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Abstract:

Automated identification of species has become increasingly significant for agriculture, ecological systems of
surveillance, and biodiversity protection [11],[12]. The traditional methods involve hand assessment and
professional understanding, and the process is time-consuming and prone to errors. This paper proposes a deep
learning framework on the identification of animal and plant species based on their images [1],[2],[8]. The
proposed model is based on several datasets and a data workflow, such as preprocessing of the data, normalisation
of the classes, and division of the data into the training and the validation sets. They use two convolutional neural
networks, ResNetl8 and EfficientNet-BO[1],[2]. The proposed model utilises the Explainable AI technique,
SmoothGrad-CAM++[3]. For effective utilization of the proposed model, a web interface is also created using the
Streamlit library[20]. Comparative performance of the proposed model was observed, and it was noted that
EfficientNet-BO outperformed ResNetl8. The proposed model is computationally efficient, interpretable, and
deployable in real time.

Keywords: Deep Learning, Species Recognition, Image Classification, ResNet18, EfficientNet-B0,Explainable Al, Streamlit.

1.INTRODUCTION:

Knowing the biological species comes in handy in various aspects such as farming, environmental observation,
biodiversity, and education[11],[12]. Having knowledge about specific species of plants and animals will assist us
in making improved choices, it will assist us to observe and analyze the environment, and it will preserve
endangered species. Historically, species identification involves the observation of the species and relies on their
experience. This is laborious, involves professionals, and in some cases may cause mistakes particularly with
species that are similar. However, this problem can be solved by the development of artificial intelligence and deep
learning[5],[7],[8]. Image classification may be performed with deep learning, particularly with Convolutional
Neural Networks (CNN). CNN is able to extract complicated features on images and categorize them. The reason
is that CNN can be trained with data and thus it would be applicable in image recognition, medical image analysis,
and species recognition[1],[9]. The current systems are only applicable to a specific area such as plant diseases,
animal species etc[12],[14]. This is an issue since in life, a system capable of handling numerous areas is needed.
Many of the currently existing models for deep learning are not transparent. They can predict well, but they cannot
explain why they make their predictions[3],[7].

To solve these problems the current project proposes to develop a system to classify species of animals and plants
in a single system, which shall incorporate different datasets, and will have an efficient preprocessing, and will use
efficient classification models. In this project we will use effective deep learning models such as ResNet18 and
EfficientNet-B0, both widely used for image classification[2],[3].
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Explainable Al (XAI) methods will be applied, thereby increasing the understanding of system results. As a result,
users have the option to better assess the classifications carried out by the system[18],[20]. The generated images

are then used to show the user how the system has arrived at the respective classification results. For example,
using Grad-CAM.

Finally, the project will incorporate the web application framework Streamlit to make the system user-friendly for
non-technical users. The aim of the project is to produce a system that is effective, accurate, and most importantly
understandable for people to use in a variety of contexts.

2.PROPOSED METHODOLOGY:

In this section, we detail the steps followed in order to develop the intelligent species classification system for
plants and animals based on vision and deep learning. These steps were distributed over several efforts such as
collecting and integrating a dataset of images. Subsequently, efforts were made to preprocess images and to train,
test and select a suitable deep learning model. Importantly, we also explored how to explain the decisions made by
the system and put the whole vision-based classification system into practice. The proposed pipeline is easy to
extend for future improvement while guaranteeing consistency and reproducibility.

As a result the entire system is implemented as a single image classification pipeline that can be used for
classification tasks on images in various domains of biological sciences. In comparison to state of the art methods
which are independent standalone systems that are trained to recognize animals and plants, these image features
and learning techniques are combined in a single intelligent system. The key components of the proposed system
are presented below.

e Collection and consolidation of Datasets.

e Data Standardisation and Data preprocessing.

e Separating and Classifying Data.

e MTTA-PE stands for Model Training and Transfer Learning performance Assessment, and Evaluation.

e This package consists of R functions for Explainable Al on Real-Time Deployment and Interpretation of
Predictions User Interface.

