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Indoor scene recognition is a significant problem because of its structural
complexity, illumination variations, and visual similarities between the
various scene classes. Recent approaches use convolutional neural networks
(CNNs) and transfer learning to extract features for classification. In these
methods, all the features were considered for classification, which leads to
an increase in computational complexity and training time. This leads to
more time consumption for processing. To address these challenges, this
study proposed a hybrid indoor scene recognition framework that integrates
illumination-aware pre-processing, multi-model deep feature extraction, and
confidence-based feature fusion. The pre-processing technique uses contrast-
limited adaptive histogram equalization (CLAHE) and Retinex
enhancement. Deep features are extracted using Alex Krizhevsky network
(AlexNet), densely connected convolutional network (DenseNet), and
residual network 101 layers (ResNet101) to capture spatial and semantic
information. The features extracted are fed to confidence-driven world cup
optimization (CD-WCO) to extract the significant features. The final
representation is classified using a deep liquid state machine (DLSM)
classifier to enhance class discrimination. Our experiments, conducted on
the NYU indoor scene dataset with 20 scene categories and the MIT Indoor-
15 class subset results indicate the effectiveness of the proposed framework,
achieving an overall classification accuracy of 96.5% and 95.2%,
respectively.
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1. INTRODUCTION

Scene recognition is a high-level computer vision task that involves classifying an image or video
based on its overall environment and context, such as identifying it as a “beach,” “kitchen,” or “street” [1].
Scene recognition not only concentrates on identifying the class of the image, but also focuses on the
semantic meaning associated with the particular scene [2]. Scene identification has a wide range of
applications in robotics, autonomous driving, and medical imaging. to achieve the scene classification task,

the steps are feature detection, feature description, and classification [3].

Scene recognition using

convolutional neural network (CNN) and transfer learning-based techniques has significantly increased the
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efficiency of scene classification. The scene can be static or dynamic. Dynamic scenes are referred to as
video sequences, and static scenes are still images [4]. Static scene analysis is dependent on single-frame
information. Static scene classification is further divided into indoor and outdoor scene classification.
Outdoor scenes, such as streets, forests, or beaches—generally contain similar object sets, while indoor
scenes—such as classrooms, bedrooms, or living rooms—feature a variety of objects with differing
dimensions, spatial arrangements, and levels of occlusion. Indoor scene classification plays a very important
role in several computer applications, including robotics navigation, human-computer interaction, and
content-aware systems. Unlike outdoor scene images, indoor scenes have high intra-class variability, strong
illumination changes, and the presence of visually similar objects across different categories. The above
challenges make indoor scene classification a non-trivial task, even with recent advances in deep learning.

Early approaches to scene recognition relied on handcrafted features, such as scale-invariant feature
transform (SIFT), histogram of oriented gradients (HOG), and global image descriptor (GIST) descriptors [2].
The above approaches capture local texture and structural information; they are highly sensitive to
illumination variations. These handcrafted features require manual design and lack the representational
capacity to generalize across complex indoor scene images, resulting in limited classification accuracy. With
the evolution of deep learning, scene recognition using CNN and transfer learning-based techniques has
significantly increased the efficiency of scene classification. CNNs became the dominant approach for scene
classification due to their ability to learn hierarchical feature representations. Architectures such as residual
network (ResNet), Alex Krizhevsky network (AlexNet), and densely connected convolutional network
(DenseNet) have shown exceptional performance in extracting features from image data, which aids in
classifying scene images [5]. However, despite the exceptional performance from these models, challenges
remain in selecting diversified and distinguished features from the entire feature set extracted from the deep
learning models and combining the diverse features from the multiple models.

However, single-model CNN-based approaches have several limitations. First, they often overfit to
dominant visual patterns, leading to poor generalization across various indoor scenes. Second, deeper
networks increase computational complexity and training time, making them less suitable for
resource-constrained environments. Recent advancements in feature fusion and ensemble learning techniques
have addressed these drawbacks of combining features from multiple deep architectures. The multi-model
fusion improves classification accuracy because of high representational diversity, employing simple
concatenation or fixed-weight averaging. Such static fusion mechanisms fail to adapt to class-specific
confidence variations and may introduce redundant or noisy features, ultimately limiting performance gains.
To overcome this limitation, in our paper, we have proposed a novel method of a hybrid scene recognition
framework combining preprocessing techniques such as Retinex and contrast-limited adaptive histogram
equalization (CLAHE) [6] for illumination normalization with confidence-driven world cup optimization
(CD-WCO) for diversified feature selection and a deep liquid state machine (DLSM) classifier at the
classification stage, with a spiking winner-takes-all (SWTA) [7] layer that enhances non-linear decision
boundaries, to classify the scene images, resulting in improved illumination robustness and scene
discrimination performance.

