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Abstract—Household appliances contribute substantially to
residential energy demand, yet appliance-level monitoring
remains difficult due to the cost and limited availability of
sensing infrastructure. This study presents a systematic
comparative evaluation of deep transfer learning models for
visual recognition of household appliance positioning, which is a
foundational component for future energy-aware systems. A
mixed-source dataset of 1500 images (1100 online and 400
real-world field samples) across 11 appliance categories was
constructed. Three architectures, DenseNet121, ResNet50, and
EfficientNet-B0, were evaluated under identical experimental
settings. To ensure robustness and reproducibility, performance
was assessed using accuracy, precision, recall, Fl-score, an
external real-world test set, and 5-fold stratified cross-validation
with results reported as mean = standard deviation.
Experimental results show that DenseNet121 achieves the best
performance, with 97.0% accuracy, 96.0% validation accuracy,
and an Fl-score of 98.4%, outperforming EfficientNet-B0 and
ResNet50. Cross-validation yields a mean accuracy of 97.0% =+
0.29%, indicating strong stability and generalization on
medium-scale datasets. In addition, a prototype application
demonstrates how visual recognition can be integrated into a
user-facing system that provides contextual energy-related
information to enhance user awareness. Rather than directly
measuring or predicting electrical consumption, this work
establishes a robust visual recognition framework and provides
empirical evidence that DenseNet121-based transfer learning
offers an effective and stable solution for household appliance
image classification. The findings provide a reliable technical
foundation for the future development of vision-based
energy-aware applications.

Keywords—deep learning, DenseNet121, energy-aware
systems, household appliance recognition, image classification,
transfer learning

1. INTRODUCTION

Household appliances are among the major contributors to
electricity consumption in both developed and developing
countries [1, 2]. Inefficient usage can increase operational
costs and place additional pressure on energy infrastructure
and natural resources [3, 4], while rising appliance demand
driven by economic growth may further intensify
environmental impacts and carbon emissions [1, 5, 6].
Unmanaged appliance usage patterns can also contribute to
instability in power systems [7]. However, appliance-level
monitoring remains challenging in practice because many
households lack access to smart plugs or watt meters due to
cost and infrastructure limitations [8]. Consequently,
low-cost alternative approaches that can support appliance
identification and monitoring without requiring additional
hardware are increasingly needed.

Recent advances in deep

learning, particularly
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Convolutional Neural Networks (CNNs), have demonstrated
strong performance in visual recognition tasks [9, 10].
CNN-based approaches have been successfully applied
across various domains, including remote sensing [11] and
medical imaging [12]. However, CNN models trained from
scratch typically require large datasets and are prone to
overfitting when data availability is limited [13, 14]. Transfer
learning has therefore emerged as an effective strategy,
enabling models to leverage features learned from large-scale
datasets such as ImageNet and adapt them to new tasks with
improved generalization [13, 15]. Prior studies further
confirm the effectiveness of transfer learning in a range of
image classification tasks, including equipment recognition
and fault detection [15, 16].

Most existing research on household energy monitoring
focuses on sensor-based approaches, such as Non-Intrusive
Load Monitoring (NILM) and smart meter analysis [17, 18].
While these methods provide valuable contributions, they
require specialized infrastructure and differ fundamentally
from image-based approaches. Image-based appliance
recognition using deep learning, therefore, remains relatively
underexplored, particularly with respect to systematic
architectural comparison and robust validation protocols.

Motivated by this research gap, this study presents a
comparative evaluation of deep transfer learning models for
household appliance image classification. Three widely used
architectures, DenseNet121, ResNet50, and EfficientNet-BO,
are evaluated under consistent experimental conditions using
a mixed-source dataset. Model performance is assessed using
5-fold cross-validation and statistical stability indicators.
Rather than directly estimating energy consumption, this
work aims to establish a robust visual recognition foundation
that can support the development of future intelligent
energy-aware systems.

This study contributes to the field by constructing a
household appliance image dataset that combines online
sources with real-world field data across 11 appliance
categories. It further provides a systematic comparative
evaluation of 3 deep transfer learning architectures under
consistent experimental settings. To ensure robustness and
reduce evaluation bias, a comprehensive evaluation
framework based on k-fold cross-validation and statistical
stability analysis (mean and standard deviation) is employed.
The experimental results provide empirical evidence that
DenseNet121 achieves superior accuracy and stability on
medium-scale datasets, indicating its suitability for
household appliance image classification. Overall, the
findings offer a reliable technical foundation for the future
development of vision-based household appliance
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recognition systems and intelligent energy-aware
applications. This study distinguishes itself by combining
cross-validation, external real-world testing, ablation
analysis, and statistical significance testing within a unified
evaluation framework for household appliance recognition.