The following is a conceptual representation of the entire system architecture:
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Fig 2.1: Architecture of the system

Fig. 2.1 is an overview of the system architecture in the software. It shows how input photos are preprocessed into
a consistent format, passed through a machine learning model that has been trained to recognize certain features,
and then generates results for the user that are simple to read and understand.

2.1 Gathering Datasets:

The performance of any deep learning model is highly dependent on the quality and size of the training set. Two
publicly available image datasets were downloaded via kaggleHub and merged for this work. Two separate datasets
were chosen to create a uniform classification environment to identify both plant and animal species.

2.1.1 Dataset of Animals:

In our study, we utilized a comprehensive animal dataset containing images of ten animal classes, including some
commonly encountered species such as butterflies, cats, chickens, cows, dogs, elephants, horses, spiders, and
squirrels. The chosen animal categories encompass a range of shapes, textures, and geometrical structures as well
as visually distinct objects[11],[13].

2.1.2 The Plant Dataset:

The Plant Village collection provided the plant dataset. To ensures consistency and concentrate the challenge on
species recognition rather than illness classification, only healthy plant categories were used for this
investigation[12],[14]. Among the chosen plant classes are:

Apple, corn(maize), grape, pepper, bell pepper, potato, raspberry, soybean, strawberry, tomato.
There were ten animal classes and ten plant classes total for twenty courses.

In the proposed study, the unified use of the two databases enables a single system to classify biological species in
many domains.

2.2 Class Standardisation and Dataset Integration:

The two datasets are organised differently. For this reason, directly using the data for training would result in
inconsistent results. However, a preprocessing script has been written to normalise the dataset[5],[7].
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2.2.1 Renaming Strategy for Classes:

For the purpose of distinguishing between the two classes of (training) images (i.e. plants and animals), a class
renaming was performed. This ensures that both a machine-readable and a human meaningful label is assigned to
each class of images.

Classes that have been renamed include: Plant Apple Healthy, Plant Tomato Healthy, Animal Cat, Dog,
etc.

The following advantages are provided by this naming convention:

¢ Avoiding domain confusion increases the readability of the class
e Streamlines deployment and downstream processing

2.2.2 Selecting Balance Images:

To avoid over-representing some of the classes during training we selected a fixed number of images per class. To
ensure that each category is represented roughly equally we then used a random sample to select up to 500 photos
per class from these.

Handling extremely imbalanced datasets is a significant problem as ignoring it can lead to overfitting to the
majority class and poor overall generalization performance.

2.3 Organisation and splitting of Datasets:
The dataset was split into three subsets after the classes were standardized and the photos were sampled:

e 70% of the training set

e Testing Set: 15%

e Validation Set: 15%
We used this method to train the model with enough samples but keep enough for vadildation and testing end of
line[5],[18].

2.3.1 Each Split’s Objective:

e Model parameters are optimised using that training set.
e Validation Set: Used to track development performance
e Test Set: Used for the last measurement of performance for objectives.

The directory for the data and maps generated by the data extraction tool will resemble something like this.
final dataset

e Train
e Validate
e Test
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The training, validation, and testing datasets are each organized into directories with over 200,000 files total. Each
directory contains 20 classes of images, organized in subfolders, and can be easily loaded using PyTorch’s Image
Folder function.

2.4 Preprocessing Images:

When preparing raw input photos for deep learning models, image preprocessing is required. For this project, raw
input photos were first processed through a standardisation preprocessing pipeline - all images were therefore
prepared in the same manner as required by the CNN’s to receive a fixed-size tensor input.

2.4.1 Resizing Images:

Every image was downsized to 224 x 224 pixels, which corresponds to the default input size that ResNet18 and
EfficientNet-BO anticipate[1],[19].

2.4.2 Standardisation:
The usual ImageNet mean and standard deviation values were used to normalize the pixel values:
mean = [0.485, 0.456, 0.406], Standard deviation=[0.229, 0.224, 0.225].

To maintain consistency between the input distribution and the pretrained weights used in transfer learning,
normalisation is necessary[5],[19].

