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Abstract

In the field of data-driven deep learning, the dataset quality is one of the essential factors that determine the neural network
(NN) accuracy. During the sampling process, the sample may contain many task-irrelevant factors. However, there is a lack of
study on the influence of task-irrelevant factors in the dataset on the NN accuracy. This paper analyzes the influence of task-
irrelevant factors through mathematical derivation, and finds that regularization cannot solve the problem of task-irrelevant
factors affecting the NN inference performance. To reduce the influence of task-irrelevant factors, this paper proposes an
idea, making the mathematical expectation of task-irrelevant features in the training set to be zero. Furthermore, this paper
proposes a method that can reduce the influence of the background factor on the image classification model. To verify the
effectiveness of this method, a series of controlled experiments are conducted on the image classification and object detection
task. Experimental results show that this method not only effectively improves the accuracy of the classification model, but
also improves the precision of the object detection model. The code related with this paper can be download from https://
github.com/CaedmonLY/BackgroundFactor/tree/master.

Keywords Neural networks - Task-irrelevant factors - Regularization - Background factor - Image classification - Object
detection

1 Introduction evant factor. On the computer vision task, the NN classifies
an image into different classes according to the pixel region

The dataset quality has an important influence on the neural ~ in the image. In this process, irrelevant factors in the image

network (NN) inference performance in computer vision [1].
Various tuning techniques [2-5] and NN topologies [6—8]
enable the NN to learn the potential knowledge in the dataset.

For the computer vision task, one factor involves mul-
tiple pixels in an image. The relevant factor involves pixels
relevant to the classification object, e.g., the color of the clas-
sification object is relevant to the classification task, and is a
relevant factor. Instead, the irrelevant factor is the pixel area
irrelevant to the classification object, e.g., the background of
the image is irrelevant to the classification task, and is an irrel-
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may interfere with the judgment of the NN. In other words,
features of the classification object learned by the NN con-
tain irrelevant features. As shown in Figs. la and b, the NN
can correctly distinguish the Arctic Wolf and Husky. How-
ever, if the Husky is placed in the snow, as shown in Fig. 1c
, the NN determines that the Husky in the image is an Arc-
tic Wolf [9], and visualization with GradCAM [10] shows
that the NN’s focus is on the image background. In the origi-
nal dataset, images of Arctic Wolve are often sampled in the
snow, while Huskies are in common living areas. Images of
the Arctic Wolf and Husky in the dataset are quite different in
the background. Therefore, the image background interferes
with the classification result of the NN. Also in Fig. 2, the
NN determines whether the object in the image is a horse
based on whether the lower-left corner of the image contains
a source tag. After removing the tag, the horse in the image
is classified into other classes. Furthermore, when the tag is
moved to an image containing a car, the car is classified as
“horse” [11].
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(a) The image of the (b) The image of the (c) The image of the
Arctic Wolf in the Husky in the back- Husky in the snow is
background of snow is ground of common classified as ”Arctic
correctly classified.  living areas is cor- Wolf”.

rectly classified.

Fig. 1 The classification result is disturbed by the background factor.
The upper image is the test sample, while the lower image shows the
focus of the NN on the test sample with GradCAM

(a) The horse with a (b) The horse without (¢) The car with a
source tag is classified the source tag is clas- source tag is classified
as “horse”. sified as other classes. as “horse”.

Fig.2 The classification result is disturbed by the source tag. The upper
image is the test sample, while the lower image shows the focus of the
NN on the test sample with GradCAM

Generally, this kind of misclassification caused by irrel-
evant factors, is considered to be due to insufficient feature
extraction capabilities of the NN or insufficient training sam-
ples. To improve the feature extraction capability of the NN,
increasing the NN depth is widely adopted. As a result, the
NN has developed from AlexNet [12] with a depth of 8 layers
to ResNet [13] with a depth of 152 layers. The depth increase
improves the NN accuracy, and the problem of misclassifi-
cation is alleviated to a certain extent. However, compared
with the increase in model complexity and training cost, the
improvement of the accuracy is very little. One solution for
insufficient training samples is data augmentation [14-16].
Data augmentation realizes the expansion of the dataset and
enriches training samples. However, it does not substantially
improve the dataset quality. Whether increasing the NN depth
or data augmentation, both of them overlook the problem of
irrelevant factors.