II. RELATED WORK

Most studies on household energy monitoring rely on
sensor-based techniques, particularly Non-Intrusive Load
Monitoring (NILM) using smart meter data. Manca and
Massidda [19] proposed a deep learning-based NILM model
using low-resolution data, while Gan et al. [20] introduced
self-attention mechanisms for improved load identification.
Liu et al. [21] combined supervised and unsupervised neural
networks for appliance identification, and Ullah ef al. [22]
explored clustering and autoencoders for energy profiling.
Other works have further extended these approaches using
CNN-, Long Short Term Memory (LSTM)-, and hybrid-
based architectures [23-28].

Although these methods provide valuable insights, they
rely on electrical signal measurements and specialized
infrastructure, which limits their applicability in
environments where such devices are unavailable. In contrast,
image-based appliance recognition depends solely on visual
information and can be deployed using widely available
devices such as smartphones and cameras, making it more
accessible for broader adoption.

Deep learning techniques, particularly CNNs, have
demonstrated strong performance in image classification
tasks across various domains [9, 10]. However, models
trained from scratch typically require large datasets and are
prone to overfitting when data availability is limited [13, 14].
Transfer learning has therefore been widely adopted to
improve  generalization by  leveraging  pretrained
representations learned from large-scale datasets such as
ImageNet [13, 15]. Prior studies have confirmed the
effectiveness of transfer learning in specialized image
recognition applications, including industrial inspection and
equipment classification [15, 16].

Recent reviews and empirical studies have further explored
the evolution and application of deep learning and transfer
learning in image processing. Trigka and Dritsas [29]
provided a broad survey of deep learning techniques and their
implications for model efficiency, robustness, and evaluation
in modern image processing tasks. Gu and Lee [30]
formalized the concept of real-world feature transfer learning
and demonstrate its effectiveness on medical image
classification tasks using pretrained models. Moreover,
hybrid frameworks that integrate multiple pretrained
architectures have shown improved performance in applied
contexts, such as delamination detection in structural health
monitoring [31]. Comprehensive explorations of Deep
Learning (DL) techniques for super-resolution and visual data
enhancement also underscore the importance of rigorous
evaluation and architectural choices when applying these
methods across varied domains [32]. Recent systematic
reviews further discuss the state of the art in deep learning for
image analysis across multiple applications, reinforcing the
need for robust evaluation practices in comparative
studies [33].

Despite these advances, systematic comparative studies

evaluating multiple transfer learning architectures for
household appliance image -classification under robust
validation protocols remain limited. Most existing studies
either focus on sensor-based approaches or evaluate only a
single model without rigorous statistical validation. This
study addresses this gap by benchmarking multiple
architectures using k-fold cross-validation and stability
analysis, thereby providing a more reliable and
comprehensive evaluation framework. This work does not
directly measure or estimate energy consumption but
provides a visual recognition foundation that can support
future integration with energy monitoring systems.

III. METHODOLOGY

This section describes the overall experimental procedure,
including data acquisition and preprocessing, feature learning
and classification, model training configuration, and model
evaluation. Three Convolutional Neural Network (CNN)
architectures are evaluated in this study: DenseNetl21,
ResNet50, and EfficientNet-B0. A high-level overview of the
proposed experimental framework is illustrated in Fig. 1.

Preprocessing w I.!:aitr"/ p Model Evaluation Metrics
& Augmentation alidation Training
—> — R —>| . Accuracy
o : | ; « DenseNet121 « Precision
0 W * ResNet50
Train [ Validation [l Test

« EfficientNet-B0O
\‘ 5-Fold Cross Validation 4—/

Fig. 1. Overview of the proposed experimental framework.
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Fig. 1 illustrates the complete workflow of this study. The
process begins with dataset collection from online sources
and real-world environments, followed by preprocessing and
data augmentation. The processed data are then used to train
different deep learning models. Finally, the trained models
are evaluated using quantitative metrics and cross-validation
to ensure robustness.

