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Abstract—Machine learning is widely utilized for data anal-
ysis and decision-making, with supervised and unsupervised
learning being the primary approaches. However, models suffer
from overfitting, where they become overly adapted to the
training data. To address this issue, semi-supervised learning
has been employed. Semi-supervised learning is an effective
technique for dealing with large datasets that are difficult to
label, but it faces limitations in fields where ensuring data
diversity and quantity is challenging. This paper proposes a
robust image recognition model utilizing image search func-
tions from Google. The proposed model improves accuracy
by utilizing the order of search results to collect a variety of
data and evaluating their reliability. In this paper, the order of
search results is defined as ”image search depth” to measure
the correlation between reliability and accuracy. While it is
easy to collect large amounts of data from Google through
automated methods, there is a risk that unrelated data could be
included, potentially affecting the model’s accuracy. To address
this issue, the model is trained with automated preprocessing.
As part of this preprocessing, inference is performed on all
images in the dataset using multiple pre-trained models that
were trained on randomly selected images from the dataset to
compute predictions. Images with the prediction above a certain
threshold are selected as training data to enhance the final
model’s accuracy. To assess the contribution of preprocessing
to accuracy improvement, we calculate accuracy by varying
the number of parallel pre-trained models and the threshold
values. Furthermore, the final model is evaluated using CIFAR-
100 to objectively demonstrate its performance. The results
indicate that image search depth does not contribute to model
accuracy, while the number of parallel pre-trained models and
the threshold significantly impact accuracy.

I. INTRODUCTION

Machine learning is widely used in modern society to
extract data and patterns, and to make predictions and de-
cisions.Supervised learning and unsupervised learning are
major approaches in data analysis and pattern recognition
within the field of machine learning [1][2][3]. The accuracy
of predictions made by a learning model is highly dependent
on the quality and quantity of the data used for training.
If the data are biased, the model may overfit the training
data, which exacerbates the problem of poor generalization
performance for unknown data, a phenomenon known as
overfitting [4][5]. To solve this problem, a large amount of
data must be available.
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However, the disadvantage is that the more data to be pre-
pared, the more time required for labeling. Therefore, semi-
supervised learning is currently used. Semi-supervised learn-
ing is a powerful technique for handling large data sets that
are difficult to label, and classifiers based on semi-supervised
learning and hybrid generative-discriminative approaches are
known to exhibit high classification performance [6][7][8].
Although this method is effective when there is accurate la-
beled data and a large amount of unlabeled data, maintaining
recognition accuracy becomes challenging when new objects
or concepts frequently emerge. Therefore, this paper proposes
a robust image recognition model utilizing image search
functionalities implemented by multiple search engines such
as Google. Search results are returned in order of the strength
of the relationship with the label; by leveraging this property,
diverse and ample data with labels can be obtained. However,
there is a risk that noisy data, which is unrelated to the label,
may be mixed in, potentially reducing the model’s accuracy
[9][10]. This issue can be addressed by quantifying how
reliable each image data is and setting a threshold to select
which data to include in the final model construction. To
quantify the reliability of the images, we employ ensemble
learning. We train multiple types of pre-trained models and
use bagging, followed by taking a simple average to reach a
conclusion. Additionally, since image search functionalities
on platforms like Google and Yahoo! return search results
in order of the strength of the relationship with the label,
there will be differences in accuracy between images that
appear early in the results and those that appear later [11][12].
This paper defines the position of an image in the search
results as “image search depth”” and seeks to determine
the correlation between image search depth and accuracy.
By weighting the quantified reliability of images according
to image search depth, the paper aims to realize a robust
image recognition model that takes image search depth into
account. If this method is implemented in practice, it will
enable the automatic detection of low-quality data. This is
particularly valuable in situations where manually preparing a
dataset with adequate quality and quantity is challenging. By
identifying and addressing low-quality data, it will become
possible to train highly accurate models, even when the
dataset contains a significant proportion of low-quality data.
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II. RELATED STUDIES