The cases in Figs. 1 and 2 might be due to the sampling
bias in the original dataset. In Fig. 1, the image background is
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atask-irrelevant factor on the image classification task. When
the background changes, the classification result of the NN
also changes. In this case, this paper argues that irrelevant
features are biased, that is, there is some consistency among
irrelevant factors in the dataset. Irrelevant factors (e.g., back-
ground) restrict the inference performance and affect the
accuracy of the NN. To reduce the influence of irrelevant
factors, regularization methods can be used. Regularization
avoids overfitting of the NN by restricting the size of the
weight in the NN. However, regularization restricts not only
the weight of irrelevant features, but also the weight of rele-
vant features, resulting in a decrease in the sensitivity of the
NN to relevant features. Therefore, this paper aims to find a
method to restrict the weight of irrelevant features without
affecting the weight of relevant features.

Through mathematical derivation, this paper analyzes the
influence of irrelevant factors on the NN during training.
Based on the analysis, an idea is proposed, that is, to make
the mathematical expectation of irrelevant features in the
dataset to be zero. According to this idea, this paper proposes
amethod that can reduce the influence of the background fac-
tor. Different from increasing the NN depth and traditional
data augmentation, this method is to process the training
set, and it substantially improves the dataset quality. Exper-
imental results have shown that this method improves both
accuracy and generalization ability of the NN.

Contributions of this paper are as follows:

e This paper analyzes the influence of task-irrelevant
factors on the NN during model training through mathe-
matical derivation.

e This paper proposes an idea to reduce the influence of
task-irrelevant factors on the NN. Based on this idea,
this paper proposes a method to reduce the influence of
the background factor. The proposed method selectively
processes the background feature, and improves the NN
accuracy.

e The method proposed in this paper can also be used as
a new data augmentation method. Different from tradi-
tional data augmentation, it substantially improves the
dataset quality and generalization ability of the NN.

The rest of this paper is organized as follows: Sect. 2
reviews commonly used methods to improve the NN accu-
racy in the field of computer vision. Section 3 analyzes the
influence of task-irrelevant factors on the NN inference per-
formance. Section 4 introduces the proposed method. The
experimental setup and evaluation results are presented in
Sect. 5. Finally, Sect. 6 concludes this paper.
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2 Related work

To improve the accuracy of the image classification model,
most of the current study is still focused on the architecture
of the NN. Going deeper to solve more complex tasks and to
improve classification or recognition accuracy has become a
trend. ResNet is a representative network and has shown good
performance in image classification. At present, ResNet-152
is the state-of-the-art ResNet model, which has 152 layers.
However, increasing the depth of the network increases the
risk of overfitting and limits the generalization ability of the
model, especially when there are few training samples.

Due to overfitting caused by insufficient samples and large
scale of parameters, regularization methods have become a
significant strategy in deep learning to improve the general-
ization ability of the model, such as L2 regularization and
dropout [17]. L2 regularization is based on the assumption
that models with smaller weights are simpler than those with
larger weights. L2 regularization restricts weights by adding
the sum of weights to the loss function. L2 regularization
drives weights in the model smaller, which reduces the sen-
sitivity of the model to input features. Dropout is proposed as
a form of regularization for fully connected NN layers. Each
layer’s output is kept with probability p, otherwise being set
to 0 with probability (1 — p). Dropout simplifies the network
structure by randomly removing neurons in the NN, which
improves the generalization ability of the NN.

In computer vision, data augmentation is widely used to
improve the generalization ability of models. Data augmen-
tation can be divided into two parts: data augmentation based
on a single sample and multiple samples. Data augmentation
based on a single sample includes geometric transforma-
tion, color space transformation, flipping, cropping, etc [18].
Data augmentation based on multiple samples is to per-
form basic data transformation on multiple samples and then
generate new samples through artificial synthesis. A typical
method of data augmentation based on multiple samples is
SMOTE [19], which uses interpolation to generate new sam-
ples. SamplePairing [20] randomly selects two samples from
the training set, which can be of the same class or different
classes. After data augmentation based on a single sample,
the average value of two samples is used to generate a new
sample. Mixup [21] is similar to SamplePairing. Instead of
using average value, it uses a linear interpolation method to
generate new samples based on the strategy of Vicinal Risk
Minimization. From the perspective of the main idea, these
three data augmentation methods all fit the real sample dis-
tribution by making the discrete sample set continuous, and
obtain new samples from the continuous sample space.