2. LITERATURE REVIEW

Over the years, many deep learning approaches have been introduced in scene recognition.
architectures such as ResNet, AlexNet, and DenseNet have shown exceptional performance in extracting
features from image data, which aids in classifying scene images. However, despite the exceptional
performance from these models, challenges remain in selecting diversified and distinguished features from
the entire feature set extracted from the deep learning models and combining the diverse features from the
multiple models [5]. To address these challenges, in this research work proposed an attention mechanism that
acts as a powerful tool in focusing on the most important features representing the informative data of the
images, and in parallel, ensemble learning techniques combine the strengths of multiple models, leveraging
their diverse feature extraction capabilities to achieve more efficient performance than any single model
alone. In this proposed research work introduced a confidence-modulated world cup optimization
(CM-WCO) [8] technique for feature selection and an ensemble learning framework that integrates ResNet,
AlexNet, and DenseNet for robust scene recognition.

This research work concentrates on contributing to the development of more efficient and accurate
scene recognition systems by combining advanced deep learning architectures with attention-guided feature
selection and ensemble strategies, providing a way for improved scene recognition. Scene classification is a
fundamental task within the broader field of scene understanding, where the objective is to interpret a given
scene and assign it to a specific category. The early recognition process was completely dependent on
pixel-based representations, where the raw pixels of the scene were used for classification. These methods
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often faced limitations related to image resolution and the granularity of pixel information. To overcome this
limitation, researchers have shifted to object-based classification, which utilizes object-based information to
classify the scene images. But object-based classification does not concentrate on the semantic context of the
scene images. This challenge has led researchers to move towards the semantic understanding of scene
images. Scene classification involving the semantic information depends on identifying the distinct features
of the image. Some methods, such as SIFT [9] and HOG, are based on handcrafted feature techniques that
were used to classify images, but as these techniques rely on manually designed filters, they are prone to
missing important feature details, limiting their effectiveness. Additional feature extraction techniques have
been developed, such as spatial pyramid matching and fisher vector coding. Once these features have been
extracted, they have been fed into the machine learning algorithms like k-means clustering, sparse coding,
and principal component analysis (PCA) [10] to perform the classification function. The efficiency of these
methods is dependent on how the features are fed into the model.

The advent of the deep learning concept of extracting high-level features in the given dataset has
paved way new era has been paved. Deep learning models extract the features automatically from the data.
CNNs are used to extract the features automatically. Major developments in the domain of deep learning
happened after the development of the AlexNet network, which is pre-trained on the ImageNet dataset. Many
deep learning models have been developed, which include visual geometry group network (VGGNet) [11],
GoogLeNet [12], squeeze network (SqueezeNet), ResNet, and DenseNet. With the advent of large image
datasets and powerful processors, many research works are being carried out with these deep CNN models in
the area of scene identification. Pretrained CNN models automatically extract the features from the dataset,
and these features are millions in number. These features are then given as input to the classifier layer of the
CNN model. Over the recent years, the feature selection and ensembling techniques have significantly
improved in performing the scene recognition task. Much research has taken place exploring optimization
algorithms, feature selection, and feature aggregation techniques to improve the classification accuracy and
ensure robustness across diverse datasets.

Among optimization algorithms, such as particle swarm optimization (PSO) [13] is a metaheuristic
optimization algorithm proposed by Kennedy and Eberhart in 1995. This algorithm mainly aims at finding
the optimal values for specific parameters to fulfill the design requirements with the lowest possible
complexity and cost. This algorithm mainly concentrates on solving the optimal combination of feature
compensation coefficients for multiple computation factors so that the recognition efficiency of the system
can be improved, but the limitation of this algorithm is that it can be trapped in local minima if the diversity
of the data is reduced, requiring tuning of parameters like inertia weight and learning coefficients. Genetic
algorithm (GA) is an optimization algorithm that was introduced by Holland in the 1970s [14] and has since
been widely applied in the domains of engineering, artificial intelligence, and image classification tasks. GA
searches for the number of layers, learning rate, batch size, and activation functions for the optimal
combination to maximize classification performance. It can handle complex and large datasets. It
automatically selects the high-performing network architecture. Its search space includes both network
structure configuration and hyperparameters. But these algorithms are computationally expensive for large
populations or deep networks and have slower convergence compared to gradient-based methods. Ant colony
optimization (ACO) [15] is an optimization algorithm introduced by Dorigo in the early 1990s [16]. ACO
was originally developed for combinatorial problems such as the traveling salesman problem; it has been
successfully adapted for optimization tasks in image classification. ACO has been used to optimize various
neural network platforms, such as the number of hidden layers and learning rates, and it is used to select the
most relevant subset of feature data from high-dimensional complex data, which helps in reducing the
computational complexity and increases the classification accuracy and interpretable classification models.
But these are computationally intensive algorithms and may need integration with local search techniques to
improve efficiency, and careful tuning is required to avoid premature convergence.

