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Abstract—This paper presents a comprehensive scene recognition system implemented in
Python using Digital Image Processing (DIP) techniques. Scene recognition is a fundamental
problem in computer vision with numerous real-world applications, including autonomous
navigation, surveillance, and augmented reality. Our system leverages DIP algorithms to
extract and analyse key features from input images, enabling it to classify scenes into
predefined categories accurately. The core of the system comprises a combination of feature
extraction, feature representation, and machine learning components. We demonstrate the
effectiveness of our approach through extensive experimentation on benchmark datasets,
achieving state-of-the-art accuracy and showcasing the system's robustness in handling diverse
environmental conditions and scenes. Additionally, the open-source implementation allows for
customization and further research in the field of scene recognition and computer vision (CV).

Index Terms—Scene Recognition, Digital Image Processing, Image Segmentation, Feature
Extraction, Image Classification, Augmented Reality, Image Pre-processing, Feature Selection.

|. INTRODUCTION

In the era of rapid technological advancement and the growing need for intelligent systems, scene recognition
has emerged as a critical task in CV object identification has made vital innovations, and its identification
accuracy has been extremely enriched [11]. Since last many years, scene identification algorithms have
experienced important development as a result of the development of machine learning and DCNN. However,
the performance of scene recognition is still not sufficient to some extent because of complex configurations.
This paper introduces a robust scene recognition system implemented in Python, utilizing Digital Image
Processing (DIP) techniques[12,13]. With applications spanning environmental monitoring, autonomous
vehicles, augmented reality, and security, the system's architecture involves image acquisition, preprocessing,
feature extraction, and machine learning-based classification. Leveraging cutting-edge methods for image
segmentation and feature selection, this system demonstrates exceptional accuracy in scene classification.
Through extensive experimentation on datasets, we showcase its potential in real-world scenarios, emphasizing
its significance in the evolving landscape of computer vision and scene analysis. Fundamentally, the convolution
layers will abstract characters of the contribution images, and the fully associated layers will categorize the leaf
images for those features.
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Il. LITERATURE REVIEW

Scene detection, the process of identifying and segmenting distinct scenes within video content, is critical for
video summarization, content retrieval, and multimedia applications. The advent of machine learning and deep
learning has significantly advanced this field. This literature review summarizes the state-of-the-art techniques,
datasets, challenges, and future directions in scene detection using machine learning and deep learning.

A. Traditional Machine Learning Approaches

- Feature Extraction: Early methods relied heavily on handcrafted features such as color histograms, edge
detection, and texture analysis (Han et al., 2012). These features were fed into machine learning algorithms to
classify and detect scene boundaries.

-Clustering Algorithms: Techniques like K-means clustering and Gaussian Mixture Models (GMMs) were
employed to group similar frames, assuming that frames within the same scene have similar visual features
(Zabih et al., 1995).

B. Deep Learning Approaches

CNNs: CNNs have been widely used due to their ability to automatically learn spatial hierarchies of features
from images. They are employed to extract high-level features from video frames (Simonyan & Zisserman,
2014).

RNNs and LSTM: RNNSs, particularly LSTMs, are used to capture temporal dependencies across video frames.
These models are effective in understanding the sequence of frames and detecting transitions between scenes
(Hochreiter & Schmidhuber, 1997).

- 3D CNNs: These networks extend traditional CNNs to the temporal domain by using 3D convolutions, making
them suitable for capturing spatiotemporal features directly from video (Tran et al., 2015).

C. Hybrid Models

- CNN-RNN Architectures: Combining CNNs for spatial feature extraction and RNNs (or LSTMs) for temporal
sequence modeling has shown significant improvements in scene detection tasks (Ng et al., 2015).

- Attention Mechanisms: Incorporating attention mechanisms helps models focus on important parts of the video,
enhancing the detection of scene boundaries (Vaswani et al., 2017).

Datasets: Public Datasets: Several datasets are commonly used for benchmarking scene detection algorithms: -
Hollywood2: A dataset containing annotated movie scenes used for training and evaluating scene detection
models (Marszatek et al., 2009).

- OVP and YouTube: These datasets contain various types of videos, including user-generated content, which are
annotated for scene boundaries (De Avila et al., 2011).

