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Abstract: The project below classifies Pokémon species using Convolutional Neural Networks, 
which have high inter-class similarities and complex visual features. We employed a dataset from 
Kaggle containing over 7,000 labelled Pokémon images and then designed and optimized a CNN 
model for multi-class classification. Preprocessing on the dataset included image resizing, 
augmentation, and normalization to improve the robustness of the model. Our model 
architecture consists of several convolutional layers with max-pooling, followed by a fully 
connected layer, optimized using the Adam optimizer and categorical cross-entropy loss 
function. The model achieved an impressive classification accuracy of 95.8%, showing its 
capability to distinguish between 150 different Pokémon species effectively. Evaluation metrics, 
including precision, recall, and F1-score, further validated its high performance. The key 
takeaways from this work indicate that CNNs can perform well on fine-grained image 
classification and form a foothold for the next research endeavors on deep learning-based visual 
recognition challenges. 

Keywords: CNN model; accuracy; classification; precision; recall; and F1-score 

1. Introduction

Image classification has evolved to be the cornerstone of computer vision, wherein deep learning 
models, especially CNNs, demonstrate unparalleled efficacy for complex recognition. The project 
described below is intended to develop a Pokémon classification model using CNNs-a very vital 
approach in solving intricate image classification problems. The Pokémon classification has its special 
challenge because there are a vast number of varieties in species and each has a subtle yet distinctive 
look. Accurately distinguishing these species requires a model capable of learning and capturing fine-
grained image features while maintaining robustness across diverse backgrounds and perspectives 
[1,2]. 

The study employs a dataset sourced from Kaggle, which contains thousands of labelled images 
of Pokémon, varying by viewpoint, lighting, and environment. Leverage this knowledge to build an 
optimized CNN model designed to understand how well the classification improves our 
understanding of CNN design and how well the model performs in real-world scenarios. In this 
work, we apply strict preprocessing techniques, which means training a careful dataset, and key 
evaluation metrics consisting of accuracy, precision, and recall obtaining the best performance 
classification model [3–8] 

The added value of this project is the myriads of other areas to which this technology could be 
applied outside of Pokémon classification. The insights gained from developing such a model have 
the possibility of extension to domains like medical imaging, wildlife species identification, and 
automatic retail product recognition. As part of investigating possible model optimization strategies 
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and evaluating the performance of CNNs, this study makes a valuable addition to the growing body 
of knowledge in deep learning-based image classification [9,10]. 

2. Dataset and Data Description 

2.1. Dataset Overview  

This dataset was found on Kaggle titled "7,000 Labelled Pokémon" by Lance Zhang. It included 
all first-generation Pokémon, amounting to about 150 different classes of Pokémon. Most of the 
images are very detailed and properly labelled, adding to the reasons why our model performed so 
well. The images are also not in ultra-high resolution, which makes this dataset almost perfect for our 
project. For example, the class Execute has about 46 images, Raichu 51, Scyther 58, and Dragonair 26. 
So, it ranges between 20 to 70 images per Pokémon class. Therefore, it makes a well-suited image 
classification dataset. 

2.2. Data Preprocessing 

In this way, we processed the entire set of experiments with a single preprocessing approach-an 
image resizing approach. The presence of multiple sizes of the images in this data set could lead to a 
range of problems, such as increased computational loads [11], impacting both training and inference 
times. Additionally, the variation in input sizes for the image-dimension created training data 
inconsistency, especially considering the fact that CNNs perform more efficiently with fixed-size 
inputs. Figure 1 depicts the original image dimensions (height, width, and color channels) before 
resizing, which points out enormous divergences in both dimensions and pixel counts. 

To achieve this, we fit an image data generator in Keras (as demonstrated by Figure 2) to 
augment the training dataset. This generator resized the images to 64×64 pixels, with three colour 
channels, while scaling pixel values to the range [0,1]. Moreover, random shearing, zooming, and 
lateral flipping were also applied to increase the variability of the data and curb the risk of overfitting 
while making it generalizable. Resizing images may result in loss of detail, especially where there is 
an emphasis on large down sampling, and therefore a size of (64×64) had to be appropriate. Larger 
sizes like (512×512) might consume too much time for training, the smaller sizes like (8×8) would 
concede a great deal of image detail that would undoubtedly poorly affect the performance of the 
models [8,9].  