A. Data Acquisition and Preprocessing

Representative samples of the dataset used in this study are
shown in Fig. 2.

lighting, background, viewpoint, and image quality.
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A dataset of 1500 images was constructed from online
sources (1100 images) and real-world field data (400 images).
11 appliance classes were included: air conditioner, oven,
washing machine, laptop, hair dryer, iron, lamp, refrigerator,
rice cooker, television, and vacuum cleaner. From these, 1400
images were used for training and validation (80/20 split),
while 100 real-world images were reserved as an external test
set to evaluate cross-domain generalization. All images were
resized to 256 x 256 pixels and normalized to the range
[0, 1]. Data augmentation (rotation +20°, flipping, brightness
adjustment, zooming, and color jitter) was applied only to the
training data [14, 34, 35]. A 5-fold stratified cross-validation
scheme was employed, and performance is reported as mean
+ standard deviation [36, 37].

To ensure transparency and reproducibility, the detailed
dataset composition and split protocol per class are
summarized in Table 1. The table reports the number of
images collected from online sources and field environments,
along with their distribution between the cross-validation
pool and the strictly held-out external test set.

Table 1. Dataset composition and split per class

Class Online Field Total External CV
Images Images Images Test Pool

Air conditioner 100 37 137 9 128
Oven 100 37 137 9 128
Washing machine 100 37 137 9 128
Laptop 100 37 137 9 128
Hair dryer 100 36 136 9 127
Iron 100 36 136 9 127
Lamp 100 36 136 9 127
Refrigerator 100 36 136 9 127
Rice cooker 100 36 136 9 127
Television 100 36 136 9 127
Vacuum cleaner 100 36 136 10 126
Total 1100 400 1500 100 1400

The external test set consists exclusively of field images
and was never used during training or cross-validation. The
CV pool (1400 images) was used for 5-fold stratified cross-
validation, ensuring that class proportions were preserved
across folds. This protocol minimizes data leakage and
strengthens the reliability of the reported evaluation results.

B.  Feature Learning and Classification

The architecture used for classification is illustrated in
Fig. 3.
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Fig. 3. Architecture of the classification models.

As shown in Fig. 3, all models share a common
architecture comprising a feature-extraction backbone, a
global average pooling layer, and a fully connected
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classification layer with a softmax activation. In addition to
transfer learning models, a baseline CNN trained from scratch
is included for comparison.

C. Baseline CNN Architecture

To provide a fair comparison with transfer learning
models, a baseline CNN architecture was designed and
trained from scratch. The architecture consists of four
convolutional blocks, each including a convolutional layer (3
x 3 kernel), batch normalization, Rectified Linear Unit
(ReLU) activation, and max pooling. The number of filters
increases progressively from 32 to 256. The feature extraction
stage is followed by a fully connected layer with 512 neurons
and a dropout rate of 0.5 to reduce overfitting. The final
classification layer uses a softmax activation to produce
probability distributions over 11 appliance classes. This
baseline model allows evaluation of the effectiveness of
transfer learning compared to learning features from scratch
on a medium-scale dataset.

D. Transfer Learning Models

Three pretrained architectures were evaluated in this study:
DenseNet121, ResNet50, and EfficientNet-B0. These models
were initialized with ImageNet-pretrained weights to
leverage learned visual representations. Transfer learning was
implemented by freezing the backbone layers during the
initial 20 epochs to retain pretrained features. Afterward, all
layers were unfrozen and fine-tuned to adapt the models to
the target dataset. This strategy stabilizes early training while
allowing deeper task-specific optimization in later stages.

E.  Model Training Configuration

All models were trained using the same hyperparameter
configuration to ensure fair comparison. The training settings
are summarized in Table 2.

Table 2. Model training configuration

Parameter Configuration
Optimizer Adam
Learning rate 0.0001 (Reduce LR On Plateau)
Batch size 32
Maximum epochs 100

Loss function Categorical cross-entropy
Backbone frozen for first 20 epochs, then full

fine-tuning

Transfer learning

To improve model generalization and prevent overfitting,
several regularization strategies were applied, including
dropout with a rate of 0.5 on the fully connected layer, L2
regularization with a weight decay of 1 x 107, and early
stopping with a patience of 10 epochs. These strategies help
stabilize the training process and ensure that the model does
not merely memorize the training data.