Various regularization and data augmentation methods
have improved the accuracy of the image classification model
to a certain extent. However, these methods do not deal with
task-irrelevant factors in the dataset. Phankokkruad [22] pro-

A AR Activation
oy S Function

Fig.3 Neural network forward propagation process

poses a convolutional neural network (CNN) model to deal
with the problem of irrelevant factors in the image. By regu-
lating and configuring parameters in the CNN, the accuracy
of the model is improved. To alleviating the effect of task-
irrelevant factors, Kim et al. [23] propose a novel method
called Doubly Adversarial Suppression Network. This Net-
work is trained to neglect irrelevant factors and to focus
more on task-relevant factors. Furthermore, to evaluate the
contribution of different features to the NN, Belloni et al.
[24] analyze the change in classification scores following the
occlusion of the target, shadow, clutter areas and their com-
binations. Han et al. [25] perform correlation analysis and
redundancy analysis on image features through a fast filter-
ing feature selection method called Fast Correlation-Based
Filter (FCBF) [26].

In this paper, the dataset is preprocessed to reduce the
influence of task-irrelevant factors on the NN accuracy. This
paper provides a new idea to improve the generalization abil-
ity of the NN.

3 Analysis of the task-irrelevant factors’
influence

When pixels/features of an image are input to the NN, a fea-
ture vector can be obtained, denoted as x = (xq, x1, X2, ...),
where each x;(i = 0, 1, 2, ...) is a feature. As a result, one
factor may be related to multiple x;, while each x; may also
be related to multiple factors, including both task-relevant
factors and task-irrelevant factors. For simplicity, this paper
assumes that each x; is only related to one factor, e.g., xg is
an irrelevant feature, while x1, x» is relevant features. When
the irrelevant feature in the dataset is biased, after the model
is trained, the weight of the irrelevant feature may converge
to a certain non-zero value. As a result, the NN regards the
irrelevant feature as the relevant feature, which affects the
model accuracy.

Firstly, take the simplest NN as an example to analyze
the influence of irrelevant features when irrelevant features
are biased, as shown in Fig. 3. Let xo, x1, and x, be fea-
tures, where x is an irrelevant feature, x; and x; are relevant
features. And let wo, wy, and w> be corresponding weights,
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respectively. The forward propagation process of the NN can
be defined as Eq. (1).

y = G(z) = G(xowo + x1wy + x2w2 + b) )]
where ¥ is the predicted value, G (-) is the activation function,
bisabias, and z = xowo +x1 w1 +x2w2 +b. This paper uses
L2 loss as the loss function, that is, loss = (§ — y)?, where y
is the ground truth. To explore the influence of irrelevant fea-
tures on the NN, in backpropagation, this paper only focuses
on the weight update of the irrelevant feature xo, that is, Eq.

Q).

/ d
wy = wo — e~ = wo — 2a(§ — y) Z(Z) @)
wo z
’o. dlasx — 5 dG() m —
where wy, is the updated wy, = 200 == =
wo
dz(‘) dd’ = dz(‘ xo, and « is the learning rate.
wo
To simplify as much as possible, this paper uses the ReLU
activation function, that is, G(-) = max(0,-). If z < 0,
dfl(“ = 0 and wo will not be updated. Otherwise, dfl( 2 — 1.

Therefore, only the case of z > 0 needs to be considered.
Then, using the same notation, the weight update of xy can
be expressed as Eq. (3).

wy = wo — 2e(§ — Y)xo 3)
Equation (3) is the weight update process of a single sample.

For multiple samples this paper considers the mathemati-
cal expectation of "’“ , and the weight update after random

sampling can be expressed as Eq. (4)

wy = wo — E2a (¥ — y)xo]
wo — 2a(E[x31wo + (B — y)El[x0]) )

where E[-] represents mathematical expectation and 8 =
xjwi + xpws + b.

Equation (4) shows that wé) depends on the current value of
wo and mathematical expectation of xg. Since there is always
a certain error between the predicted value and ground truth,
B — y cannot be zero. When the initial value of wy is positive,
E [xg]wo is positive, but (8 — y) E[xo] is indeterminate. The
update direction of wy is indeterminate. Similarly, when the
initial value of wy is negative, it is also indeterminate. There-
fore, wé) may not converge to zero, and the NN is affected
by the irrelevant feature xg, especially when the irrelevant
feature is biased.

Regularization is generally believed to be an effective way
to improve the NN inference performance. To reduce the
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influence of the irrelevant feature, L2 regularization is intro-
duced into the NN, due to the fact that L2 regularization can
make the weight tend to zero. The loss function loss after
introducing L2 regularization can be written as Eqs. (5), and
(4) can be replaced by Eq. (6).

