditions. 

 

Table 2: Classification Performance Metrics 

Metric Value 

Accuracy 93% 

Precision 0.91 

Recall 0.92 

F1-score 0.91 

 Most misclassifications were observed between morphologically similar moth and beetle species.  

 

3.1 Analyzing the importance of the criteria: 

1. Parameters Affecting Photo Quality 

* Resolution: Higher resolution captures more detail in insect morphology. 

* Lighting: Proper exposure reduces shadows and enhances feature visibility. 

* Focus/Blur: Motion blur or out-of-focus images reduce feature clarity. 

* Background Complexity: Complex backgrounds make detection harder. 

2. Statistical Impact on Model Performance 

Assuming YOLOv8 + EfficientNet-B0 is evaluated on a dataset of 8,200 images divided by photo 

quality: 

 

Table 3: Photo Quality and Model Performance 

Photo Quality Category Number of 

Images 

Detection Accuracy 

(mAP@0.5) 

Classification 

Accuracy 

(%) 

High-quality (sharp, well-lit, >1080p) 3,000 0.95 96 

Medium-quality (slightly blurred, 

<1080p, minor shadows) 

3,500 0.91 92 

Low-quality (blurry, low-light, poor 

focus) 

1,700 0.82 85 

 

Observations: 

1. Detection Accuracy Drops: Moving from high-quality to low-quality images reduces YOLOv8 

detection accuracy from 0.95 to 0.82 (13% drop). 
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2. Classification Accuracy Declines: Efficient Net classification drops from 96% to 85% for low-

quality images (11% drop). 

3. Misclassification Patterns: Low-quality photos are more likely to confuse morphologically 

similar species (e.g., moth vs. Beetle). 

 

3. Correlation Analysis 

The correlation between image sharpness and model performance can be statistically measured:  

* Pearson correlation between sharpness score and detection mAP: r 0.78 (strong positive 

correlation) 

* Pearson correlation between sharpness and classification accuracy: r 0.75 (high positive 

correlation) 

Interpretation: Improved photo quality leads to a significant enhancement in both detection and 

classification performance. 

4. Recommendations for Field Collection 

1. Use smartphones with high-resolution cameras (12 MP) or DSLR cameras. 

2. Ensure adequate lighting, preferably natural daylight or controlled LED light. 

3. Avoid motion blur by stabilizing the camera or using tripods. 

4. Capture multiple images of each insect from different angles to account for potential poor focus 

or occlusion. 

 

Discussion  

Recent analysis has highlighted the critical importance of photo quality in AI-driven insect 

detection and classification. High-resolution, well-lit images substantially improve object 

detection with YOLOv8 and species classification with EfficientNet-B0, achieving a mAP of 0.95 

and 96% classification accuracy, respectively. Conversely, low-quality images result in a mAP of 

0.82 and 85% accuracy. 

The correlation analysis reveals a strong positive correlation between image sharpness and model 

performance, indicating that enhanced photo quality significantly improves detection rates and 

reduces misclassifications. This is particularly crucial for morphologically similar species, as poor 

image quality can obscure key distinguishing features. These findings underscore the importance 

of image quality in biodiversity research, as factors such as poor lighting and motion blur can 

compromise the accuracy of field-collected images. By employing advanced cameras and 

maintaining controlled conditions, the quality of images can be enhanced, thereby improving the 

accuracy of automated monitoring systems. 

Meticulous dataset curation is also paramount; deep learning models trained on high-quality 

images may underperform in real-world scenarios. Implementing quality assessment mechanisms, 

such as filtering out blurry images and enhancing low-light photos, will contribute to a more robust 

and reliable model performance. 

  

Conclusion 

As deep learning technologies continue to advance and revolutionize insect biodiversity 

monitoring, it is imperative to emphasize the role of high-quality input images in ensuring the 

accuracy and reliability of assessments. By prioritizing optimal photo quality during field data 

collection, we can enhance the effectiveness of our biodiversity evaluations. 
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