2.4.3 Augmenting Data:
A straightforward augmentation method was used to increase generality and decrease overfitting:

e Horizontal Flip at Random
By adding variance in image orientation, this augmentation makes the model more resilient to actual image
situations[5],[7].

2.5 The Use of Deep Learning Models:
Two CNN architectures that have been pretrained are used in the suggested system:

e EfficientNet-BO

e ResNetl8
In addition to achieving accurate categorisation, the two models were used to compare their behaviour and identify
the best deployment architecture.

2.6 Architecture of Resnet18:

A residual neural network architecture called ResNetl18 was developed to address the vanishing gradient issue in
deep networks[1],[4].
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Instead of moving data step by step, one piece slips right past layers untouched. Built into the design, these detours
let input jump ahead directly.

The representation of the residual learning function is shown in equation (1):
Y =Fx)+y = F(x) +x (1)

e The input is x, the residual mapping is F(x), and the output is y.
Because this structure maintains gradient flow. Deeper models can train more efficiently.

e The rationale behind selecting ResNet18

e Computationally efficient and lightweight

e Robust foundation for classifying images

e Excellent results with moderate datasets
The final fully connected layer of ResNet18 was altered in this work to produce predictions for 20 classes rather
than the standard ImageNet classes.

2.7 The Architecture of EfficientNet-BO0:

A more modern CNN architecture called EfficientNet-BO was created to increase performance without sacrificing
computational economy[2]. Efficient Net employs a compound scaling technique that expands several dimensions
at once rather than just expanding network width or depth.

Compared to many traditional CNNs, EfficientNet can accomplish better feature extraction with fewer parameters
thanks to its balanced scaling.

e The ration able behind selecting EfficientNet-B0
e Increased effectiveness of parameters
e Excellent performance in classification
e Appropriate for applications focused on deployment
To provide predictions for the 20 target classes, the final classifier layer was substituted, much like in RestNet18.

2.8 Strategy for Transfer Learning:

In order to train a deep-learning model (from-scratch), it requires an enormous amount of data as well as a
tremendous amount of processing power.

This is why, in this paper we utilized "transfer learning." We used ImageNet pre-trained weights for initialization
on both ResNetl8 and EfficientNet-B0O. Therefore, given that these models have been trained on a large scale
dataset with images; they are able to learn generalized image characteristics such as texture, form and edge

[18],[8],[6].
Among the benefits of transfer learning are:

¢ Quicker convergence
e Shorter training duration
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e Improved efficiency with small datasets
¢ Enhanced extraction of features
For the custom species classification task, only the final classification layer was altered and retrained.

2.9 Configuring Training:
To guarantee a fair comparison, the models were trained using the same settings.
2.9.1 Function of loss:

Cross-Entropy Loss was chosen as the optimisation goal because the task is a multi-class classification
problem([5],[7]. It is showm in eq(2):

L =-XiL,yilog(p) (2)

Where:

p; = predicted probability of class i

2.9.2 Optimiser:

The Adam optimiser was chosen due to its robust convergence behaviour and capacity for adaptive learning[6].
2.9.3 Schedular for Learning Rate:

To improve the model’s convergence, a StepLR schedular was used to lower the learning rate after a few
epochs[6],[18].

2.9.4 Epochs of Training:
Ten epochs were used to train each model. The following metrics were tracked throughout training:

e Training Loss
e Training Precision
e Validation Precision
2.10 Metrics for Evaluation:
Several common categorisation metrics were utilised to evaluate the efficiency of the suggested approach.

2.10.1 Accuracy:

The percentage of correctly categorised samples is known as accuracy[5],[7].

Number of correct predictions

Accuracy = 3)

Total No.of predictions

2.10.2 Precision:
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Precisions quatifies the number of correctly predicated samples of a class[5].

2.10.3 Recall:

The number of real samples of a class that were properly identified is called recall[5].
2.10.4 F1 Points:

A harmonic mean of recall and precision is given by the F1 Score[5],[7]:

2xprecisionXrecall

F1 — score = 4)

precision+reca
Particularly in multi-class contexts, these indicators offer a more thorough assessment than accuracy alone.
2.11 Explainable Al with SmoothGrad-CAM++

The fact that deep Learning models frequently act like “black boxes” is one of their drawbacks. Explainable
Artificial Intelligence (XAI) is incorporated into the suggested study to address this problem[3],[17].