X 1 =2
loss = (5 — y)* + > > w} 5)
i=0

wy = (1 — ar)wo — 2a(E[xZ]wo + (B — y)Elxol)  (6)

where A denotes a penalty factor. Equation (6) shows that L2
regularization can limit the size of wé) to some extent, but
cannot make w(/) converge to zero. Therefore, L2 regulariza-
tion still cannot solve the problem that the NN is affected by
the irrelevant feature.

The above analyzes the influence of the irrelevant factor
on the NN. However, in practice, traditional regression-based
models rarely have this problem. In the traditional regression
model, samples in the dataset have been carefully selected
manually, and features in selected samples are considered
relevant features. On the other hand, the preprocessing of
each feature is completed independently, and each feature
has undergone independent normalization, standardization,
etc. These processes ensure that the mathematical expecta-
tion of irrelevant features in the dataset can be statistically
zero. In addition, there are regularization methods such as
penalty functions. Therefore, in traditional machine learn-
ing, irrelevant factors have little or no influence on the model
accuracy.

However, for the NN, especially in the field of computer
vision, all pixels in an image undergo the same transforma-
tion function. It is difficult to manually select features. When
irrelevant features in the dataset are biased, the “attention” of
the NN may be disturbed by these biased irrelevant features,
resulting in the decline of the NN accuracy.

4 A method to reduce the task-irrelevant
factors’ influence

Based on the analysis in Sect. 3, we propose an idea to address
the problem of task-irrelevant factors. According to this idea,
we propose a method to reduce the influence of the back-
ground factor on the image classification task.

4.1 Theidea

The analysis in Sect. 3 shows that when the irrelevant feature
is biased, the NN is inevitably affected by task-irrelevant fea-
tures. The existing approach is to use empirical algorithms
to limit the solution space through the Lagrange multiplier
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method. It is assumed that the weight of each feature in the
solution space is close to zero. Generally, there are L1 regu-
larization, L2 regularization, etc. Regularization restricts not
only the weight of irrelevant features but also the weight of
relevant features, which reduces the sensitivity of the NN
to relevant features. Furthermore, the penalty factor of reg-
ularization is a hyperparameter that is set according to the
experience of the researcher. Whether it is too large or too
small, it will affect the convergence of the NN. Too large will
degrade the NN into linear regression, while too small will
make the regularization unsatisfactory. To solve the problem
of irrelevant factors, some method is needed to make the
weight of irrelevant features tend to zero without affecting
the weight of relevant features.

To reduce the influence of irrelevant factors, the key is
to reduce the absolute value of the irrelevant feature weight.
Equation (4) shows that the update of wo depends on the
mathematical expectation of xo and the error between the pre-
dicted value and ground truth. Since the error is inevitable, we
focus on the mathematical expectation of xo. We preprocess
the original training set to make the mathematical expecta-
tion of x¢ to be zero, that is, E[xp] = 0. After preprocessing
the training set, Eq. (4) can be replaced as follows:

u)(,) = wo — 20{E[x§]w() @)

It shows that wé) only depends on its current value. Then,
w(,) is analyzed from the initial state of model training. When
the initial value of wy is positive and the calculated gradient
value is positive, the wg update direction is negative, then
the absolute value of wq decreases. When the initial value of
wo is negative and the calculated gradient value is negative,
the wo update direction is positive, then the absolute value
of w(/) decreases. Since the absolute value of w(/) decreases,
the update step of wé) during the next update is reduced. As
a result, the overall trend of wy is constantly approaching
zero. It turns out the idea proposed in this section can reduce
the influence of task-irrelevant features. In particular, when
the value of irrelevant features are made be zero, weights of
irrelevant features are not updated during NN training. When
the trained NN is used to infer the test sample with non-zero
irrelevant features, the NN is still affected by irrelevant fea-
tures. Therefore, the mathematical expectation of irrelevant
features needs to be zero, rather than simply making the value
of irrelevant features be zero.