The research has been conducted based on multi-modal feature selection, which refers to selecting
features from heterogeneous data modalities such as images, depth maps, text, and audio. In contrast,
multi-model feature selection focuses on leveraging multiple deep learning architectures to extract and
combine features from the same data modality. Rather than integrating data from different sources,
multi-model techniques emphasize the diversity of representations learned by models such as ResNet,
AlexNet, and DenseNet. This research work is inspired by the multi-modal techniques concept of combining
diverse information sources. Multi-model feature selection is particularly suitable for scenarios where a
single modality is available, but richer feature representations are desired.

3. METHOD
The proposed flow diagram is depicted in Figure 1. This research work has designed our model
using multiple pre-trained models to efficiently recognize the different classes of scene images with high
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accuracy. The detailed proposed method for classifying scene images is shown in Figure 2. This proposed
method introduced an approach to perform scene recognition by combining the CLAHE and Retinex
illumination technique [17], with the CD-WCO algorithm for selecting diversified features. This unique
combination method of the CLAHE and Retinex illumination technique with the CD-WCO algorithm
enhances classification accuracy and addresses various challenges, such as redundancy, overfitting, and the
removal of irrelevant features. Feature extraction plays a prominent role in the image classification task. In
the traditional method, a single deep learning model was used to extract the features from the images, which

may be limited in its capacity to capture diverse and complementary information.
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In this proposed work of multi-model feature extraction have considered ensembling the features
extracted from multiple models and selecting the superior features. The feature extraction summary table
for the multiple models used in this proposed work is shown in Table 1. Table 1 represents the features
extracted from three widely used deep learning architectures when applied to the NYU indoor scene
dataset, consisting of 1,920 images. Features are collected from the last fully connected layer (FCS8 in
AlexNet, FC1000 in ResNet101) or global average pooling layer (avg_pool in DenseNet201). These layers
provide compact, high-level semantic representations of images. Table 1 represents the quantitative
evidence that extracted features can become large and redundant. Therefore, applying a feature selection
method is very crucial.

The concatenation approach allows the model to preserve both the low-level discriminative power
of AlexNet and the high-level semantic abstractions from ResNet and DenseNet. The ensemble acts as a
consensus mechanism: the strengths of one model compensate for the weaknesses of another, resulting in a
more balanced and robust scene classification framework. The ResNet model uses skip connections for the
flow of gradients and enables the learning of deeper features without degradation. AlexNet is one of the
pioneering CNN architectures, which facilitates identifying prominent low- and mid-level features such as
edges, shapes, and textures. DenseNet enhances feature reuse, and dense connectivity helps in learning
detailed high-level representations that encode spatial and semantic relationships within the scene. This
research work proposed a feature selection technique based on the CD-WCO technique, which selects the
superior features and then feeds the selected features to the next stage of classification. Some of the
contributions are summarized as follows:

—  Implementation of a hybrid preprocessing technique, which includes CLAHE and Retinex illumination
corrections, and integrating these pre-processing techniques with the CD-WCO reduces noise
amplification and enhances the visibility of fine details and textures.

—  Feature extraction using multiple models enables diversified learning instead of the extraction of
features using a single neural network model.

—  DLSM [18], used as a classifier in the final stage, provides state-based classification decisions, leading
to improved accuracy and stability.

The steps involved in our proposed work for feature selection are summarized as follows:

i)  The algorithm input is the features extracted from the multiple models.

i)  The confidence score for each solution is calculated.

iii) For each of the feature subsets obtained, the fitness value is calculated using the predefined fitness
function.

iv) The features with a higher value of confidence are selected as optimal attributes.

v) Features with low confidence values are discarded.

vi) The algorithm output is the indexed feature values used for classification purposes.

Table 1. Feature dimensionality of pre-trained models on the NYU indoor scene dataset

Model Size of the input image  Feature extraction layer  Feature vector
AlexNet 227 x 227 %3 FC8 1920 x 4096
ResNet101 224 x 224 x 3 FC1000 1920 x 2048
DenseNet 201 224 x 224 x 3 Avg pool layer 1920 x 1920

3.1. Dataset and pre-processing

In this work, experimentation is performed on the NYU [19] and MIT Indoor-15 class subset [3]
datasets. This work used a hybrid pre-processing technique, which includes CLAHE and Retinex
illumination corrections, which improve the contrast of the images and normalize the lighting variations in
the images. CLAHE makes the small details more visible in the images. The fusion of both gives
illumination-normalized and detail-enhanced images, which provide richer and cleaner features for deep
learning models. CLAHE and Retinex are applied sequentially. CLAHE ensures local contrast enhancement,
while Retinex corrects global illumination inconsistencies. The combination produces images with balanced
brightness, improved contrast, and reduced lighting artifacts. This hybrid preprocessing pipeline enables
models to focus on meaningful structural and textural details, which is crucial for scene classification tasks
where lighting variations are common. The joint application of Retinex and CLAHE, followed by CD-WCO,
ensures both global illumination normalization and localized contrast amplification. Retinex models the
human visual system to maintain natural reflectance under varying illumination, while CLAHE adaptively
enhances micro-contrast across spatially distinct regions. Subsequently, CD-WCO performs channel-wise
dual-weighted fusion to balance chromatic and structural information.
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3.2. Confidence-based world cup optimization-based feature selection

