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Abstract – Snake identification and venom classification are 
critical in reducing snakebite fatalities and enhancing 
biodiversity research. This review explores the use of machine 
learning algorithms in detecting snake types and determining 
whether they are venomous. Traditional methods of snake 
recognition are often limited by human error, regional 
variation, and lack of expert availability, especially in rural or 
forested areas. Machine learning models, particularly 
Convolutional Neural Networks (CNN), Support Vector 
Machines (SVM), Decision Trees, and k-Nearest Neighbors (k-
NN), have shown promising results in improving accuracy and 
speed in snake classification tasks.   
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1.INTRODUCTION  

Snakebite envenoming is a significant public health problem 
in many parts of the world, particularly in rural and remote 
areas where medical expertise and timely treatment may be 
lacking. Accurate identification of snake species and the 
determination of whether they are venomous are critical in 
administering the appropriate treatment. Traditional 
methods of snake identification rely on expert knowledge, 
which can be limited or inaccessible in certain regions. In 
recent years, the application of machine learning (ML) 
algorithms has shown great promise in overcoming these 
challenges. By utilizing vast amounts of image and 
behavioral data, machine learning models can automatically 
detect and classify snake species, as well as identify 
venomous types, with a high degree of accuracy. 

1.1 OVERVIEW 

In snake type detection and venomous classification. By 
analyzing datasets that include visual features like skin 
texture, color patterns, and head shape, these models have 
the potential to be integrated into real-time systems for both 
medical and conservation purposes. The ability to quickly 
and accurately identify venomous snakes can greatly reduce 
the risk of snakebite fatalities and improve wildlife 
monitoring and conservation efforts.  

1.2 LITERATURE REVIEW 

The use of machine learning (ML) in snake detection and 
venom classification has gained significant attention in 
recent years due to its potential to automate and enhance 
snakebite identification, reducing human error and the 
dependency on expert knowledge. Several studies have 
focused on applying image recognition techniques for snake 
species identification. 

2. METHODOLOGY 

This study employs a structured approach to explore 
machine learning algorithms for snake type detection and 
venom classification. The methodology is divided into several 
key steps: data collection, data preprocessing, model 
selection, training, and evaluation 

Data Collection: 
For this study, a comprehensive dataset containing images of 
various snake species was compiled. The images are sourced 
from publicly available datasets, including those used in 
previous research such as the Snake Species Identification 
Dataset by the Indian Institute of Technology (IIT) and other 
relevant repositories. The dataset includes various features, 
including snake skin texture, color patterns, and head 
shapes, which are crucial for distinguishing between 
venomous and non-venomous species. 

Data Preprocessing: 
The raw images are processed to ensure they are suitable for 
training machine learning models. This involves resizing the 
images to a standard resolution, normalizing pixel values, 
and applying data augmentation techniques (e.g., rotation, 
flipping, and scaling) to improve model robustness. The 
preprocessing also includes labeling each image with the 
corresponding snake species and categorizing them as 
venomous or non-venomous based on available data. 

Model Selection: 
The study explores several machine learning algorithms for 
snake detection and venom classification. Convolutional 
Neural Networks (CNNs) are chosen as the primary model 
due to their superior performance in image classification 
tasks. CNNs are particularly effective in automatically 
extracting relevant features from images without manual 
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feature engineering. Additionally, traditional machine 
learning algorithms like Support Vector Machines (SVM) and 
Random Forests are also explored to compare their 
performance with CNNs. 

Training: 
The models are trained using a supervised learning 
approach, with the dataset divided into training, validation, 
and test sets. The training process involves optimizing the 
model’s parameters using backpropagation and gradient 
descent for CNNs, while for SVMs and Random Forests, 
hyperparameters are tuned using grid search techniques to 
achieve optimal results. 

Evaluation: 
The performance of each model is evaluated using standard 
metrics such as accuracy, precision, recall, and F1-score. The 
models are tested on the test set to assess their ability to 
correctly identify snake species and classify them as 
venomous or non-venomous. Cross-validation is also 
performed to ensure the models generalize well to unseen 
data. Additionally, the models are compared based on their 
computational efficiency and suitability for real-time 
applications. 

Class 
Index 

Snake Name Precision Recall F1-Score 

0 Copperhead 0.92 0.89 0.90 

1 Racer 0.87 0.85 0.86 

2 Ring-necked Snake 0.85 0.83 0.84 

3 Eastern Hognose 
Snake 

0.89 0.91 0.90 

4 California Kingsnake 0.94 0.92 0.93 

5 Coachwhip 0.80 0.78 0.79 

6 Northern Water Snake 0.88 0.86 0.87 

 
Table-1: Precision and Recall Evaluation 

Precision and Recall Analysis 

In the context of snake type and venomous detection, 
precision and recall are vital metrics to evaluate the 
performance of the CNN classification model. Precision is the 
proportion of true positive predictions among all positive 
predictions made, reflecting the model’s ability to avoid false 
positives.  

Recall, on the other hand, is the proportion of true positives 
correctly identified out of all actual positives, indicating the 
model's capacity to detect all relevant instances of a class. 

 

Fig 1: Chart Analysis 

 

Fig 2: Sample Data Set 

During feature extraction, the CNN automatically identifies 
low-level visual features such as edges, textures, and colour 
patterns in the early layers, while deeper layers learn more 
complex and abstract representations like scale patterns, 
head shape, and colour bands that are distinctive across 
species. 