4.2 The method

In an image, the background always exists. Generally, on the
computer vision task, the entire image is input to the NN.
When the image background is an irrelevant factor, the NN
accuracy is affected by the background factor, as shown in

Augmented dataset

Background mask

Object mask

Augmented mask

Original image

Background
augmented image

Image

Original dataset

Fig.4 Image dataset preprocessing method

i | information

Original image

Background

Fig.5 Separate the object from the background

Fig. 1. The background factor is the most common irrelevant
factor. Therefore, it is necessary to reduce the influence of the
background factor on the NN. According to the idea proposed
above, we propose a method that can reduce the influence of
the background factor on the NN accuracy.

As mentioned earlier, since each feature may be related
to multiple factors, it is difficult to select and process fea-
tures related to the background factor. Based on the fact that
deep features are calculated from shallow features, we deal
with the shallowest features of the background factor, that is,
pixels in the background area of the image. From the analy-
sis in Sect. 4.1, it can be known that to reduce the influence
of the background factor, the key is to make the mathemat-
ical expectation of the background feature to be zero. To
perform a zero-expectation transformation on pixels in the
background area, we propose a dataset preprocessing method
as shown in Fig. 4. This method selectively deals with the
background feature. Through this method, a positive sample
set and a negative sample set are constructed for the NN train-
ing. This method can also be used as a new data augmentation
method.

The method shown in Fig. 4 can be divided into three
steps: (i) separating the object from the background, (ii) con-
structing augmented masks with zero-expectation, and (iii)
constructing a background augmented dataset. Next, each
step is described in detail.

@ Springer
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4.2.1 Separate the object from the background

This step aims to separate an original image into an object
mask and a background mask. To separate the object and
background of an image, as shown in Fig. 5, this paper uses
the segmentation information of the image. For example, in
the image segmentation subset of PASCAL Visual Object
Classes (VOC) dataset [27], each image has its segmentation
information, which can be regarded as a table with the same
size as the image. The value in the table is used to distinguish
whether the pixel at the corresponding position in the image
is an object pixel or a background pixel. If the value is 1, the
pixel at the corresponding position of the image is an object
pixel, otherwise, it is a background pixel. According to dif-
ferent values in the table, object pixels in the image can be
separated from background pixels, and then the object can be
separated from the background. Take an image from the orig-
inal dataset and mark it as img, and mark the corresponding
segmentation information as mask. The background mask
and object mask of the image can be defined respectively as:

(img - (Imask))

255
(img - mask)
-— X
255

maSkbackground = x2—1 ®)

2-1 C)

maSkobject =

4.2.2 Construct augmented masks with zero-expectation

Firstly, a 3-dimensional matrix A is generated based on the
standard normal distribution. Three dimensions of matrix A
are n, H, and W, where n denotes the number of augmented
masks, H denotes the height of the image, and W denotes the
width of the image. According to the standard normal distri-
bution, it can be known that ®(2.75) = 0.997. To ensure
that the distribution of generated elements in the interval
[—1, 1] could be close to the normal distribution, we trans-
form all elements in matrix A, thatis, A = A/2.75. Each
A;(i = 1,2,...,n) can be regarded as an augmented mask,
which is used to replace the background of a certain channel
in an original image.

4.2.3 Construct a background augmented dataset

This step uses object masks and augmented masks of previous
two steps to construct a background augmented dataset. Gen-
erally, the image input to the NN is an RGB 3-channel image.
Therefore, an original image requires three augmented masks
to generate a new sample. Firstly, three augmented masks are
randomly selected from matrix A to form a matrix B, where
the dimension of B is [H, W, 3]. Then, the pixel in the object
mask is replaced with the pixel in B; (i = 1, 2, 3), where the
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pixelis zero. A background augmented sample can be defined
as:

Sampleaugmented = maSkubject + ((‘mask) - B) (10)

According to the method shown in Fig. 4, the augmented
dataset used for model training contains three types of
images: original image, background augmented image, and
background image. Moreover, original images and back-
ground augmented images are used as positive samples, while
background images are used as negative samples.

It can be seen that our method has the following advan-
tages:

e Our method does not introduce extra hyperparameter.
When using regularization, the penalty factor is often
a hyperparameter, which requires the experience of the
researcher. Whether it is too large or too small, it will
affect the convergence of the training process. On the
contrary, our method does not need to set the hyperpa-
rameter, which eliminates the possible influence of the
hyperparameter on the NN.

e Our method reduces the influence of irrelevant factors.
Regularization can make the weight of irrelevant features
tend to zero to a certain extent. However, regulariza-
tion acts on all features. Regularization restricts not only
the weight of irrelevant features but also the weight of
relevant features, resulting in the reduction of the NN
sensitivity to relevant features. Unlike regularization, our
method can reduce the influence of irrelevant features
without affecting relevant features, so it does not affect
the sensitivity of the NN to relevant features.

e The process of constructing a augmented dataset in our
method can be regarded as a data augmentation method.
Different from traditional data augmentation methods,
our method focuses on improving the dataset quality.