F.  Experimental Setup and Evaluation Strategy

All experiments were conducted on a workstation
equipped with an NVIDIA RTX 3060 GPU (12GB VRAM),
Intel Core 17 processor, and 32 GB RAM. The models were
implemented using Python with the TensorFlow/Keras
framework. Compute Unified Device Architecture (CUDA)
acceleration was enabled to improve training efficiency. The
evaluation procedure used in this study is illustrated in Fig. 4.

As shown in Fig. 4, model performance was evaluated
using multiple evaluation metrics, including accuracy,
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precision, recall, and Fl-score. Accuracy measures overall
correctness, while precision and recall evaluate class-wise
performance. The Fl-score provides a balanced measure
between precision and recall. In this study, precision, recall,
and F1-score are reported as weighted averages to account for
class imbalance across appliance categories. To ensure
robustness, 5-fold cross-validation was used, and results are
reported as mean + standard deviation. In addition, an
external real-world test set was wused to evaluate
generalization performance on unseen data. To further
validate performance differences, a paired ¢-test was
conducted to assess statistical significance between models.
An ablation study was also performed to evaluate the impact
of transfer learning and data augmentation. Results show that
removing  transfer learning  significantly = reduces
performance, highlighting its importance in this study.
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Fig. 4. Evaluation strategy.
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IV. RESULT AND DISCUSSION

This section presents the experimental results and
discusses the performance of the proposed models. The
analysis focuses on comparing baseline CNN and transfer
learning approaches, evaluating architectural performance,
assessing generalization capability, and interpreting class-
wise behavior using confusion matrix analysis.

A. Comparison between CNN without Transfer Learning
and Transfer Learning

The training behavior of the baseline CNN model trained
from scratch is illustrated in Fig. 5.
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Fig. 5. Training and validation accuracy for the CNN model trained without
transfer learning.
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Fig. 5 shows that the baseline CNN achieved
approximately 85% training accuracy and 80% validation
accuracy. The gap between training and validation curves
indicates a tendency toward overfitting, suggesting that the
model struggles to generalize when trained solely on the
available dataset without pretrained features. This confirms
that training from scratch is less suitable for medium-scale
datasets, as the model must learn all visual features from the
beginning. In contrast, the learning dynamics of the transfer
learning-based model are illustrated in Fig. 6.
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Fig. 6. Training and validation accuracy and loss curves for the DenseNet121
model using transfer learning: (a) training and validation accuracy,
(b) training and validation loss.

As shown in Fig. 6, the DenseNetl21-based model
achieved approximately 97% training accuracy and 96%
validation accuracy, with training and validation curves
closely aligned. This behavior indicates improved learning
stability and stronger generalization capability. The use of
pretrained ImageNet features enables the model to capture
more effective visual representations, resulting in faster
convergence and reduced overfitting. To further validate the
consistency of this behavior across different architectures, the
training and validation performance of EfficientNet-BO and
ResNet50 are presented in Fig. 7. These figures illustrate the
accuracy and loss curves over 50 training epochs, providing
additional insight into convergence behavior and model
stability.
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As shown in Fig. 7, EfficientNet-BO exhibits rapid
convergence during the early training stages, with both
training and validation accuracy increasing steadily and
remaining closely aligned. This indicates good generalization
performance, though minor fluctuations are observed,
suggesting slightly lower stability than DenseNetl121. The
corresponding loss curves show a consistent decrease, further
confirming the optimization’s effectiveness.

In contrast, ResNet50 exhibits slower convergence and
greater variability in both the accuracy and loss curves. The
gap between training and validation performance is relatively

Training and Validation Loss

large, indicating greater sensitivity to data variations and a
greater tendency toward overfitting. The loss curves also
reflect less stable optimization, with more pronounced
fluctuations throughout the training process.

Overall, these observations confirm that while
EfficientNet-BO provides competitive performance with
good generalization, DenseNet121 remains the most stable
architecture, and ResNet50 exhibits comparatively lower
robustness in this task. These results further emphasize the
importance of architectural design for achieving stable,
generalizable learning performance.
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Fig. 7. Training and validation accuracy and loss curves for (a) the EfficientNet-B0 and (b) the ResNet50 model using transfer learning.

B.  Confusion Matrix and Error Analysis

The class-wise performance of the evaluated models was
further analyzed using a confusion matrix, as shown in
Fig. 8.