Tollari et al. [13] propose a method to enhance image
classification accuracy by integrating visual features (such
as color, shape, orientation, and edges) with textual infor-
mation (keywords) in image search engines. Their ”visual-
text fusion” approach is applied to both news photos and
landscape/animal images, where manually assigned keywords
are used as text vectors, which are then combined with
classification models based on these visual features. This
method demonstrates a significant improvement in classifi-
cation accuracy, with results showing up to a 50% increase
compared to using textual information alone. Additionally, by
filtering out irrelevant images from web search results using
visual features, they effectively remove noise that does not
match the search query. For this experiment, we propose a
semi-supervised automatic preprocessing method that utilizes
unlabeled images collected from Google. While their method
relies on manual indexing, our approach aims to reduce the
noise present in large datasets automatically gathered from
web searches, leveraging the volume of images available
online. Specifically, we employ multiple pre-trained models
to process the collected images. The predictions from each
model are aggregated to compute a confidence score for each
image, allowing us to automatically filter out low-confidence
images as noise. This approach introduces a novel method for
automatically cleaning label data, leading to the development
of a more accurate image classification model. D. Müller et
al. [14] present a detailed analysis of optimizing ensemble
learning techniques using deep convolutional neural networks
(CNNs) for medical image classification. Their research
investigates the effectiveness of combining multiple CNN
models to enhance classification performance, with a specific
focus on improving accuracy in medical image classifica-
tion. The authors propose a method to optimize overall
performance by complementing the strengths of individual
models through combinations of different CNN architectures.
Specifically, by merging the prediction results from multiple
models, they achieve improvements in accuracy that cannot
be attained with a single model alone. The paper also exam-
ines optimization techniques for ensemble learning, including
model selection, weighting, and fusion strategies, and demon-
strates their effectiveness through experiments. This study
provides a practical approach to image classification using
ensemble learning and offers valuable insights for improving
classification accuracy, making it an important contribution
in the context of this research.

III. PROPOSED METHOD

We propose an automatic preprocessing method based on
semi-supervised learning using unlabeled images collected
from Google, as shown in Fig. 1. The goal of this method
is to efficiently adapt to diverse datasets while reducing
the burden of manual labeling. The process begins with
the data collection phase, where a diverse set of images is
gathered from Google using automated scraping techniques.
Since directly training on these images might introduce
irrelevant data not related to the search terms―potentially

degrading the model’s accuracy―we incorporate a strategy to
automatically identify and exclude such irrelevant data. This
is achieved by training multiple preprocessing models using
the search terms of the collected images as labels. For each
image, the prediction results from each pre-trained model
are summed, averaged, and used to compute a confidence
level. Images with low confidence are then classified as noise
and removed from the dataset. The final model is trained
on the cleaned dataset, resulting in a highly accurate image
classification model. To elaborate further, the preprocessing
begins by scraping a large volume of images from Google
using specific search terms. These search terms serve as
the initial labeling mechanism, assigning tentative labels to
each image. However, since web-scraped images may include
mislabeled or unrelated content, we introduce a filtering stage
using multiple pre-trained models to evaluate the quality and
relevance of each image. In the filtering stage, pre-trained
models are created by training on random subsets of 70%
of the collected images. This process is repeated ten times,
generating ten models based on different training subsets.
This diversity improves the robustness of the image evalua-
tion. Once these models are established, they are applied to
the entire dataset, and the prediction scores for each image
are aggregated to compute an average confidence score.
Images with consistently high confidence across multiple
models are retained for further training, while those with
low confidence are discarded as noise. This filtering method
ensures that only high-quality data remains in the dataset,
significantly reducing the time and effort typically required
for manual labeling and filtering. After the noisy images
are removed, the refined dataset is used to train the final
image classification model. The clean dataset provides a
more accurate representation and better labeling, ultimately
leading to improved classification performance. Additionally,
the relationship between search depth and image accuracy is
an important consideration. It is known that the accuracy
of images tends to decrease as the search depth increases in
search engines like Google. To investigate this correlation and
prevent low-confidence, irrelevant images from negatively
impacting the results, we employ robust regression methods
resistant to outliers. Wada et al. [15] estimate the impact
of various weight functions and residual scales on robust
regression. They evaluated Tukey ’s biweight function and
Huber’s weight function for the weight function, and average
absolute deviation (AAD) and median absolute deviation
(MAD) for scale adjustment constants. They concluded that
the properties of the weight function should take precedence
over estimation efficiency and computational efficiency. In
this paper, to improve model accuracy, we use Tukey ’s
biweight function to exclude extreme outliers.

w(e) =


[
1−

(
|e|
c

)2
]2

if |e| ≤ c

0 if |e| > c

(1)

is adopted. Here e and c denote the the residual and the
threshold, respectively. Additionally, while there was no
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Fig. 1. Proposed Method

significant difference in estimation accuracy between the two
scale parameter adjustment constants, they concluded that
using the average absolute deviation (AAD) leads to faster
convergence and lower computational costs. Therefore, this
paper adopts

σ̂AAD = mean (|yi − mean(yi)|) (2)

where y denotes the data set. By weighting the predicted
values of images based on the correlation obtained in this
manner, and by setting a threshold to determine which
images to use for model construction, this paper attempts to
build a robust image recognition model using image search
functions.

IV. EXPERIMENTS

A. Experimental Procedure and Workflow

This experiment follows the process outlined in Fig. 2. The
steps are as follows:

1) Define Set: Categories and items are configured and
saved collectively in a file.

2) Source Images Download: HTTP requests are sent to
Google Image Search to collect 500 images per item,
which are stored in the data pool.The request query is
”category + item”.