Figure 3 presents six resized images of one of the most iconic Pokémon, Pikachu. Each of the 
images is different in terms of several factors, including posture, expression, background, etc., which 
greatly adds to the data diversity very vital characteristic for effective training of our CNN model. In 
addition, during data preprocessing, we tried multiple techniques, but some of them were dropped 
because of less-than-stellar performance or other troubles. As seen in Figure 4, we went ahead and 
did gray scaling and binarizing of images, believing that removing color information would help 
reduce the computation load and therefore improve classification accuracy. Unfortunately, it led to a 
big drop in model performance [12,13], and at our end, it was dropped in Favor of retaining color 
images.  
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Figure 1. Image Size. 

Figure 1 shows the code that displays the original sizes of the images, that is, height, width, and 
color channels, before resizing. As can be clearly seen, these images are highly different in their 
dimensions and pixel count. 

 
Figure 2. Resizing Image. 

Figure 2 presents the code snippet for preparing, in Keras, an image data generator to augment 
image data during training. It generates images of size 64×64 pixels with three color channels and 
rescales the pixel values to lie between 0 and 1. Besides this, the generator applies random shearing, 
random zooming, and horizontal flipping to make varied versions of the same images, which is 
helpful to improve model generalization and reduce overfitting. This might lead to some loss of detail 
in the images, particularly for significant downscaling. However, the optimal size can be thought of 
as 64×64. Using a larger size like 512×512 may take very long to train, whereas using smaller sizes like 
8×8 could result in a huge loss of detail, with the model eventually not performing well [8,9]. 

 

Figure 3. Resized image. 

Figure 3: Six different representations of one of the most iconic Pokémon, Pikachu, after resizing, 
are shown here. Each of these images differs in posture, expression, and background-just the 
diversities needed to properly train our CNN model. 
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Figure 4. Images after grey-scaling and binarizing with real image. 

Figure 4: Grayscale, binarized, and normal versions of two Pokémon. During the preprocessing 
and preparation of the data, many other different methods were tried and later abandoned when 
desired results were not found, or other complications arose. One such approach involved first 
grayscale of the image and then binarizing it because it was thought at one moment that this may 
improve results and reduce the computational load by removing colors. This, however, did not occur 
since the model came out with seriously reduced accuracy; thus, this method was ultimately never 
used.  

3. Proposed Methodology 

This section reflects upon how the approach to design, implement, and evaluate the CNN model 
for image recognition has been done. It covers the architectural decisions [14,15] regarding the design 
and the technical steps required to build up and optimize the model to classify images correctly. The 
process was divided into sharply defined stages to eventually provide a clear-cut roadmap that will 
help take the model from design through implementation, considering both theoretical 
considerations and practical execution. 

3.1. Architecture Design 

Our CNN model design takes the role of progressively extracting and refining features from 
input images, from a basic pattern in initial layers to abstract and complex feature detection in later 
layers. It contains two main convolutional layers with max-pooling to reduce dimensionality, 
followed by a fully connected output layer for final classification. The model is optimized using the 
Adam optimizer and categorical cross-entropy loss. It is designed in such a way that it performs 
multi-class classification with effective learning and good accuracy among the classes. The 
architecture of the model starts with a Conv2D layer, which takes in 64x64 RGB images, followed by 
a MaxPooling2D layer that reduces the spatial dimensions. This pattern is once again repeated 
Conv2D followed by MaxPooling2D to increase the feature extraction along with a decrease in spatial 
information. Further, these feature maps are flattened into a single-dimensional vector and fed in at 
the very end to a dense layer. 

Layer 1: A Conv2D layer with 64 filters and a kernel size of (5,5) acts as a shallow feature 
extractor to identify some basic patterns in the input images, such as edges, lines, and shapes. This is 
followed by a max-pooling layer with a pool size of (2,2) that reduces spatial dimensions and, 
consequently, computational complexity. 
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Layer 2: The first layer's output is fed into another Conv2D, which has 128 filters with a kernel 
size of (3,3); this layer aims to find more complex patterns while another max-pooling layer reduces 
the dimensionality and retains features. 