5 Experimental analysis

In this section, we first conduct experiments with our
method on the image classification task. Then, our method
is extended to the field of object detection.

5.1 Experiment on the image classification task

For the image classification task, MNIST dataset [28] is used
for the experiment. MNIST dataset contains handwritten dig-
ital images with white numbers on black background from
0 to 9. Pixels in the background area are displayed as black,
while pixels in the digital area are displayed as white. Using
different pixel values in different areas, it is easy to separate
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Augmented (c) Mixed dataset.

(a) Original dataset. (b)
dataset.

Fig. 6 Three types of datasets used for training or testing. a Original
dataset: the original MNIST dataset, which is used for training and
testing. b Augmented dataset: the augmented MNIST dataset, which
is used for training and testing. ¢ Mixed dataset: the mixed dataset
generated by the original MNIST dataset and CIFAR-10 dataset, which
is only used for testing

the digit from the background. Therefore, the data in MNIST
dataset can act as the training set as well as the segmenta-
tion information. According to our method, an augmented
MNIST dataset can be generated. To further study the differ-
ence in model generalization ability before and after using
our method, MNIST dataset and CIFAR-10 dataset [29] are
used to generate a new dataset-mixed dataset, which is used
as a test set. The generation method is similar to our method,
except that the augmented mask is replaced with the image
in CIFAR-10 dataset. CIFAR-10 dataset does not participate
in any form of model training. It is only used to generate a
new test set. Fig. 6 shows three types of datasets used for
training or testing.

To verify the universality of our method, several NN mod-
els [30-32] are selected for the experiment. The selection
of models is representative, including mini NN models and
deep NN models. Firstly, models are trained from scratch
on the training set of the original dataset as a benchmark
experiment. As a comparison, these models are trained from
scratch on the training set of the augmented dataset. Then,
these trained models are tested on the test set of the original
dataset, augmented dataset, and mixed dataset, respectively.
As evaluation metrics, the accuracy is considered in this
experiment. Experimental results are analyzed in terms of
three measures: (1) benchmark test, (2) cross-test, and (3)
generalization ability test.

5.2 Experimental results on the image classification
task

According to different training sets and test sets, each
model has six types of test results. Table 1 shows each
model’s accuracy on the three types of test sets without using
our method, while Table 2 shows each model’s accuracy after
using our method. Whether using our method, each model
has high accuracy on the test set of the original dataset. How-
ever, on the test set of the augmented dataset and mixed
dataset, the accuracy of the model trained without using our

J
|

3
>

&5}

(a) The focus of(b) The focus of(c) The focus of
ResNet34 on sam- ResNet34 on samples ResNet34 on samples
ples in the original in the augmented in the mixed dataset.
dataset. dataset.

Fig. 7 Visualization examples of ResNet34 trained with the original
dataset. The upper image is the test sample, while the lower image
shows the focus of ResNet34 on the test sample with GradCAM

|

’

(a) The focus of(b) The focus of(c) The focus of
ResNet34 on sam- ResNet34 on samples ResNet34 on samples
ples in the originalin the augmented in the mixed dataset.
dataset. dataset.

Fig.8 Visualization examples of ResNet34 trained with the augmented
dataset. The upper image is the test sample, while the lower image shows
the focus of ResNet34 on the test sample with GradCAM

method has dropped sharply, while the model trained using
our method still has a relatively high accuracy. Fig.7 shows
some visualization examples of ResNet34 trained with the
original dataset on the original dataset, augmented dataset
and mixed dataset, while Fig.8 shows some visualization
examples of ResNet34 trained with the augmented dataset
on the original dataset, augmented dataset and mixed dataset.
After trained on the original dataset, ResNet34 focuses on the
digits on the original dataset, but focuses on parts of the dig-
its and the background on the augmented dataset and mixed
dataset. After trained on the augmented dataset, ResNet34
focuses on digits on different datasets. This shows that the
ResNet34 trained on the augmented dataset is not affected
by the background and can effectively recognize digits on
different datasets. Next, experimental results are analyzed in
more detail.