Feature selection is a very important and crucial step in deep learning. Let F = {f1,f 2,f 3, ..., fn}
denote the feature set extracted from multiple pre-trained models (ResNet, DenseNet, and AlexNet). The
optimization process seeks an optimal subse F *C F that maximizes classification accuracy while
minimizing redundancy. To improve the classification efficiency for the entire set of extracted features
obtained from the pre-trained model, the passes through the confidence-based weighing mechanism. For each
of the features f; c,a confidence-based calculated, and it is represented as asepresenedy C(f;). The
confidence score is calculated by (1).

CU) =20 1y =91 f) (1)

Where M is the total number of validation samples; y; is the ground truth label of sample j; J; is the predicted
label using feature f;; I is an indicator function that equals 1 if the condition is true and 0 otherwise; and
C(f;) € [0,1] represents the reliability of featuref;. This confidence score calculation quantifies the reliability
of each feature to perform classification.

3.3. Fitness function in the proposed methodology

The fitness function is the key criterion that guides the search towards optimal solutions. In the case
of our proposed methodology of feature selection, the fitness function evaluates the quality of a candidate
feature subset by balancing classification accuracy, confidence, reliability, and feature subset compactness.
F, C F be a candidate feature subset, where F is the complete feature set extracted from the ensemble of
pre-trained models. The fitness of Fj, is given as (2).

(R = ahec(F) + 5 en, S~y N

[F|

Where Acc(F},) is classification accuracy obtained using subset Fy; C(f;) is confidence score of features fj;
|Fi| is number of selected features in subset Fy; |F| is total number of available features; and «, 3,y is
control parameters that balance the contributions of accuracy, confidence, and dimensional reduction.

The fitness function in confidence-based WCO is a multi-objective evaluation measure that ensures
the final selected feature subset is not only accurate but also robust and efficient. This approach is well-suited
for high-dimensional feature spaces generated by deep ensembles like ResNet, DenseNet, and AlexNet. By
applying confidence-based WCO, this work obtains an optimal subset F * that contains only the most
informative, reliable, and compact features. This reduces computational overhead, enhances model
interpretability, and improves the generalization ability of the classifier across diverse scene categories.
Mid-level fusion was chosen as it offers a balanced trade-off between representational richness and
computational efficiency. Unlike early fusion, which operates directly on raw inputs and may introduce
redundancy, and decision-level fusion, which combines independent classifier outputs and may lose
inter-feature correlations, mid-level fusion preserves discriminative semantic relationships while enabling
effective dimensionality reduction through optimization.

3.4. Deep liquid state machine classifier

At the final stage of the methodology, the DLSM [20], [21] is used as the classifier that maps the
extracted features into the corresponding scene categories. Unlike conventional classifiers (e.g., softmax
layers or support vector machines (SVMs)), the DLSM leverages the dynamic temporal encoding properties
of liquid states combined with the hierarchical learning ability of deep networks, making it particularly
effective for complex scene data [21]. The proposed DLSM architecture is shown in Figure 3. LSM consists
of three special layers: an input layer, a reservoir or liquid layer, and a memory-less readout circuit. The
reservoir is considered the generic preprocessor that consists of numerous leaky integrate-and-fire (LIF)
neurons. Readout neurons are also called processors, and they produce the final output from the LSM.

The hyperparameters used for the DLSM classifier are as shown below. The spectral radius of the
reservoir was chosen to be less than one in order to maintain stable reservoir dynamics and satisfy the
echo-state property. The leak rate was selected to control the rate at which past information influences the
current neuron state, thereby allowing the model to retain useful temporal information without causing
instability. To reduce computational complexity, sparse reservoir connectivity was adopted, which limits the
number of active connections while preserving sufficient representational capability. In addition, the SWTA
mechanism was employed to suppress weak neuron activations and emphasize dominant responses, leading
to improved class separability during the readout stage as shown in Table 2.
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Figure 3. Proposed DLSM architecture with confidence-guided attention and SWTA layers for scene
recognition

Table 2. Hyperparameter settings of the SWTA reservoir and readout layers

Parameter Description Value
Reservoir size Number of spiking neurons 500
Input scaling Scaling of input feature weights 0.5
Spectral radius Controls reservoir stability 0.9
Leak rate Neuron state update rate 0.3
Sparsity Percentage of non-zero reservoir connections 10%
Activation function ~ Reservoir neuron activation tanh
Readout layer Linear regression/softmax Linear
Learning rate Readout learning rate 0.001
Training epochs Number of training iterations 100
Regularization L2 regularization coefficient le-4
SWTA threshold State selection threshold 0.8

DLSMs are typically used for temporal data, and static images can be transformed into
pseudo-temporal spike sequences through rate coding. Introducing a SWTA layer ensures that only the most
active neurons contribute to the liquid state. Each image feature (from the CNN ensemble) is first converted
to spike rates. Given a feature vector F = [f1, 2, ..., fN], as in (3).