Output Layer: The output from the convolutional and pooling layers is fed into a fully connected 
Dense layer with num_classes neurons using the softmax activation function, which gives class 
probability distributions for effective multi-class classification. 

  

Figure 5. Our CNN Model Architecture. 

The image Figure 6 depicts a visual representation of a Convolutional Neural Network (CNN) 
architecture, showing the sequential layers of the model with clear input and output shapes for each 
stage. The diagram starts with a Conv2D layer, which processes 64x64 RGB images, followed by a 
MaxPooling2D layer that reduces spatial dimensions. This pattern repeats with another Conv2D and 
MaxPooling2D pair, further extracting features and compressing the spatial information. The feature 
maps are then flattened into a single-dimensional vector, which is passed to a dense layer at the end. 
The flow between layers is illustrated with arrows, and each block prominently displays the input 
and output shapes, emphasizing the transformation of data across the model.  
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Figure 6. Depicts a visual representation of a Convolutional Neural Network (CNN) architecture. 

3.1.1. Layer 1 

Layer 1 starts with a Conv2D layer that has 64 filters, each with a kernel size of (5, 5). This initial 
layer acts as a basic feature extractor, focusing on identifying fundamental patterns in the input 
images, such as edges, lines, or simple shapes. The relatively large kernel size of (5, 5) allows the 
network to capture more extensive spatial patterns early on, which can be particularly beneficial if 
the images contain more intricate or larger structures that need to be recognized. Additionally, the 
use of padding='same' ensures that the output feature maps retain the same spatial dimensions as the 
input, thus preserving important boundary information in the images. Following the convolution, 
there is a max-pooling layer with a pool size of (2, 2), which reduces the spatial dimensions of the 
feature maps by half. This pooling layer helps reduce the overall computational cost and provides a 
degree of translation invariance by focusing on the most prominent features.  

3.1.2. Layer 2 

Layer 2 builds upon the features learned in the first layer by introducing a new Conv2D layer 
with 128 filters and a smaller kernel size of (3, 3). By increasing the filter count, the network can 
capture more complex and abstract features, as each subsequent layer in a CNN generally learns 
more intricate patterns. The smaller kernel size in Layer 2 narrows the focus of the feature extraction 
process, helping the network detect finer details within the image. Like Layer 1, this layer also uses 
padding='same' to maintain spatial dimensions, ensuring that no valuable information is lost along 
the edges. Another max-pooling layer with the same pool size of (2, 2) follows, further reducing the 
spatial size of the feature maps while retaining the most crucial information. Finally, a Flatten () layer 
converts the 3D output of the second pooling layer into a 1D array, preparing the data for the fully 
connected layer.  

3.1.3. Output Layer 
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The output layer is a fully connected Dense layer with num_classes neurons, where each neuron 
represents a possible class in the classification task. The softmax activation function is applied here 
to provide a probability distribution over the classes, allowing the model to output a confidence level 
for each class. This setup is suitable for multi-class classification tasks, as softmax is specifically 
designed to handle such scenarios. The model is compiled with the Adam optimizer, a widely used 
optimizer that adapts the learning rate during training, making it efficient for deep learning tasks. 
The categorical cross-entropy loss function is ideal for multiclass classification, as it measures the 
divergence between the predicted and actual distributions.  Overall, the CNN model architecture is 
crafted to effectively balance feature extraction with computational efficiency, progressing from basic 
pattern detection to sophisticated classification. Each layer plays a distinct role in capturing essential 
image details and refining the model’s ability to differentiate between classes. This design supports 
reliable image recognition, meeting the needs of multi-class classification while accommodating the 
dataset's complexity.  

3.2. Implementation 

This is now the implementation stage, structuring, preprocessing, and training of the dataset. 
First, there's the division of the dataset into a training set and a test set where the training images are 
put in the 'Pokemon_Train' directory, and classes are represented as structured sets of empty folders 
in the 'Pokemon_Test' directory. The function was modified to randomly select 15 images per class 
from the training dataset and copy them into the test directory to create this test dataset so that the 
test set is unbiased. Data augmentation and preprocessing are two of the most crucial steps in any 
model's performance. The images here are resized, and pixel values are normalized, along with 
different augmentations such as random shearing, zooming, and flipping, using Keras' Image Data 
Generator. These transformations result in the introduction of variance in the dataset, thereby 
increasing the generalization capability of the model to avoid overfitting. 