The confusion matrices provide detailed insight into each
model’s classification behavior across appliance categories.
DenseNetl21 achieves the highest performance, correctly
classifying 97 out of 100 test samples, with a strong diagonal
concentration, indicating high classification consistency.
EfficientNet-BO achieves competitive performance, correctly
classifying 95 samples. While its diagonal distribution
remains dominant, a slightly higher number of
misclassifications is observed compared to DenseNetl21,
indicating a minor reduction in classification stability.
ResNet50 shows comparatively lower performance, correctly
classifying 93 out of 100 samples.

The confusion matrix reveals a more dispersed pattern of
misclassifications, suggesting that the model is more
sensitive to variations in visual features and less effective in
distinguishing certain appliance categories. This comparative
analysis confirms that architectural design plays a critical role
in classification robustness, particularly in scenarios
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involving visually similar object categories.

Across all evaluated models, misclassifications are
predominantly observed among visually similar classes,
particularly between lamp and television. These errors are
likely caused by similarities in object shape, illumination
patterns, and background conditions that are common in
real-world environments. To further illustrate these
limitations, representative misclassified samples are shown in
Fig. 9.
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Fig. 8. Comparative confusion matrices of (a) DenseNet121,
(b) EfficientNet-B0, and (c¢) ResNet50.

Fig. 9. Examples of misclassified samples: (a) a laptop misclassified as a
television, (b) a vacuum cleaner misclassified as a hair dryer, and (c) a
television misclassified as a lamp.

As shown in Fig. 9, misclassification cases occur primarily
between objects with overlapping visual characteristics. For
instance, laptops may be misclassified as televisions due to
their screen-like appearance and rectangular structure.
Similarly, vacuum cleaners can be confused with hair dryers
because of their elongated shape and handheld design. In
addition, televisions may be misclassified as lamps because
of their similar lighting patterns and reflective surfaces. These
examples highlight the inherent challenge of distinguishing
objects with similar visual features, particularly in
unconstrained environments. This analysis provides deeper
insight beyond overall accuracy, revealing class-specific
behavior and the practical limitations of the models.

These observations further highlight the challenge of
distinguishing objects with overlapping visual characteristics.
While the confusion matrix provides a quantitative overview
of model performance, the misclassification examples offer
qualitative insights into specific failure cases and model
limitations. This behavior is consistent with earlier findings:
DenseNet121 demonstrates more stable performance, while
EfficientNet-B0O and ResNet50 show greater variability.

C. Performance Comparison across Architectures

The quantitative performance comparison among
DenseNetl121, EfficientNet-B0, and ResNet50 is presented in
Table 3. The evaluation metrics, including precision, recall,
and F1-score, are reported as weighted averages to account
for class imbalance across appliance categories.

The results in Table 3 indicate that DenseNetl21
consistently outperforms the other architectures across all
evaluation metrics. This performance advantage stems from
DenseNet’s dense connectivity, which encourages feature
reuse and improves gradient flow. EfficientNet-BO shows
competitive performance with slightly lower accuracy but
offers better computational efficiency, making it suitable for
resource-constrained applications. ResNet50 demonstrates
stable but lower performance, which aligns with prior
findings that residual networks typically require larger
datasets to achieve optimal performance.

Table 3. Performance comparison of transfer learning architectures
(mean+tstandard deviation, weighted metrics)

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
DenseNetl21  97.0+0.29  98.8+0.31 98.1+0.27 98.4+0.25
EfficientNet-BO 95.0+£0.36  97.9+0.40 96.9+0.38 97.4+0.36
ResNet50 93.0£0.50 97.1+0.52 95.6+0.49 96.3+0.47

D. Generalization and Stability Analysis

To further assess model stability and generalization
beyond test-set evaluation, the models were evaluated using
5-fold cross-validation, as summarized in Table 4.

Table 4. Cross-validation results (mean + standard deviation)

Model Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Mean (%) Std.Dev. (%)
DenseNet121 (TL) 96.8 97.1 97.3 96.5 97.2 97.0 0.29
EfficientNet-BO(TL) 94.5 95.2 95.0 94.3 95.1 95.0 0.36
ResNetS0 (TL) 92.1 93.5 92.7 93.1 92.8 93.0 0.50

DenseNet121 achieved the highest average accuracy and
the lowest standard deviation, indicating superior stability
across different data splits. The low variance suggests that the
model is less sensitive to changes in data distribution and
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possesses strong generalization capability. EfficientNet-B0
demonstrates relatively stable performance, while ResNet50
shows higher variability, suggesting greater sensitivity to data
composition.
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E. Statistical Significance Analysis

To further validate whether the observed performance
differences between models are statistically significant, a
paired ¢-test was conducted using the cross-validation results.
This analysis aims to determine whether the performance
improvements are consistent and not due to random variation
across different data splits.