3) Source Images Randomize: For each label, 70% (350
images) are randomly selected from the data pool and
saved as training data for the pre-trained models.

4) PreTraining: The pre-training process is carried out
with model settings specified in Table III.

5) PreTrainedModel Predict: The pre-trained models es-
timate predictions for all images in the data pool.

6) PreTrainedModel Predict ByClass: Prediction values
are classified by category and logged in CSV files.

7) PreTrainingModel Average: The average prediction
values for the collected images are calculated.

8) PreTrainingModel Analysis: A regression analysis is
performed to examine the relationship between image
search depth and model accuracy.

9) PreTrainingModel ApplyCorrelation: The computed
correlation is applied as weights to the prediction
values, refining the confidence score for each image.

Fig. 2. Component Diagram

10) SelectImages: The confidence values are approximated
to a normal distribution, and only images with a
probability above a set threshold are selected as training
data for the final model.

11) TrainingModel Final: The final model is trained using
the same settings as the pre-trained models.

12) FinalModel Predict: Prediction values are calculated
for all images in the data pool.

13) FinalModelPredictByClass: Accuracy verification is
conducted by classifying the predictions３

Also I conducted two types of experiments. In the first
experiment, I collected images of 10 categories and 10 items
as Table I that I selected, and compared the accuracy of the
final model with 10 pre-trained models that were created
during the experiment without preprocessing. In the second
experiment, I randomly selected 5 categories as Table II from
the labels in CIFER-100, trained a model using the image
search results as training data, and evaluated the accuracy of
the model using the CIFER-100 dataset. As shown in Table
III we chose ResNet18 for training the model. Because there
is a concern of overfitting in the flow of learning the same
image multiple times, we tried ResNet18 and ResNet50 and
found no significant difference, so we chose ResNet18, which
is faster to process. ResNet also has guaranteed accuracy for
ImageNet.

B. Evaluation experiments

This method aims to detect noisy data by estimating the
predicted values of images in the data pool using multiple
pre-trained models, thereby reduce the influence of inaccurate
pre-trained models that have learned a lot of noisy data.
Therefore, in order to investigate how the number of pre-
trained models contributes to the accuracy of the final model,
the number of pre-trained models is set from 1 to 10, and
the final model is constructed for each pattern. The estimated
predictions are used to select the teacher data for the final
model by setting a threshold value. In order to determine how
the threshold value contributes to the accuracy of the final
model, the final model is constructed by setting the threshold
value between 0% and 70% in increments of 5%. However,
as the threshold is raised, the data used to evaluate the
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TABLE I
LIST OF LABELS (EXPERIMENT1)

Category Items
World
Heritage
Sites

Angkor Wat, Canadian Rocky Mountain Parks, Grand
Canyon, Great Barrier Reef, Sydney Opera House,
Historic Centre of Florence, Machu Picchu, Mont
Saint-Michel, Great Wall of China, Historic City of
Ayutthaya

Geographical
Features

Mountains, Plains, Rivers, Lakes, Coastlines, Deserts,
Islands, Forests, Wetlands, Glaciers

Cuisine Italian Cuisine, French Cuisine, Japanese Cuisine,
Chinese Cuisine, Thai Cuisine, Indian Cuisine, Mexi-
can Cuisine, Spanish Cuisine, Turkish Cuisine, Amer-
ican Cuisine

Dog Breeds Labrador Retriever, Golden Retriever, Pomeranian,
Dachshund, Siberian Husky, French Bulldog, Dober-
man Pinscher, Poodle, Border Collie, Schnauzer

Emotions Joy, Sadness, Anger, Anxiety, Happiness, Jealousy,
Fear, Relief, Tension, Excitement, Calm

Artistic
Styles

Ancient Egyptian, Ancient Greek and Roman, Me-
dieval European, Renaissance, Baroque, Rococo,
Romanticism, Impressionism, Modernism, Postmod-
ernism

Fashion
Styles

Casual, Business Casual, Sporty, Vintage, Bohemian,
Elegant, Rock, Preppy, Military, Romantic

Car Types Sedan, SUV, Hatchback, Coupe, Convertible, Minivan,
Truck, Crossover, Station Wagon, Sports Car

Hairstyles Bob, Long Hair, Short Cut, Perm, Man Bun, Pixie
Cut, Fade Cut, Long Layer, French Twist, Deep Side
Part

Capitals Cairo, New Delhi, Paris, Brası́lia, Berlin, Moscow,
London, Washington D.C., Beijing, Tokyo

TABLE II
LIST OF LABELS (EXPERIMENT2)

Category Items
fish aquarium fish, flatfish, ray, shark, trout
flowers orchids, poppies, roses, sunflowers, tulips
food containers bottles, bowls, cans, cups, plates
Large man-made
outdoor things

bridge, castle, house, road, skyscraper

Large natural
outdoor scenes

cloud, forest, mountain, plain, sea

model is also reduced and overlearning occurs, resulting in a
significant decrease in accuracy for unknown data. Therefore,
the second experiment using Table II is used. By estimating
the images registered in CIFER-100 with the final model
constructed by the above method and making a correct or
incorrect decision, the accuracy can be estimated to unknown
data.