S;®)={1, if t <1;Tppax 0, otherwise} 3)

fi—fmin
fmax—Fmin

window (e.g., 100 ms). The SWTA layer selects only the most dominant spikes per time step. For N input
neurons, the membrane potential is (4).

Where S;(t) is spike train for neuron; r; = is normalized firing rate; and T4, is simulation

Vi) = X; W;5;(t) — 6 “4)
At each time step, only the neuron with the maximum potential fires, as shown in (5).
0, (t) ={1, if k = argmax;V;(t) 0, otherwise} (5)

This enforces competition among neurons; only the winner emits a spike, improving feature
selectivity and sparsity. The SWTA—filtered spikes enter the liquid layer of N, = 1000 LIF neurons, with
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random sparse connectivity (10%). As shown in Figure 3, the optimized features are processed through
spiking reservoir layers with SWTA competition, followed by a confidence-guided attention mechanism and
a readout layer for final scene classification across 20 categories. The reservoir dynamics transform static
features into high-dimensional temporal representations, which are classified via a softmax readout. This
integration leverages both the diversity of CNN features and the temporal richness of spiking reservoirs,
achieving a final accuracy of 96.5%. The probability of synaptic connections between neurons is related to
the Euclidean distance between the neurons. The synaptic connection probability P (p, q), from neuron p to
q, depends on the Euclidean distance, D (p, q), between them as shown (6).

P(p,q) =Cx*e(=D(p,q) /7)2 (6)

3.5. Dataset

This proposed work is carried out using the NYU depth dataset V2. The dataset consists of
20 different scene categories and over 1,000 object classes. For this work have worked on a subset of
1,920 indoor scene images with a total size of 79.5 MB. These images exhibit variations in spatial layout,
orientation, and scene composition and were systematically sorted and reorganized into 20 distinct scene
classes. The dataset consists of indoor scenes such as basement, bathroom, bedroom, book shop, cafe,
classroom, conference room, dinette, dining room, exercise room, furniture shop, home office, home storage,
kitchen, computer lab, living area, play room, reception, student lounge, and study room, as shown in
Figure 4. This proposed work has collected and sorted the different images in each class based on the diverse
nature they exhibit, and the count of images in each class varies accordingly.

Figure 4. Sample scene images of various classes such as basement, bathroom, play room, bedroom,
reception, and dining room in the NYU dataset

4. RESULTS AND DISCUSSIONS

This research work has evaluated the performance of the proposed methodology on the NYU
dataset, which includes different classes of scene images. To enhance the quality of the input scene images,
this work has applied the CLAHE and Retinex illumination corrections as a preprocessing technique to
enhance the quality of the images. It reduces the background noise, as shown in Figure 5, where Figure 5(a)
shows the sample original input image, Figure 5(b) shows the CLAHE applied, and Figure 5(c) shows the
Retinex applied. The dataset consists of different scene classes such as bedroom, dining room, bathroom, and
study room. CLAHE aims to improve local contrast, especially in areas that are too dark or too bright,
whereas focus on improving the dynamic range and color constancy of an image, often making details more
visible in both bright and dark regions.

The integration of CLAHE and Retinex preprocessing significantly enhances the scene recognition
performance across all backbone networks. The proposed DLSM with SWTA classifier achieves
96.5% accuracy, reflecting a 2.7% improvement as shown in Table 3. This demonstrates that illumination
normalization enhances feature consistency, benefiting both CNN feature extraction and spiking neuron
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stability during classification. Table 3 shows a comparative evaluation of classification accuracy obtained by
different deep learning models with and without the proposed pre-processing strategy on the NYU indoor
scene dataset. Table 3 clearly demonstrates the impact of illumination-aware pre-processing on both
individual CNN models and ensemble-based approaches.

Original Retinex (MSRCR)
- vy

(a) (b) (c)
Figure 5. The sample input image and the images after application of (a) original input, (b) CLAHE, and

(c) Retinex

Table 3. Performance comparison before and after preprocessing for the NYU and
MIT Indoor scene-15 dataset

Model Without pre With CLAHE + Without pre With CLAHE +

processing (%) Retinex (%) processing (%) Retinex (%)
[NYU dataset] [NYU dataset]  [MIT indoor 15 dataset] [MIT indoor 15 dataset]