Figure 7 describes creating and preparing a dataset to perform Pokémon classification, 
structuring data organization. It first defines the working directory, 'Pokemon', which would house 
all classes in a total number of 150 classes. Furthermore, create a new directory named 
'Pokemon_Train' and move all class folders from the main 'Pokemon' directory into 'Pokemon_Train', 
so that 'Pokemon_Train' will be a home for training data. Then, a 'Pokemon_Test' folder is created 
with a copy of all subdirectories inside 'Pokemon_Train'. That way, both folders will have exactly the 
same hierarchical structure, a thing that is very important for most of the libraries relying on directory 
organization as a basis for classifying images. Finally, all images are removed inside the 
'Pokemon_Test' folder, leaving only empty folders, therefore creating a test structure with labels but 
no data. Both directories are assigned to variables matching their names in the last step. 
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Figure 7. Model Testing and Training . 

 

Figure 8. Making of Testing Dataset. 

Code given makes a function selecting 15 random images in every Pokémon class inside the 
Train directory and transfers to the right folder in each test class folder, thus arranging everything 
for Train-Test divisions. It's this way sure the test data contains a portion of images in the same 
distribution than the dataset; this represents, in actual case, more precise testing the skill of your 
model. The code constructs a separate test dataset with the balanced classes inside the train-test sets 
by looping over each class folder in the training set and performing this function. This random choice 
helps to avoid biased results because of a fixed test set and keeps the model from getting over-fitted 
by seeing a wide range of test data. The generalizing capability of the model, along with its 
robustness, improves in this process.  

Figure 9 shows how the ImageDataGenerator class from Keras is used to load, preprocess, and 
batch images from specified directories and prepare them for training and validation. The first 
snippet defines a training set generator by calling the function 
datagen.flow_from_directory(train_dir). The generator targets the train_dir, which should contain 
subdirectories named according to the categories in the training dataset. Each subdirectory is 
supposed to hold pictures for one class in general. For example, "cats" or "dogs" in a classifier able to 
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recognize animal types. A configuration like this will ensure that the model will learn from labelled 
data [19–21]. 

 
Figure 9. Loading, Preprocessing and Batching of Images. 

In this target_size= image_size[:2], it's indicated that all images will be resized to 'uniform width 
and height' from the image_size variable. This just slices out the first two dimensions, disregarding 
any channel information so that these could be made uniform across the dataset for the input layer 
of the CNN. The batch_size = 32 parameter sets the number of images to process in a single batch-a 
trade-off between computational efficiency and memory consumption because batches are processed 
sequentially during training [16–18]. Finally, class_mode = 'categorical' states that the labels are 
categorical and automatically one-hot-encodes them, which is useful if using categorical cross-
entropy as a loss function. Lastly, color_mode = 'rgb' ensures that images are loaded in full color-
three channels for red, and green, and blue-which is important for models that rely on color 
information for classification. The second snippet is to create a validation_set generator, which, 
similarly in structure, points to test_dir instead of train_dir. In this folder are the validation images, 
arranged like in the training directory, with class-named subfolders. The images for validation 
determine how well the model generalizes on unseen data; thus, enabling the detection of overfitting 
that may occur. This class takes target_size, batch_size, class_mode, and color_mode identical to the 
ones used in the creation of training_set, ensuring that both datasets are uniformly processed. 

These steps were essential to be done before the execution of the model. However, since the 
model execution process is already explained in the Architecture Overview, the discussion hereafter 
will be done on the steps performed post running the model [22–25]. 

Figure 10 shows the code for the training process of the constructed model, which is trained 
through the fit method. It took in the training set as input and the validation set as validation data to 
monitor model performance. To optimize, manage, and control the training process, several callback 
functions were created: 'es' for early stopping, 'ckpt' for saving model checkpoints, and 'rlp' for 
reducing the learning rate in case of no further improvement. These callbacks will enhance training 
efficiency and help avoid overfitting by stopping the training when it stops improving, while it saves 
the best model and dynamically adjusts the learning rate. The model is trained up to a limit of 20 
epochs, but if the early stop criteria are fulfilled, training could stop earlier. The limit has been set as 
20 to strike a fine balance in terms of training time, ensuring effectiveness in learning from the model 
but not overfitting. Details concerning metrics both on training and validation across all epochs are 
captured in the history object returned by the fit method, which can be used later for performance 
analysis and visualization. 
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Figure 10. Model Training. 