To verify the fitting ability of each model, the benchmark
test result is presented in Fig. 9a . It can be seen that when
the training set and test set are the datasets of the same type,
each model’s accuracy is close. The result shows that selected
models have the ability to fit the distribution of the original
dataset and augmented dataset.

To verify that the background factor affects the accuracy
of the NN, the cross-test result is presented in Fig. 9b . It
can be seen that the model trained on the original dataset
has low accuracy on the augmented dataset, while the model
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Table 1 Each model’s accuracy

Image classification accuracy (%)

Original dataset

Augmented dataset

Mixed dataset

Model
on three types of test sets after
training on the original dataset.
The best results on each dataset Resnet18
are bolded
Resnet34
Resnet50

Mobilenet_v2
Shufflenet_v2_x0_5
Shufflenet_v2_x1_0
Shufflenet_v2_x1_5
Shufflenet_v2_x2_0
Alexnet
Densenet-121
Densenet-161

99.08 39.59 41.99
99.13 48.91 55.69
98.49 34.90 45.30
98.32 23.17 29.18
98.16 60.60 49.90
98.51 63.19 53.89
98.55 84.40 67.38
98.61 48.59 49.50
97.02 45.11 25.51
99.26 16.49 14.15
99.17 41.56 38.59

Table 2 Each model’s accuracy

Image classification accuracy (%)

Original dataset

Augmented dataset

Mixed dataset

Model
on three types of test sets after
training on the augmented
dataset. The best results on each Resnet18
dataset are bolded
Resnet34
Resnet50

Mobilenet_v2
Shufflenet_v2_x0_5
Shufflenet_v2_x1_0
Shufflenet_v2_x1_5
Shufflenet_v2_x2_0
Alexnet
Densenet-121

Densenet-161

98.89 98.98 90.06
93.62 98.78 85.46
97.04 98.75 83.93
98.32 98.51 83.23
97.73 97.87 80.31
98.25 98.11 85.67
98.57 98.33 82.23
94.57 98.22 85.53
95.83 96.07 46.20
82.98 99.26 68.17
91.32 99.18 67.59

trained on the augmented dataset still maintains high accu-
racy on the original dataset. The experimental result shows
that the background factor affects the NN accuracy on this
classification task.

To verify the effectiveness of our method, the generaliza-
tion ability test result is presented in Fig. 9c . It can be seen
that the model trained on the augmented dataset still has high
accuracy on the mixed dataset, while the model trained on
the original dataset has low accuracy. The experimental result
shows that our method can reduce the influence of the back-
ground factor on the NN and improves the generalization
ability of the NN.

From the above three tests, it can be seen that the model
trained on the original dataset, has high accuracy on the
test set of the original dataset, but the accuracy decreases
sharply when the background information changes greatly.
The model trained on the augmented dataset remains high
accuracy when the background information changes greatly.
After using our method, the sensitivity of the image classi-
fication model to the background factor is reduced, and the
generalization ability is improved.

@ Springer

5.3 Experiment on the object detection task

To further verify the effectiveness of our method, our method
is extended to the field of object detection. Unlike the image
classification task, object detection is a more complex com-
puter vision task. In addition to classifying the object, it also
needs to locate the object. Furthermore, an image often con-
tains multiple objects to be detected. The object detection
task is more difficult.

For the object detection task, the image segmentation sub-
setin PASCAL VOC 2012 dataset is used in this experiment.
According to our method, a new augmented dataset can be
constructed, as shown in Fig. 10b.

For the selection of the model, YOLOVS5 [33] is selected
as a benchmark model for the experiment, and parameters
of YOLOVS5 are consistent with the official code. First, as
a benchmark experiment, YOLOVS is trained from scratch
on the training set of the original VOC dataset. Then, as a
contrast experiment, YOLOVS is trained from scratch on the
training set of the augmented dataset. For the object detec-
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(a) Benchmark test.

Fig. 9 Experimental results of benchmark test, cross-test, and gener-
alization ability test. The orange represents the model trained on the
original dataset, while the blue represents the model trained on the aug-
mented dataset. For different comparative tests, the model is tested on
different datasets. a Benchmark test: the orange and the blue are the

AL Af

(a) A sample in the original (b) A sample in the augmented
dataset. dataset.

Fig. 10 Two types of datasets used for object detection experiments

Table 3 YOLOVS inference performance. The best results of different
evaluation metrics are bolded

Training set mAP! mAP@0.5>  Precision  Recall
Original dataset 50.6 72.7 0.8196 0.657
Augmented dataset ~ 51.5 74.2 0.8013 0.668

! Mean Average Precision
2 Mean Average Precision(Intersection over Union=0.5)

tion model, loss functions and mAP@0.5 are considered as
evaluation metrics in the experiment.