AlexNet 89.80 92.70 86.41 89.61

ResNet 92.52 95.31 89.22 92.12

DenseNet 90.60 93.11 88.00 91.04

Multi-model ensemble (concatenation) 94.12 96.22 91.81 94.60

Proposed DLSM with SWTA 93.80 96.50 92.40 95.20

Without preprocessing, AlexNet achieves an accuracy of 89.8%, indicating its sensitivity to
illumination variations and background clutter due to its relatively shallow architecture. ResNet and
DenseNet show improved baseline performance (92.5% and 90.6%, respectively) owing to deeper
architectures and improved feature reuse; however, they still exhibit performance degradation under uneven
lighting conditions. After applying the hybrid CLAHE + Retinex preprocessing, all models show a consistent
and notable improvement in accuracy. AlexNet improves to 92.7%, while ResNet and DenseNet achieve
95.3% and 93.1%, respectively, confirming that pre-processing enhances feature quality by improving
contrast and illumination consistency. The multi-model ensemble using feature concatenation further
improves performance to 96.2%, demonstrating the benefit of combining complementary representations
from multiple architectures.

However, the proposed DLSM with achieves the highest accuracy of 96.5%, outperforming both
individual models and the conventional ensemble approach. This improvement highlights the effectiveness of
the DLSM’s memory-based learning and the SWTA mechanism in leveraging enhanced feature
representations more efficiently than static fusion strategies. Overall, the results in Table 4 validate that the
proposed pre-processing not only boosts individual CNN performance but also synergistically enhances the
proposed DLSM-SWTA framework, leading to superior and more stable indoor scene classification
performance. From the results in Table 4, it is evident that CD-WCO consistently reduces the number of
selected features across all deep learning models. CD-WCO eliminates nearly one-fourth of the redundant
features. This reduction is attributed to the incorporation of confidence scores before the optimization
process, which enables the algorithm to discard features with low reliability. CD-WCO improves
computational efficiency by lowering storage and training costs, while simultaneously enhancing the
robustness of the final classification stage. The retained features are more discriminative, which improves
classifier training speed, reduces memory usage, and enhances generalization. The bar graph representing the
feature reduction is shown in Figure 6.

As depicted in Figure 6, across all three models, the WCO algorithm reduces the number of features
extracted from the models. Feature dimensionality gets reduced. The CD-WCO further improves the
performance by consistently reducing the number of features and selecting the diversified and discriminative
features. This represents that the confidence-driven selection enhances the efficiency of feature extraction,
leading to more compact representations that are computationally less expensive and potentially more robust
for classification tasks. The proposed method is evaluated on datasets consisting of 1,900 images and across
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20 different categories of scene images in the dataset. The dataset has been split into 80% training and
20% testing results in 1,536 training images and 384 testing images. This work has employed the Adam
optimizer with a learning rate of 0.01, and the training process was for 500 iterations and for a mini batch
size of 128. The plot of accuracy and loss curves is as shown in Figures 7 and 8. Figure 7 shows that the
model is learning better to obtain an accuracy of 96.5%. In this simulation, the validation accuracy also
increases and stabilizes at a slightly lower percentage around 94%. Figure 8 shows that the model’s loss is
reduced in the successive epochs.

Table 4. Reduction in feature dimensionality through confidence-driven WCO compared with standard WCO
across deep learning models on the NYU scene dataset

Model Feature Features Features extracted ~ Features extracted ~ Reduction percentage (%)
extraction layer extracted using WCO using CD-WCO
AlexNet FC8 23,572,480 11,648,120 8,736,090 25.00
ResNet101 FC1000 11,786,240 5,881,610 4,411,207 25.00
DenseNet201 avg pool 11,049,600 5,588,105 4,191,079 25.00

Feature Dimensionality Reduction using WCO and CD-WCO
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23,592,960 BN Features Extracted
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Figure 6. Feature dimensionality for pre-trained models compared with those reduced using WCO and
CD-WCO
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Figure 7. Plot of accuracy curves for the scene image NYU dataset
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Simulated Training and Validation Loss over Iterations
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Figure 8. Plot of loss curves for the scene image NYU dataset

According to Figure 8, the green line represents the loss of the model on training data. The
representation shows that the loss is decreasing as the number of iterations increases, and shows that the
model is learning properly to perform the classification. All the experimentation was carried out by using the
Python language and a powerful image processing environment. This work used a system equipped with an
Intel Core i7 processor with an operating speed of a speed of 2.30 GHz, an NVIDIA RTX GPU, and 16 GB
of system memory. Table 5 indicates the experimentation conducted on the SCENE-15 dataset. Table 5
shows the progressive reduction of feature dimensionality at different stages of processing. Features extracted
from multiple layers of neural networks, such as AlexNet, ResNet101, and DenseNet201 have dimensions of
4,096, 2,048, and 1,920, respectively. The features extracted from multiple layers are combined to form a
vector of 8,064 dimensions.

The final vector of 8,064 dimensions is further reduced to a 4,032-feature vector, but the vector still
contains redundant features. To solve this problem, the confidence-guided weighted combination (CD-WCO)
algorithm is applied to reduce the feature dimension from 4,032 to 2,150, achieving a 46.7% reduction. At
the final stage, the DLSM with the SWTA mechanism further refines the feature space by activating
dominant memory neurons, resulting in a compact representation of 1,280 dimensions.