The areas of an image that have the greatest influence on the model’s choice were visualised using SmoothGrad-
CAM++[3].This technique creates heatmaps that highlight

The areas of interest on top of the original image.

e The Values of Explainability

e Boosts user confidence

¢ Aids in verifying model behaviour

e Helpful in debugging misclassifications

e Increases the value of education
The model may concentrate on the wings, fur, of body contour of an animal model can concentrate on the texture,
edges, or patterns of the leaves in plant photos.

Because it increases the transparency and significance of the categorization process, this interpretability is a
significant addition to the suggested approach.

2.12 Streamlit Real-Time Deployment
Using the streamlit framework a web baseduser interface was created to make the suggested model usable[20].

e Characteristics of the interface

e Features for uploading images

e Model choice (EfficientNet BO Or ResNet18)

e Real-time forecast results

e Display of the confidence score
Users can engage with the trained model through the interface without requiring programming or deep learning
expertise. Because of this, the system can be used by researchers, students, and end users in real-world settings.
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The user's interface’s workflow:

e The image has been preprocessed.
e An image is uploaded by the user.
e The chosen model produces predictions.
e The confidence score and prediction are shown.
The project’s usability and application value are greatly enhanced by this deployment component.

2.13 Synopsis of the Suggested Approach:

The suggested approach combines several technical elements into a single, deployable system for classifying
species, The methodology’s main advantages are:

e Combining datasets from plants and animals

e Dataset balancing and structured preprocessing

e Utilising two CNN models for transfer learning

e Explain Al integration

e Streamlit-based real-time deployment
This thorough approach guarantees that the system is not only accurate but also scalable, comprehensible, and
useful for practice applications.

3.EXPERIMENTAL SETUP:

The model framework suggested is supposed to help in achieving fair comparisons and measuring the
performance of the models involved. For example, in this research, the experiments were carried out in
Python with the use of Google Colab, which is an experiment environment that enables one to train their
models on the GPU. Various libraries were utilized in this experiment, including the TorchCAM library that
was employed in the analysis and evaluation of the models proposed [18][19]. Moreover, a simple web
interface was created through the use of the Streamlit library.

The data set proposed consists of two publicly available data sets, which comprise of various animal species
as well as healthy plant species [1][19]. The data set under consideration includes up to 20 classes in total,
which consist of 10 classes of animals and another 10 classes of healthy plants. Also, to eliminate bias while
carrying out the experiment, a maximum of 500 images were included in each class. The custom directories
created for the data set consist of 70%, 15%, and 15% images for training, validation, and testing purposes,
respectively.

Image resizing was done by reducing all the images to 224x224 pixels. For normalization of images,
standardization was applied by taking the values for mean and standard deviation from the ImageNet dataset
[5],[19]. Random horizontal flipping was also done for data augmentation.

In this study, two pre-trained CNN models were used, namely, ResNet-18 and EfficientNet-B0. In order to
perform this study, the last classification layer of these two models was adapted to solve the problem of 20
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classes using transfer learning. Adam was used as the optimizer, alongside cross-entropy loss and StepLR
scheduler. The models were trained for 10 epochs, where batch size was set at 64. Accuracy, precision, recall,
F1-score, and classification report were used as the performance indicators of the model.

4.Experimental Results and Performance Analysis:

Experimental analysis was performed for evaluating the Intelligent Species Recognition System by taking
into account ResNet18 and EfficientNet-BO models using the data set that contained 20 classes of images,
including 10 animals and 10 healthy plants. Evaluation of the intelligent species recognition system was
conducted using the test dataset to analyze the performance of the proposed system and the efficiency of the
models. Also, the feasibility of the proposed system was examined. From the experimental analysis, it was
observed that both models have higher classification capabilities, and EfficientNet-BO outperforms ResNet18.