C. Result

First, we examined the correlation between depth of image
retrieval and accuracy, and found that the accuracy of the pre-
trained model and the predictive value of the data pool images
varied significantly by item name, as shown in Fig. 2 and Fig.
3. When the accuracy of the pre-trained model itself was
high and the predictive value of the data pool was also high,
there was a negative correlation between rank and accuracy.
On the other hand, for item names with low accuracy and
low predictive values, there was a large variation in the
prediction values for the data, and the relationship between
rank and accuracy did not appear as a clear correlation.
Next, Table I shows the results of comparing the accuracy

TABLE III
MODEL SETTINGS

Model ResNet18
loss function cross entropy loss
optimizer stochastic gradient descent method
learning rate 0.001
moment function 0.9
epoch 10
test ratio 0.3

of the pre-trained model and the final model trained with the
labels in Table I. The threshold for the final model in this
table is set at 5%. As shown in Table IV , Although there
was a large difference in average accuracy by item name,
the accuracy of the final model was greatly improved even
within categories. The accuracy of models with and without
applying the correlation between image search depth and
accuracy was compared for each threshold, and the results
are illustrated in Fig.5 and Fig.6. A common feature observed
in both cases is that applying the correlation between image
accuracy and rank to the prediction values of the data pool did
not significantly improve the accuracy of the image models.
However, raising the threshold to limit the images used as
training data significantly improved accuracy. This approach,
though, tends to select images that are mechanically eas-
ier to classify, which may lead to improved accuracy but
potentially weaker performance as an image classification
model. Additionally, reducing the amount of training data can
negatively affect performance on unknown data, so simply
increasing the threshold without a strategic approach is not
advisable. Another aspect contributing to the differences in
accuracy is the rate at which accuracy converges. Categories
with initially high accuracy began to converge around a
threshold of 40%, with minimal further improvement in
accuracy afterward. In contrast, categories with initially low
accuracy showed a monotonous increase in accuracy without
convergence. Setting the threshold above 75% led to the
creation of items with no training data, making it impractical
to ensure accuracy using this method alone. Another notable
feature is the difference in the rate of decrease in the number
of images with increasing threshold. For the high accuracy
category, setting the threshold to 50% yields 3,308 training
images, whereas for the low accuracy to the application
of the normal distribution approximation to the predictions
and the threshold to the probability. Images in the high
accuracy category have a smaller variance. Finally, Fig. 7
and Fig. 8 summarize the accuracy of the models learned in
the categories corresponding to CIFAR-100, as well as the
accuracy calculated by varying the number of parallelisms of
the pre-trained models. Firstly, the results show that with a
parallelism of 1, the pre-trained models tend to be biased,
leading to very low accuracy. Furthermore, increasing the
threshold does not improve the accuracy, indicating that
even identifying images that are mechanically easier to
classify is challenging. On the other hand, increasing the
number of parallel pre-training models generally improves
accuracy, particularly up to around 7 parallel models, where
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Fig. 3. Models with high accuracy and estimates (Category:World Heritage)

Fig. 4. Models with low accuracy and estimates (Category:color)

convergence in accuracy is observed. Increasing the number
of models beyond 10 does not result in significant further
improvement. Fig. 9 and Fig. 10 are regarding the graphs cal-
culated using the CIFAR-100 dataset, no significant accuracy
improvement is observed with increasing thresholds. Instead,
accuracy sharply declines when the threshold is raised to
70%, regardless of the number of parallel models used.
This suggests that the issue is independent of parallelism
and is likely due to significant differences in image quality
between the CIFAR-100 dataset images and those collected
via Google Image Search. CIFAR-100 collects diverse images
with varying colors and sizes within the same label, which
might contribute to this discrepancy.

V. CONCLUSION

This paper proposes an automated preprocessing method
designed to improve image classification accuracy when
training with noisy data. The study reveals that while there
is a relationship between rank and accuracy, this relationship

Fig. 5. Models with high accuracy Correlation analysis before and after
applying correlation (Category:World Heritage)

Fig. 6. Models with low accuracy Correlation analysis before and after
applying correlation (Category:color)

does not significantly impact overall model performance.
Additionally, excessively raising the threshold can improve
apparent accuracy but may degrade the model’s functionality.
The research also shows that using multiple pre-trained
models is effective, but the accuracy converges after a certain
point.
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