Figure 11 presents the result of running 20 epochs. It would be too time-consuming to paste the 
output of all 20 runs here, so only the results of the last few runs are shown. From these, one can see 
that the model is still improving in accuracy. As was mentioned before, 20 runs should give a good 
balance: The model learned from most of the dataset and will not overfit. 

  

Figure 11. Epochs. 

4. Results and Discussion 

A performance evaluation is done by analyzing different metrics of the CNN model for 
Pokémon classification, including accuracy, precision, recall, and F1-score. It points out how the 
model learns the pattern and generalizes from the dataset. Figure 12 represents a Comparison of 
training versus validation accuracy over various epochs. The training and validation accuracies 
increase sharply for the first epochs, which already suggests that it learns well from the data and 
generalizes nicely to unseen ones. This fact at least points out that a CNN model was able to make 
something meaningful from the dataset. Moreover, relatively close alignment in training and 
validation accuracy curves for the beginning period of training at least suggests there is no severe 
overfitting of the model. 

With progression in training, the training accuracy increases closer to its optimal value, while 
the validation accuracy soon starts to degrade and reaches a point where there is a crossing of the 
two curves. This suggests that overfitting becomes slightly worse by memorizing certain features in 
training rather than general features across new data, yet the accuracy remains quite good, inferring 
a good balanced learning process with not much overfitting. 

 

Figure 12. Model Loss and Accuracies. 
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Model Performance Metrics 

Figure 13: The classification model of the Pokémon had a very good accuracy of 95.8%. With 
such a high accuracy score, it is confirmed that the CNN can distinguish between 150 species of 
Pokémon with considerable precision and recall. Besides, Figure 14 presents precision, recall, and F1-
score metrics that corroborate balanced performance across different classes: 

Metric Score 

Macro-Average 0.96 

Weighted Average 0.96 

These results confirm that the model does not favor any particular class disproportionately, 
hence it is well-calibrated regarding classification. A balance between precision and recall suggests 
that the model effectively minimizes false positives and false negatives, hence highly reliable for real-
world applications where accurate classification is essential. Figures 15 and 16 show the integration 
of the trained CNN model into a user-friendly interface. A working 'Upload Button' and a 'Predict 
Button' to upload an image of a Pokémon and get the prediction across the model. Figure 16: In the 
case of a random image of Pokémon that was uploaded, the model rightly predicted it as 'Aerodactyl.' 
This shows that this model will work in the real world for classifying Pokémon, thus useful in 
practice. The classification of Pokémon through CNN has resulted very well, while its accuracy, 
precision, recall, and F1-score are relatively high out of 150 classes. From the learning curves, it can 
be observed that generalization was pretty effective, with minor overfitting toward the end of 
training. Thus, deploying the model onto an interactive interface proves its usability, and it can be 
considered a strong Pokémon classification model. Future work may apply more generalization 
techniques, such as data augmentation and regularization, that prevent overfitting and further 
improve performance.  

5. Conclusion 

This research work focused on CNN-based Pokémon classification, resulting in an overall 95.8% 
test accuracy, and generally good precision and recall across classes. The findings also emphasize the 
model's ability to capture very minute nuances between species, reflecting the robustness of the CNN 
design itself, along with the efficacy of the preprocessing and data-handling strategies that were put 
into practice. Balanced on different classes suggests that this might perform very well on other similar 
classification tasks, with very close similarities among the classes. It is a good model and, with 
improvements of hyperparameters along with better regularization, avoiding the slight overfitting 
towards the end epoch, the result might reach closer to reality with higher accuracy. However, for 
this project, it stays beyond the scope of interest. This work represents valuable insight into the 
optimization of CNN for image classification and provides the base for any future work on fine-
grained and large-scale classification problems. 
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