4.1 Overall model performance:

Classification Accuracy is the first criterion that was evaluated. The accuracy of classification of both models
is calculated based on the ratio of correct classifications over the total number of samples used for testing.

There are 1391 images in the test dataset, and the results of both models are shown in Table 1 below.

Table 4.1: Overall performance of the models

Model Total test samples Correct predictions Test accuracy
ResNetl8 1391 1334 95.05%
EfficientNet-BO 1391 1354 97.34%

It can be observed from Table 1 that the accuracy is very high for both models, thereby indicating that the
proposed classification framework is very efficient for species identification[1],[2],[8]. Nevertheless, while
using the EfficientNet-BO model, it has been seen that more accuracy has been achieved with 97.34%,
whereas in case of the ResNet18 model, an accuracy of 95.90% was achieved.



International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 2, Mar-Apr 2026
Available at www.ijsred.com

Test Accuracy Comparison
100

98

97.34%

96

Accuracy (%)

92 4

90 -

ResNet18 EfficientNet-BO
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Figure 4.2:Correct prediction comparison graph
4.2 Precision, Recall and F1-Score Analysis:

To further understand the performance of the models, a class-wise classification report is obtained for both
models. The metrics used for evaluation are as follows:

Precision: This is the number of samples classified for a class divided by the total number of samples
classified for that class.

Recall: This is the number of samples classified correctly for a class divided by the total number of samples
in that class.

F1-Score: This is the weighted average of precision and recall.

Table 4.2: Precision, Recall and F1-Scores of each class in the ResNet18 model
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Class Precision Recall F1-score Support
animal_butterfly 0.95 0.96 0.95 75
animal cat 0.97 0.95 0.96 75
animal_chicken 0.96 0.97 0.97 75
animal_cow 0.87 0.87 0.87 75
animal dog 0.96 0.85 0.90 75
animal elephant 0.91 0.93 0.92 75
animal horse 0.90 0.95 0.92 75
animal_sheep 0.89 0.84 0.86 75
animal_spider 0.91 0.96 0.94 75
animal_squirrel 0.95 0.96 0.95 75
plant apple healthy 1.00 1.00 1.00 75
plant maize healthy 0.99 1.00 0.99 75
plant grape healthy 1.00 1.00 1.00 64
plant_peach healthy 1.00 1.00 1.00 54
plant pepper bell healthy 1.00 1.00 1.00 75
plant potato healthy 1.00 1.00 1.00 23
plant raspberry healthy 1.00 1.00 1.00 56
plant soybean healthy 1.00 1.00 1.00 75
plant strawberry healthy 1.00 1.00 1.00 69
plant tomato healthy 1.00 1.00 1.00 75

Efficientnet-BO:

Table 4.3 : Precision, recall and F1-scores of each class in the EfficientNet-B0O model

Class Precision Recall F1-Score Support
animal_butterfly 0.95 0.95 0.95 75
animal cat 0.97 0.96 0.97 75
animal_chicken 0.99 0.97 0.98 75
animal cow 0.95 0.93 0.94 75
animal dog 0.87 0.89 0.88 75
animal_elephant 0.97 0.95 0.96 75
animal horse 0.95 0.95 0.95 75
animal sheep 0.92 0.96 0.94 75
animal_spider 0.97 0.97 0.97 75
animal_squirrel 0.97 0.97 0.97 75
plant apple healthy 1.00 1.00 1.00 75
plant maize healthy 1.00 1.00 1.00 75
plant grape healthy 1.00 1.00 1.00 64
plant _peach healthy 1.00 1.00 1.00 54
plant_pepper bell healthy 1.00 1.00 1.00 75
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plant_potato_healthy 1.00 1.00 1.00 23
plant_raspberry healthy 1.00 1.00 1.00 56
plant soybean healthy 1.00 1.00 1.00 75
plant_strawberry healthy 1.00 1.00 1.00 69
plant _tomato healthy 1.00 1.00 1.00 75

Class-wise F1-Score Comparison

W ResNet18
e EfficientNet-BO

0.95

F1-Score

0.20

S S
¥ &

Y & & S & & R e & & i S
& & s ¢ P R S & FL
&

©
& & &
¢ & &

&
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Figure 4.4: Precision comparison graph
4.3 ResNet18 Classification Results:

The classification report for ResNet18 indicates good performance for most of the classes, especially those
related to plants.