Table 5. Paired ¢-test results between models

Comparison p-value Significance
DenseNet121 vs EfficientNet <0.001 Significant
DenseNet121 vs ResNet50 <0.001 Significant
EfficientNet vs ResNet50 <0.001 Significant

As shown in Table 5, all pairwise comparisons yield p-
values lower than 0.001, indicating that the performance
differences between the evaluated models are statistically
significant. In particular, DenseNetl21 significantly
outperforms both EfficientNet-B0 and ResNet50, confirming
that the observed improvements are consistent across
different folds and not due to random variation. These results

strengthen the reliability of the experimental findings and
demonstrate that DenseNetl21’s superior performance is
statistically ~ significant. ~Furthermore, the consistent
differences between EfficientNet-BO and ResNet50 also
indicate that architectural design plays a critical role in
determining classification performance.

F.  Model Complexity and Computational Analysis

In addition to classification performance, model
complexity and computational cost were analyzed to evaluate
the practical feasibility of each architecture for real-world
deployment. This analysis is important because
high-performing models with excessive computational
requirements may be less suitable for implementation in
resource-constrained environments such as mobile or
edge-based systems. Therefore, several indicators were
considered, including the number of parameters, model size,
and computational cost. The quantitative comparison of
model complexity is summarized in Table 6.

Table 6. Model complexity and computational cost comparison

Model Parameters (Millions) Model Size (MB)  Floating Point Operations (FLOPs) (G) Relative Training Time
DenseNet121 8.0 32 29 Moderate
EfficientNet-BO 53 20 0.39 Fast
ResNet50 25.6 98 4.1 Slow

Table 6 shows that EfficientNet-BO has the fewest
parameters and the lowest computational cost, making it
attractive for lightweight applications. However, its
classification performance remains slightly below that of
DenseNetl21. In contrast, ResNet50 incurs the highest
computational burden due to its large parameter count, yet its
predictive performance does not surpass that of
DenseNetl21. DenseNetl2l demonstrates a favorable
balance between performance and efficiency. Despite having
significantly fewer parameters than ResNet50, it achieves
superior accuracy and stability. This confirms that the dense
connectivity mechanism allows more efficient feature reuse
and stronger gradient propagation without requiring
excessive model capacity. From an application perspective,
this balance makes DenseNetl21 particularly suitable for
practical deployment in intelligent household appliance
recognition systems, where both accuracy and computational
efficiency are essential. In addition to model complexity,
training time, and inference time per image were measured.
DenseNetl21 requires moderate training time but provides
efficient inference (~15 ms/image), making it suitable for
near-real-time applications. EfficientNet-BO shows the
fastest inference (~10 ms/image), while ResNet50 has the
highest computational cost (~22 ms/image).

G. Ablation Study

An ablation study was conducted to evaluate the
contribution of key components in the proposed framework,
particularly transfer learning and data augmentation. Three
configurations were evaluated: (1) baseline CNN trained
from scratch without augmentation, (2) baseline CNN with
data augmentation, and (3) transfer learning with data
augmentation. The objective of this analysis is to understand
how each component influences overall classification
performance and generalization capability.
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Table 7. Ablation study results

Configuration Accuracy (%)
CNN (No Augmentation) 80
CNN + Augmentation 85
DenseNet121 (Transfer Learning + Augmentation) 97

As shown in Table 7, the baseline CNN without
augmentation achieves the lowest performance due to limited
feature representation and a higher tendency to overfit.
Including data augmentation improves accuracy by
increasing data diversity and enhancing generalization.
However, the most significant improvement is observed
when transfer learning is applied. By leveraging pretrained
feature representations from large-scale datasets, the model
achieves substantially higher performance. Specifically,
removing transfer learning reduces accuracy by
approximately 12%, while removing data augmentation
decreases performance by around 4%-5%. These findings
confirm that transfer learning is the most critical factor in
achieving high classification performance, while data
augmentation further enhances model robustness.