5.4 Experimental results on the object detection
task

During YOLOVS training on two types of datasets respec-
tively, changes of loss functions are shown in Figs. 11 and
12. Through the change of loss functions (localization loss,
confidence loss, and classification loss), it can be seen that
when YOLOVS iterates about 120 rounds on either one,
YOLOVS converges. After YOLOVS is trained on the aug-
mented dataset, the lower limit of loss functions is lower, and
YOLOVS5 has a higher inference performance upper limit.
The experimental result shows that our method can improve
the inference performance of the object detection model.

(b) Cross-test.

30 40 S0 6 70 8 9 100 0 10 20 30 40 S0 60 70 8 90 100

(c) Generalization ability test.

accuracies on the original dataset and augmented dataset, respectively.
b Cross-test: the orange and the blue are the accuracies on the augmented
dataset and original dataset, respectively. ¢ Generalization ability test:
the orange and the blue are the accuracies on the mixed dataset

0.019

0.0500 0.040

0.0475 0018 0035

0.0450 0017 0.030

0.0425 0025
0.0400 201

: 0.020
00375 0015

0015

0 200 0 200 [ 200

(a) Localization loss. (b) Confidence loss. (c) Classification loss.
Fig. 11 The change of YOLOVS5’s loss functions over the iterations on
the original dataset

0.015 0.035
0.036

G0 0.014 0.030
0.032 0.013 0.025
0.030 0.012 0.020
0.028 0.011 0.015
o 200 [} 200 o 200

(a) Localization loss. (b) Confidence loss. (c) Classification loss.

Fig. 12 The change of YOLOVS5’s loss functions over the iterations on
the augmented dataset

Therefore, our method is still effective for the object detec-
tion task.

Before and after using our method, the difference in
YOLOVS5’s precision on the test set of the original dataset is
shown in Table 3. It can be seen that after using our method,
mAP@0Q.5 of YOLOVS is improved by 1.5%. Compared with
the image classification model, the gain of precision is lit-
tle in the object detection model. Through observation, it is
found that for some detection objects (such as ships, bot-
tles, etc.) with a wide disparity in length and width ratios,
YOLOVS after using our method is easy to recognize simi-
lar background areas as objects. This may be related to the
fact that YOLOVS does not separately detect the class “back-
ground”. Figs. 13 and 14 show some visualization examples
of YOLOVS trained with the augmented dataset and the orig-
inal dataset with gradCAM, respectively.
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Fig.13 Visualization examples with GradCAM of YOLOVS trained on
the original VOC dataset

Fig. 14 Visualization examples with GradCAM of YOLOVS trained on
the augmented VOC dataset

5.5 Discussion on the applicability of the method

On image classification and object detection tasks, the effec-
tiveness of our method is verified. In practice, our method
relies on image segmentation information. For image tasks
with the single background, background segmentation can be
achieved based on pixel values. For example, the image back-
ground of the Mvtec 3D-AD dataset [34] is black. Based on
different pixel values, the background and foreground of the
images in the Mvtec 3D-AD dataset can be segmented. For
the object detection task, our method can further improve
the performance of YOLOVS. Pretrained YOLOVS is used
in various downstream tasks such as defect detection [35],
state recognition [36], unmanned aerial vehicle [37], etc. Our
method can improve the performance of pre-trained models
on pretraining datasets, and make pre-trained models perform
better in downstream tasks.

6 Conclusion
This study analyzes the influence of task-irrelevant factors on

the NN through mathematical derivation. Through analysis, it
is found that when irrelevant features in the dataset are biased,

@ Springer

irrelevant features will be regarded as relevant features by the
NN, which affect the NN accuracy. Based on the analysis, this
paper proposes an idea to address the problem of irrelevant
factors. According to this idea, this paper proposes a method
to reduce the influence of the background factor. This method
selectively processes background features without affecting
relevant features. Experimental results show that this method
not only greatly improves the accuracy of the image classi-
fication model, but also effectively improves the precision
of the object detection benchmark model. Moreover, this
method can be used a data augmentation method, which sub-
stantially improves the dataset quality. In the future, reducing
the background factor on the performance of image classi-
fication models without segmentation information will be
studied.
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