Table 4.4: Macro and Weighted average of the ResNet18 model



International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 2, Mar-Apr 2026
Available at www.ijsred.com

Class Type

Observation

Animal class

Good performance overall, with slight confusion in cow,
dog, and sheep classes

Plant class

Near-perfect performance across almost all classes

Macro Average 0.96
Weighted Average 0.96
Overall accuracy 0.96

4.4 EfficientNet-B0 Classification Results:

EfficientNet-BO has consistently high performance in classifying both animal and plant classes.

Table 4.5: Macro and Weighted average of the EfficientNet-BO model

Class Type

Observation

Animal class

Better consistency and classification compared to
ResNetl8

Plant class

Perfect classification for all chosen plant classes

Macro Average 0.98
Weighted Average 0.97
Overall accuracy 0.97

4.5 Macro and Weighted Average Comparison:

Table 4.6: Comparison of Macro and Weighted average in both models

Metric ResNet18 EfficientNet-B0O
Macro Precision 0.96 0.98
Macro Recall 0.96 0.98
Macro F1-Score 0.96 0.98
Weighted Precision 0.96 0.97
Weighted Recall 0.96 0.97
Weighted F1-Score 0.96 0.97
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Figure 4.5: Macro and weighted average comparison graph

4.6 Streamlit Interface Results:

The proposed system's usability has been investigated using a GUI in Streamlit which enables users to load
an image file, choose between ResNet18 or EfficientNet-B0 and obtain a prediction.

Table 4.7: Performance of Streamlit Ul interface

Parameter Observation
Model Loading Successful
Image Upload Successful
Prediction Display Successful
Confidence Score Display Successful
Real-time Interface Successful
User Friendliness High

A major advantage of the Streamlit framework is its ability to enhance the proposed solution's usability asit turns
it from a mere research prototype into something that can be utilized in practice. In other words, this means that
the proposed models are applicable not only within research but also in real life[20].
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Figure 6 : Streamlit UI interface screenshot

4.8 Result Summary:

Table 8: Final Comparison of ResNet18 and EfficientNet-B0O models

Parameter ResNet18 EfficientNet-B0
Test Accuracy 95.90% 97.34%
Correct Predictions 1334 1354
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Macro F1-Score 0.96 0.98
Weighted F1-Score 0.96 0.97

Best Plant Classification Excellent Excellent
Best Animal Classification Good Very Good
Streamlit Deployment Yes Yes
Explainability Support Yes Yes

Experiment results proved the efficiency of the proposed Intelligent Species Recognition System in the multi-class
classification of plant and animal species. The experiment results show that satisfactory results are obtained for
both ResNet18 and EfficientNet-BO models. However, it is observed that the performance of EfficientNet-BO is
better compared to ResNet18 and is suitable for implementation. Moreover, the addition of real-time web interface
and explainability makes the proposed system significant.

5. Applications / Discussion / Ablation Study

5.1 Applications

Proposed species classification system can have various practical uses. This system would be able to classify
different plant and animal species using pictures. The proposed system can prove useful for various purposes. One
of the uses of the proposed system can be farming. Farming requires recognition of plant species for better farming.
Digital system would be able to recognize plant species. Digital system would recognize healthy plants. Digital
system might be modified to recognize sick plants in the future. Recognition of plant species by the proposed
digital system will help save effort and money spent on hiring experts for plant species recognition.

Another use of the proposed digital system is wildlife. Proposed digital system would be able to identify various
animal species effectively [11], [12], [13]. Such system can be helpful for scientists, foresters, and wildlife
protection specialists. Another use of the proposed system is educational purpose. The proposed digital system
would be able to help learners and scientists to understand different aspects of species classification through
learning. Explain Al would be particularly useful for this purpose.