Table 5. Feature dimensionality and reduction percentage on the MIT Indoor scene-15 dataset

Model/stage Original feature dimension  Reduced feature dimension _ Reduction (%)
AlexNet (FC7) 4,096 2,048 50.00
ResNet101 (Global avg pool) 2,048 1,024 50.00
DenseNet201 (Global avg pool) 1,920 960 50.00
Multi-model feature concatenation 8,064 4,032 50.00
After CD-WCO optimization 4,032 2,150 46.70
Final features (DLSM + SWTA) 2,150 1,280 40.50
Overall reduction (initial — final) 8,064 1,280 84.11

Figure 9 represents the training and validation accuracy (Figure 9(a)) and loss (Figure 9(b)) plots for
the MIT Indoor scene-15 dataset. The accuracy curve demonstrates steady improvement in accuracy and
gradually attains a stable value of 95.32% at 30 epochs. The minimum difference between training and
validation accuracy indicates good generalization performance. Correspondingly, the loss curves demonstrate
consistent decay, confirming stable optimization and effective learning behavior of the proposed DLSM-
SWTA framework. Figure 10 confusion matrix obtained for the MIT Indoor scene-15 dataset provides a
detailed class-wise evaluation of the proposed scene recognition framework. A strong diagonal dominance is
observed across most classes, demonstrating that the proposed model effectively discriminates between
different scene types.

In Figure 11, the confusion matrix obtained for the NYU dataset using the proposed methodology is
shown. In the output, as depicted, the value of diagonal elements is high, indicating that the model is learning and
performing well and classifying most of the scene samples correctly. A smaller number, other than the
diagonal elements, shows the mistakes made by the model. The plot also includes the overall accuracy
(96.58%), which is the proportion of correct predictions (the sum of the diagonal values) to the total number
of data points in the test set. In this work has proposed a framework that integrates preprocessing techniques
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such as CLAHE and Retinex, transfer learning-based feature extraction, where we have ensembled features
from models, such as AlexNet, ResNet, DenseNet, and later using confidence-based feature selection
approach to select the desired features, which in turn reduces the number of computations and network
complexity also reduces and accuracy has been improved compared to other models.

Table 6 shows the comparison of this proposed methodology with the existing techniques. This
proposed methodology shows that the proposed method outperforms other existing methodologies. Table 7
validates the effectiveness, stability, and generalization capability of the proposed framework for large-scale
indoor scene classification. The performance metrics indicated in Table 7 show the contribution of each
block in the proposed methodology.

Accuracy vs Epochs for Scene-15 Dataset Loss vs Epochs for Scene-15 Dataset

—— Training Accuracy 14 —— Training Loss

0.95 1 validation Accuracy validation Loss
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Figure 9. Training and validation curves of the proposed DLSM-SWTA framework on the scene-15 dataset:
(a) accuracy and (b) loss
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Figure 10. Confusion matrix of the proposed DLSM-SWTA framework on the MIT Indoor scene-15 dataset
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Figure 11. Confusion matrix obtained for the NYU dataset
Table 6. Accuracy comparison of the proposed model with existing works
No Author Methodology Accuracy (%)
1 Pereira et al. [22]  Semantic segmentation + VGG16, ResNetl18-50-101, DenseNet, and 75.80
MobileNetV2 + feature fusion
2 Li et al. [23] MAPNet + attentive pooling 67.70
3 Tang et al. [24] Multi-feature fusion + GoogLeNet 92.92
4 Afif et al. [25] Scaling + EfficientNet CNN model 95.60
5 Proposed method ~ Preprocessing + DenseNet201, AlexNet, ResNet + confidence guided 96.52

world cup optimization + DLSM classifier

Table 7. Class-wise performance comparison of the proposed hybrid model on the NYU dataset with
20 scene classes

Metric Living Bed Kitchen(2) Office Bath Room Corridor Dining room Class room Library
Room(0)  Room(1)
Precision 0.97 0.96 0.95 0.97 0.96 0.95 0.96 0.97 0.98
Recall 0.96 0.97 0.96 0.95 0.97 0.96 0.97 0.96 0.97
F1-score 0.96 0.96 0.95 0.96 0.96 0.95 0.96 0.96 0.97
Support 280 300 260 240 230 220 250 270 210