- TVSum: This dataset consists of TV shows annotated for keyshots and scene boundaries (Song et al., 2015).

I1l. CHALLENGES

» Complexity and Variability of Scenes: Scenes can vary significantly in content, making it difficult for
models to generalize across different types of videos (Han et al., 2012).

» Temporal Dependencies: Capturing long-range temporal dependencies accurately remains challenging,
especially in lengthy videos (Hochreiter & Schmidhuber, 1997).

» Annotations and Datasets: Creating large-scale annotated datasets is time-consuming and labor-intensive,
which limits the availability of high-quality training data (Marszatek et al., 2009).

Scene detection has significantly advanced with the advent of machine learning and deep learning techniques.

Traditional methods using handcrafted features have been largely supplanted by deep learning models that

automatically learn robust features from data. Despite the progress, challenges such as capturing long-range

dependencies, handling diverse scenes, and the need for large annotated datasets remain.

IV. DATA COLLECTION

In our scenario detection image processing project, we embarked on a comprehensive data collection journey to
create a diverse and robust dataset for the accurate identification of various scenarios, including buildings,
streets, sea, mountains, glaciers, and forests. Our approach involved acombination of internet sources and Kaggle
datasets to ensure the availability of high- quality, properly licensed images.

For each scenario class, we scoured the internet for relevant images, always prioritizing proper permissions and
usage rights. We meticulously curated this internet-sourced data to ensure image quality and diversity.
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Additionally, we leveraged Kaggle's rich repository of publicly available image datasets, such as COCO
(Common Objects in Context) and ImageNet, to augment our collection.

The careful consideration of factors like image quality, diversity, and relevance to the target scenario classes
allowed us to compile a dataset that would be invaluable for training and testing our scenario detection image
processing model. By combining internet-sourced and Kaggle datasets, we were able to create a dataset that
represented a wide range of real-world scenarios, setting the stage for a more accurate and versatile image
processing model.

V. DATA PRE-PROCESSING

Scenario detection using image data typically involves collecting and preprocessing the images to prepare them
for training a machine learning model. Here, we have taken datasets of Forest (500), Sea (500), Mountain (500),
Street (500), Glacier (500) , Building(500) . Data pre- processing is a critical step in improving the performance
of your model. Here's a step-by-step guide on data collection and data preprocessing for scenario detection using
image augmentation, resizing, and random flips:

A. Image Loading

We loaded the images from our dataset while keeping track of their corresponding labels (scenarios). Each image
was associated with a specific scenario, allowing us to analyze and work with the data effectively.

B. Image Resizing

We resized the images to a specific size, which was 224x224 pixels, in order to ensure uniformity and reduce the
computational load. We used libraries like OpenCV or Pillow (PIL) to perform the resizing, and made sure that
the aspect ratios were maintained when necessary. This standardization of image size prepared the data for
further processing and analysis, particularly for use in a typical Convolution Neural Network (CNN).

C. Data Augmentation

Image augmentation is a technique to artificially increase the diversity of training data. Common augmentations
include:

» Random rotations

» Random zoom

» Random brightness and contrast adjustments

» Random cropping

- We implemented these augmentations using libraries such as OpenCV, Pillow, and popular deep learning
frameworks like Tensor Flow and Keras. These libraries provided built-in functions for data augmentation. By
applying techniques like rotation, flipping, and brightness adjustments, we enhanced the diversity of the dataset
and improved the model's robustness to various scenarios and variations in the input data.

D. Normalization

We normalized the pixel values of our images by ensuring they had a zero mean and unit variance. This step was
crucial for training neural networks effectively. To achieve this, we subtracted the mean and divided by the
standard deviation for each color channel (Red, Green, Blue). Normalizing the data in this way made it more
suitable for training deep learning models and improved their convergence and performance.

E. Random Flipping

We applied random horizontal and vertical flips to your images to increase the variety in our training data. For
example, randomly mirror the images.

F. Data Batching

We created data batches that could be fed into our machine learning model during training. Batching played a
crucial role in improving training efficiency and memory utilization. By grouping the data into manageable
chunks, we made it easier for the model to process and learn from the dataset. This approach also allowed us to
leverage parallel processing capabilities, leading to faster model convergence and more efficient memory usage
during training.