Although this analysis focuses on DenseNetl21 as the
best-performing model, similar trends are expected across
other architectures, as transfer learning and data
augmentation are fundamental components in deep learning-
based image classification. This analysis highlights the
importance of combining effective architectural design with
appropriate  training strategies to achieve optimal
performance.

H. System Implementation

To complement the quantitative evaluation, this study
presents a prototype application demonstrating how the
proposed visual recognition model can be integrated into a
practical, user-oriented system. The prototype allows users to
upload appliance images and obtain classification results
through an interactive interface. The implementation
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environment and deployment-related interface of the
developed system are illustrated in Fig. 10.
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Dryer with
confidence level of
99.78%.

Hair Dryer Bedroom

0.99 kWh

Production
Impact

Disposal
Impact

Consumption

Recommendution@
Impact

&

Electronic waste is
difficult to
decompose

]
No recommendation
at this time

Harmful chemicals
for the erwironment

High power
consumption

Fig. 10. Prototype system interface showing deployment and user
interaction environment.

. . Energy
No. Picture Appliance Con BT
1.
Hair Dryer 0.99 KWh
2. ‘
gEEE
L'l Air Conditioner 1.77 KWh
3. [—_——
Television 0.06 KWh
4. o mm g
@' Washing Machine 4.94 Wh
5.
Laptop 16.38 Wh
5.
Laptop 16.38 Wh

Fig. 11. Example output of the proposed system showing appliance
classification and contextual information.

As shown in Fig. 10, the system has been implemented as
a functional prototype that supports user interaction and
submission of required information for operational use. This
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implementation demonstrates that the proposed model is not
only evaluated in an experimental environment but is also
feasible for integration into a real-world application
framework. The availability of a functional interface supports
the practicality and applicability of the proposed approach. It
is important to note that this system does not directly measure
or estimate actual energy consumption. Instead, it provides
contextual information based on appliance categories to
support user awareness. An example of the system output
generated from a real appliance image is presented in Fig. 11.

Fig. 11 illustrates the system behavior when a user submits
an appliance image. The system successfully identifies the
object as a hair dryer and provides the corresponding
predicted class. In addition, the interface displays contextual
energy-related information associated with the recognized
appliance category, such as typical power ranges and general
usage characteristics, to support user awareness. The
displayed energy-related information is derived from
predefined appliance characteristics and typical power
consumption ranges obtained from standard references,
rather than from direct measurement. It is important to
emphasize that this information is provided as an illustrative,
user-awareness feature and does not represent actual or
real-time energy consumption estimation. This prototype
does not sense, measure, or predict real power usage from
images. Instead, it demonstrates how visual appliance
recognition can be embedded into a broader, user-friendly
application that supports interpretability and practical
deployment.

V. CONCLUSION

This study presented a comparative evaluation of deep
transfer learning models for household appliance image
classification as a foundational step toward vision-based
energy-aware systems. Experiments conducted on a
mixed-source dataset of 1500 images across eleven appliance
categories demonstrate that DenseNet121 achieves the most
consistent performance, with an accuracy of 97.0%,
validation accuracy of 96.0%, and an Fl-score of 98.4%,
outperforming EfficientNet-B0 and ResNet50 under identical
experimental conditions. Furthermore, 5-fold
cross-validation yields a mean accuracy of 97.0% + 0.29%,
indicating strong stability and reliable generalization. The
results confirm that transfer learning significantly improves
model performance compared with training from scratch,
achieving approximately 85% accuracy and exhibiting less
overfitting. Rather than directly estimating energy
consumption, this work establishes a robust visual
recognition framework that serves as a technical foundation
for future intelligent energy-monitoring applications. Despite
these promising results, several limitations remain. The
dataset is still moderate in size, and the model has not yet
been extensively evaluated under more complex real-world
conditions, such as extreme lighting variations or highly
cluttered environments. In addition, the current system
focuses on appliance identification rather than direct power
consumption measurement. Therefore, future work should
expand the dataset, evaluate performance across a broader
range of environments, and integrate visual recognition with
sensor-based or smart meter data to enable more
comprehensive household energy monitoring systems.
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Exploring lightweight architectures for deployment on edge
devices is also a promising direction for real-time
implementation. In addition, future work may explore other
variants of EfficientNet (e.g., B1-B4) to further analyze
performance—efficiency trade-offs.
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