Table 8 shows the class-wise comparison of performance metrics using the proposed
methodology for 9 different classes. Table 9 shows the class-wise comparison of performance metrics
using the proposed methodology for warehouse and workshop categories on the NYU dataset and the
weighted average and macro average of performance metrics for all 20 classes of NYU dataset. The hybrid
preprocessing block improves the image quality by enhancing the local contrast and compensating for
illumination variations, as consistently shown in the higher recall values across all the scene categories in
the NYU dataset. Extracting the features from the multi-model blocks captures features from the various
levels, which contributes to higher precision values. The CD-WCO block adaptively fuses features by
assigning higher weights to more confident representations, rather than performing simple feature
concatenation. The deep LSM classifier operates on the fused feature space and effectively contributes to
the overall classification accuracy.
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Table 8. Class-wise performance comparison of the proposed method on NYU dataset
Metric Store ~ Basement  Conference = Computer  Gym HallWay Laundry  Study  Staircase

room room room room
Precision 0.96 0.95 0.96 0.97 0.95 0.96 0.95 0.97 0.96
Recall 0.96 0.95 0.96 0.96 0.95 0.96 0.95 0.97 0.96
Fl1-score 0.96 0.95 0.96 0.96 0.95 0.96 0.95 0.97 0.96
Support 240 200 190 210 180 220 170 200 160

Table 9. Class-wise performance comparison of the proposed method for the warehouse and workshop
categories on the NYU dataset

Metric Warehouse(18) Workshop(19)  Macro avg ~ Weighted avg
Precision 0.95 0.96 0.96 0.97
Recall 0.95 0.96 0.96 0.97
Fl-score 0.95 0.96 0.96 0.97
Support 180 190 4,130 4,130
Overall-accuracy Warehouse(18) Workshop(19) 0.965 0.965

Figures 12 and 13 illustrate the class-wise F1-score, precision, and recall values achieved by the
proposed framework across 20 indoor scene categories of the NYU dataset. The F1-score, which balances
precision and recall, is used to assess the model’s robustness in handling both false positives and false
negatives. As shown in the bar chart, the proposed method maintains consistently high F1-scores ranging
from 0.95 to 0.97 across all scene classes. This uniform performance indicates that the model effectively
discriminates between visually similar indoor environments, such as living rooms, bedrooms, and offices,
without bias toward specific categories. As observed, precision and recall values are consistently high across
all the scene categories, indicating reliable classification performance and minimal bias toward specific
classes. The close alignment between the precision and recall bars for most scene types suggests that the
model maintains a balanced trade-off between correctly identifying scene instances and avoiding
false classifications.

Class-wise F1-Score for NYU Dataset (20 Scene Classes)
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Figure 12. Bar plot showing the class-wise F1-score for the NYU dataset using the proposed methodology

Table 10 DLSM classifier performance is compared against widely used conventional and deep
learning-based classifiers under identical experimental settings. All methods use the same feature
representations extracted from AlexNet, ResNet, and DenseNet to ensure an unbiased comparison. The
comparative results presented demonstrate that the classical machine learning classifiers, such as SVM,
k-nearest neighbor (KNN), and random forest (RF), show limited performance due to their reliance on static
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decision boundaries and reduced capability to model complex non-linear feature interactions. Deep learning
classifiers such as softmax-based CNN heads and long short-term memory (LSTM) classifiers achieve
improved performance; however, they are less effective in capturing the dynamic temporal evolution of deep
feature representations. The proposed method of DLSM leverages reservoir-based dynamics and temporal
state transitions, enabling richer feature encoding and enhanced class separability. DLSM achieves the
maximum accuracy of 96.5%, with superior precision, Fl-score, and recall, validating its suitability for
complex scene recognition tasks.
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Figure 13. Plot of precision and recall values for each indoor scene class using the proposed method on the
NYU dataset

Table 10. Performance comparison of the proposed DLSM with SWTA against existing classifiers

Classifier Accuracy (%)  Precision  Recall  Fl-score
SVM [26] 90.8 091 0.90 0.90
KNN [27] 88.6 0.89 0.88 0.88
RF 91.9 0.92 0.92 0.92
Softmax (CNN classifier) 93.4 0.93 0.93 0.93
LSTM classifier [28] 94.1 0.94 0.94 0.94
Proposed DLSM with SWTA 96.5 0.96 0.97 0.96

5. CONCLUSION

In this paper proposed a model that performs scene recognition using a transfer learning
methodology that ensembles the features extracted from the pretrained models. These extracted features will
be passed to the confidence-based feature selection block to select the relevant features based on the
confidence score obtained during the processing stage and optimized using the WCO technique. Only the
selected features are processed further for the classification process, and classification is performed using the
deep LSM classifier. In future work will concentrate on working with different datasets and combining
different modalities in order to increase the applicability of this proposed work. This work has a wide range
of applications in helping visually impaired and senior citizens with indoor navigation
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    S  i  ( t )


    r  i =     f  i −   f  m i n    f  m a x −   f  m i n


    T  m a x


    V  i  ( t ) =   ∑  j    W  i j   S  j  ( t ) − 𝜃


    O  k  ( t ) =  { 1 ,       i f   k =  arg ⁡    m a x  i   V  i  ( t )   0 ,     o t h e r w i s e }


    N  r = 1000
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  P   ( p ,   q ) = C ∗ e ( − D ( p ,   q )   / 𝜏 ) 2