 These features are crucial for distinguishing between 
similar-looking snakes and determining whether a snake is 
venomous or non-venomous. This hierarchical feature 
learning capability of CNNs eliminates the need for manual 
feature engineering and enables the model to extract 
discriminative patterns directly from raw pixel data. Overall, 
the preprocessing and automated feature extraction pipeline 
significantly enhances the accuracy and robustness of the 
snake identification system. 
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Fig 3: System Architecture 

The architecture provided outlines the process of snake type 
detection and venomous classification using a machine 
learning model, specifically through Convolutional Neural 
Networks (CNN). Here's the description of each step in the 
diagram: 

1. User Input (Image): 
The system begins when a user uploads an image of 
a snake. This image serves as the input for the 
machine learning model. 

2. Pre-Processing (Gray Scale Conversion): 
The uploaded image undergoes a pre-processing 
step where it is converted to grayscale. This step 
simplifies the image data, focusing on key features 
necessary for analysis while reducing 
computational complexity. 

3. Feature Extraction (Specific Feature Capture 
from Dataset): 
Once the image is in the correct format, the system 
extracts relevant features, such as skin texture, 
color patterns, and snake shape. These features are 
captured from the dataset of labeled snake images, 
which helps the model learn to differentiate 
between various snake species and classify their 
venomous nature. 

4. Classification (CNN Algorithm Working - 
Training/Testing): 
The extracted features are fed into a trained CNN 
model. The CNN undergoes two phases: training 
and testing. During training, the model learns to 
classify snake species and detect whether they are 
venomous or non-venomous. During testing, the 
model's ability to correctly identify and classify new 
images is evaluated. 

5. Output - Snake Type and Venomous Detection: 
After classification, the model outputs the results to 

the user, displaying the snake species and whether 
it is venomous or non-venomous. This enables users 
to quickly identify potentially dangerous snakes 
based on the uploaded image. 

6. System: 
The overall system integrates these components to 
provide an efficient and user-friendly tool for real-
time snake type and venomous detection. 

3. RESULT AND DISSCUSSION 

In recent years, a significant number of machine learning 
(ML) models have been proposed and tested for the detection 
and classification of snake species, with a particular focus on 
identifying whether the detected snake is venomous or non-
venomous. Most studies utilized image datasets comprising 
snake photos collected from various regions and species, 
employing Convolutional Neural Networks (CNNs) as the 
backbone architecture for classification. 

1) Performance of Machine Learning Algorithms 

Among the various algorithms reviewed: 

 CNN-based models dominate due to their excellent 
performance in image classification tasks. 

 YOLO (You Only Look Once) models are found 
highly useful for real-time snake detection in 
natural environments. 

 Hybrid models (e.g., CNN with SVM or KNN for final 
classification) achieved slightly better accuracy than 
standalone deep learning models in some cases. 

These models typically reached accuracy levels of 85–95% 
depending on the dataset quality, species diversity, and 
model architecture. 

2) Challenges Identified 

Despite promising results, several challenges were observed: 

 Data imbalance: Venomous snake images are often 
underrepresented. 

 Low-quality field images: Blurry, camouflaged, or 
partial snake images reduce accuracy. 

 Geographic variation: The same species may 
appear differently in different environments, 
affecting model generalization. 

 Real-time inference: Models like ResNet and 
Inception-v3 are computationally heavy for mobile 
deployment in rural areas. 
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3)  Applications and Real-world Use Cases 

The application of ML in snake detection is particularly 
useful in: 

 Emergency medical situations, where rapid 
identification of venomous species can guide 
treatment. 

 Wildlife conservation, helping researchers 
automatically classify snakes from camera trap 
images. 

 Mobile apps for farmers and rural communities, 
offering quick identification support to avoid 
dangerous encounters. 

Several prototypes and mobile apps have been developed 
based on reviewed research, though many still require 
internet connectivity and better robustness in unseen 
environments. 

 

    Fig 4: Result 1 

 

    Fig 5: Result 2 

4. FUTURE WORK 

Further research can focus on integrating more advanced 
deep learning models like YOLOv8 or Vision Transformers to 
improve snake species and venom detection accuracy. 
Expanding the dataset to include rare and regional snake 
species will enhance model robustness. Real-time detection 
on mobile devices with edge computing can make the system 

more accessible in remote areas. Additionally, combining 
thermal imaging and sound sensors could provide multi-
modal data for better identification. Lastly, collaboration with 
herpetologists can refine label annotations and validate 
clinical relevance for medical applications. 

5. PERFORMANCE ANALYSIS 

 

   Fig 6: Analysis of performance 

The model’s accuracy can be evaluated using metrics like 
precision, recall, and F1-score to assess venomous vs. non-
venomous classification. Confusion matrices will help 
identify misclassifications, while ROC-AUC curves measure 
robustness across thresholds. Computational efficiency 
(inference time & resource usage) should be tested for real-
time deployment. Cross-validation ensures generalization 
across diverse snake species. Comparing results with 
existing methods (CNN, SVM, etc.) will highlight 
improvements. Finally, field testing in real-world 
environments validates practical usability. 

6. CONCLUSIONS 

The increasing human-snake conflict and the challenges in 
timely snake identification necessitate automated, accurate, 
and efficient detection systems. This review explored 
various machine learning (ML) and deep learning (DL) 
techniques—such as CNN, SVM, YOLO, and ResNet—for 
snake species classification and venomous/non-venomous 
differentiation.  

This review highlights the potential of machine learning in 
accurately detecting snake species and venomous traits, 
aiding in timely medical response. Advanced algorithms like 
CNNs and ensemble methods show promising results, but 
challenges remain in real-world deployment and rare 
species identification. Future enhancements in datasets, real-
time processing, and multi-sensor integration can improve 
reliability. Ultimately, such systems can save lives, reduce 
human-snake conflict, and support biodiversity conservation 
through automated, efficient identification. 
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