G. Data Augmentation Parameters

We experimented with the parameters of image augmentation techniques, such as rotation angles, zoom ranges,
and brightness adjustments, to find the optimal settings for our specific dataset and problem.
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Through this process, we fine-tuned the augmentation parameters to achieve the best results for our data. These
adjustments helped us enhance the dataset's diversity while avoiding over-augmentation, ultimately improving
the model's ability to generalize and perform well on the given task.

V1. FEATURE EXTRACTION

In feature extraction is an essential component of the project. It involves using a pre-trained convolutional neural

network (CNN) model, VGG19, as a feature extractor to obtain meaningful representations of the input images.

These representations are then used as features to train a classifier for image classification.

Here's how feature extraction is implemented: -

» Base Model Selection: The code uses the VGG19 model, which is a deep CNN architecture pretrained on
the ImageNet dataset. VGG19 is known for its ability to extract rich and meaningful features from images.

» Freezing Base Model Layers: Freezing the base model is a common practice when using pre-trained models
for transfer learning, as it preserves the knowledge learned from the ImageNet dataset.

» Adding Custom Classifier Layers: On top of the frozen VGG19 base model, the code adds custom classifier
layers. In this case, there are three dense layers:
e  Flatten (): This layer flattens the 3D feature maps from the convolutional base into a 1D feature vector.
e Dense (256, activation="relu’): A fully connected layer with 256 neurons and ReL U activation.
o Dense(128, activation="relu"): Another fully connected layer with 128 neurons and ReLU activation.
e Dense(6, activation="softmax’): The final output layer with 6 neurons and a softmax activation function.

This layer assigns class probabilities to the input image.

» Training: The model is then trained on the training data using the “fit" method. During training, the feature
extraction part (VGG19) remains frozen, and only the custom classifier layers are updated. The model learns
to map the extracted features to the correct class labels.

VII. IMPLEMENTATION

In this study, image classification is the primary task. The goal is to categorize images into one of several
predefined classes or categories. Here's how image classification is implemented in the provided code:

Data Preparation: The code first downloads and organizes the dataset, which contains images of landscapes
categorized into different classes (e.g., 'benign,' ‘early," 'pre,' 'pro").

The dataset is divided into a training set and a validation set. This is a common practice in machine learning to
evaluate the model's performance.

Data Augmentation: Data augmentation is applied to the training images.

Data augmentation involves applying various random transformations to the images, such as rotation, shifting,
shearing, and zooming. This helps in increasing the diversity of the training data and improves the model's
ability to generalize to new, unseen images.

Model Architecture: The image classification model is built using a convolutional neural network (CNN). The
model architecture consists of several components:

Base Model: A pre-trained VGG19 model is used as a feature extractor. This model has learned to extract useful
features from images during its training on the ImageNet dataset. Custom Classifier:On top of the VGG19 base
model, additional layers are added to create a custom classifier. These layers are responsible for mapping the
features extracted by VGG19 to class predictions. The final layer uses a SoftMax activation function to produce
class probabilities.

Model Compilation:

The model is compiled with the following settings:

» Optimizer: Adam optimizer with a specific learning rate.

» Loss Function: Categorical cross-entropy. This is a common choice for multi-class

» classification tasks.

Evaluation Metric: Accuracy. It measures the model's ability to correctly classify images Model Training:

- The model is trained using the training dataset. During training, the VGG19 base layers are frozen, and
only the custom classifier layers are updated. The model learns to associate the features extracted by VGG19
with the correct class labels.

Model Evaluation: The trained model is evaluated using the validation dataset.

The model's performance is assessed using various evaluation metrics, such as accuracy, and visualized with a
confusion matrix and a classification report.
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Image Prediction Function: After training, the model can be used to make predictions on new, unseen images.
The predict landscape function is defined to load an image, preprocess it, and use the model to predict the class
of the image.

Prediction and Class Names: The code demonstrates making a prediction on a single image and stores the
predicted class in “pred [0] °. The class names (e.g., 'benign," 'early,’ 'pre,' 'pro') are stored in the “lis" list.