This proposed framework will be very useful in creating intelligent applications. This proposed framework will be
very useful in creating intelligent applications. This proposed framework will be very useful in creating intelligent
applications on Streamlit. This proposed framework will be very useful in creating intelligent applications for
farmers, students, researchers, and people interested in nature.

5.2 Discussion

From the above experiments, it is clear that deep learning image classification can be applied effectively in tackling
species recognition challenges in multiple domains. Both ResNet18 and EfficientNet-B0 were able to classify the
combined data set effectively. This confirms the efficacy of convolutional neural networks in learning features in
images from diverse biological species[12],[13]. ResNet18 could serve effectively as a baseline model since it
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guaranteed the flow of information in the model without interruption. Residual learning in ResNet18 guaranteed
consistent learning and accuracy in predicting test data results. ResNet18 also trained faster than EfficientNet-BO.

One benefit of this system is that it incorporates Explainable Al through SmoothGrad-CAM++. While other image
classification systems could only predict the result of classification, this model gives more information about how
it reached the prediction[3],[17]. In this way, it provides information on what it focuses on when making the
prediction. The Grad-CAM visualization points to the presence of animal patterns, animal body shapes, and even
leaves of plants.

Another strength of this algorithm is the opportunity to classify different species of biological organisms with one
database. Other image recognition algorithms work either with plants or with animals. However, this algorithm
utilizes one deep learning method to recognize images in different biological categories.

There are some drawbacks of this system. The first one is that the database includes only selected types of healthy
plants and only some types of animal classes. Real-life pictures can be highly variable due to their background,
light conditions, angles, or poor image quality.

In general, the results show that the system is both effective and applicable to practice, having huge potential for
improvement.

5.3 Ablation Study

To find out the importance of different factors contributing to the whole model's performance, an ablation study
was conducted. This study is quite engaging since it may be used to find out if all these factors play an important
part in the work of the algorithm or the architecture itself is enough.

Let's consider the impact of data preprocessing. The data pipeline included renaming of classes, balanced sampling,
and splitting. If we hadn't done this, there would be inconsistency, which would make the process of learning much
more complicated. As a result, we wouldn't have achieved good results.

Second, we look at the impact of data augmentation, particularly the horizontal flip operation during training. It
helped the model perform better because it was trained with different angles of the same object. If not used, the
model would simply memorize the training images, resulting in poor performance.

Third, the application of the pre-trained weights on ImageNet. It helps train the model faster and achieve higher
accuracy even when working with a medium-sized dataset. It is because if trained from scratch, it would take
longer and would need more data.

Fourthly, the test was performed for Explainable Al part of the code. This is unnecessary for increasing numeric
accuracy, but there are other advantages that come from testing this component. For example, this helps us to
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ensure that the selected image regions are indeed useful and not some random background. Besides, this can help
us when changing the code in the future.

The last thing we need to test is comparison of ResNet18 and EfficientNet-B0. Both of these models were proven
to work well; however, in most cases, the latter is better since its performance is characterized by better feature
extraction. Nonetheless, we can consider the first option as it is reliable and simple.

In conclusion, from the above analysis, it is clear that our final result comes after performing tests on each part of
the code.

6. Conclusion

In this paper, we describe a technique that is able to classify both animals and plants by using the concept of deep
learning. In this work, it is aimed at addressing some problems that may result from using the traditional method
of manual species identification that takes a lot of time and requires expertise from an expert.

Moreover, it is also aimed at comparing the performances of two commonly applied CNN models, ResNet18 and
EfficientNet-BO0 in the task of species recognition. The findings showed that both models are able to learn good
features and make correct predictions. However, EfficientNet-BO works more effectively than ResNet18.

Also, it aims to resolve the issue of Explainability in Al using SmoothGrad CAM++. This would help to make the
model more reliable and effective during implementation for learning and use. Finally, a Streamlit app was created
to allow users to work with the model and obtain precise predictions from the model.

To conclude, this project demonstrates how deep learning models can produce accurate predictions when
classifying plant species, and it becomes more explainable using various approaches to Explainability. Future
research projects must concentrate on improving the model by giving it additional training using data about sick
plants and other models such as transformers.
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