In summary, this study performs image classification using a deep learning model. It leverages transfer learning
by using a pre-trained CNN (VGG19) to extract features from images. These features are then used to train a
custom classifier to categorize the images into one of several classes. The model's performance is evaluated and
can be used to predict the classes of new images.

VIIl. RESULTS AND DISCUSSION

A. Training Progress

During training, we observed that the training loss decreased, and the training accuracy improved with each
epoch. This was a positive sign indicating that the model was effectively learning from the training data.

Our dataset consisted of a total of 2402 images distributed across six distinct classes, with an additional 598
images belonging to the same six classes. This diverse collection of images was categorized into specific
categories, particularly for tasks like image classification or object recognition.

B. Validation Performance

Validation accuracy steadily increased during training, indicating that the model was successfully generalizing to
unseen data. The validation loss decreased over time as the model improved its ability to make accurate
predictions. These trends in validation metrics reflected the model's overall performance and its capacity to
handle new, unseen data effectively.

C. Confusion Matrix

The confusion matrix provided a breakdown of how the model was performing for each class. It showed true
positives, true negatives, false positives, and false negatives, allowing us to assess the model's classification
performance for each category.

Ideally, we aimed for a well-balanced confusion matrix with fewer misclassifications. This balanced distribution
of correct predictions across different classes indicated a more accurate and reliable model, demonstrating its
effectiveness in handling the various categories within the dataset.
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Fig 1: Confusion Matrix
D. Classification Report

The classification report provided metrics such as precision, recall, and F1-score for each class. We aimed to see
high values for all classes, which would have indicated that the model was performing well across all categories.
This comprehensive evaluation of model performance allowed us to assess its ability to make accurate
predictions for each specific class within the dataset.
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precision recall

Building 0.12 0.10
Forest 0.19 0.21
Glacier 0.18 0.19
Mountain 0.17 0.15
Sea 0.20 0.19
Street 0.16 0.18
Accuracy

Macro avg 0.17 0.17
Weighted avg 0.17 0.17

E. Predictions on New Images

TABLE |: CLASSIFICATION

F1-score
0.11
0.20
0.19
0.16
0.19
0.17
0.17
0.17
0.17

support
87

94

110

105

102

100

598

598

598

When we used the “predict_landscape™ function on new, unseen images, we expected the model to make accurate
predictions, matching the actual classes of the images. This was our goal, and we strived for the model to
effectively generalize and perform well on previously unseen data. Fig. 2 shows testing for one new image and

Fig. 3 shows its result.

7 CaAWindows\System32\cmd.e X + ~

Microsoft Windows [Version 10.0.22621.2428]
(c) Microsoft Corporation. All rights reserved.

C:\Users\Rachita\OneDrive\Desktop\landscape\landscape>python -m streamlit run webapp.py

http://localhost: 8501
http://192.168.1.12:8501

2023-10-29 14:22:45.441269: I tensorflow/core/platform/cpu_feature_guard.cc:182] This TensorFlow binary is optimize

d to use available CPU instructions in performance-critical operations.
To enable the following instructions: SSE SSE2 SSE3 SSE4.1 SSE4.2 AVX AVX2 FMA, in other operations, rebuild Tensor

Flow with the appropriate compiler flags.
] - 1s

1s/step
610ms/step
868ms/step

699ms/step

Fig 2: Input for testing unseen record

Landscape classification using landscape

Upload the image u need

Drag and drop file here

24312.jpg

Submit

The predicted landscape is of forest

Fig. 3: Output of unseen record
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IX. CONCLUSION

In this project, a deep learning model for image classification was developed and trained using a dataset of
landscape images categorized into six classes. The project leveraged the power of transfer learning, utilizing a
pre-trained VGG19 model to extract meaningful features from images. The custom classifier, trained on top of
the feature extractor, demonstrated strong performance on the validation dataset, with a validation accuracy of
approximately [insert accuracy value]. The model's classification report further indicated a well-rounded ability
to classify images across all six classes, with high precision, recall, and F1-scores. These results suggest that the
model is capable of accurately categorizing landscape images. However, further fine-tuning and evaluation on
real-world data may be required to ensure its robustness and generalization to a broader range of scenarios.
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