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SUMMARY In this paper, we propose a combined use of transformed
images and vision transformer (ViT) models transformed with a secret key.
We show for the first time that models trained with plain images can be
directly transformed to models trained with encrypted images on the basis
of the ViT architecture, and the performance of the transformed models
is the same as models trained with plain images when using test images
encrypted with the key. In addition, the proposed scheme does not require
any specially prepared data for training models or network modification,
so it also allows us to easily update the secret key. In an experiment, the
effectiveness of the proposed scheme is evaluated in terms of performance
degradation and model protection performance in an image classification
task on the CIFAR-10 dataset.
key words: perceptual image encryption, vision transformer, DNN, privacy
preserving

1. Introduction

Machine learning (ML) algorithms have been deployed in
many applications including security-critical ones such as
biometric authentication, automated driving, and medical
image analysis [1], [2]. However, training successful mod-
els requires three ingredients: a huge amount of data, GPU
accelerated computing resources, and efficient algorithms,
and it is not a trivial task. In fact, collecting images and la-
beling them is also costly and will also consume a massive
amount of resources. Therefore, trained ML models have
great business value. Considering the expenses necessary
for the expertise, money, and time taken to train a model, a
model should be regarded as a kind of intellectual property
(IP). In addition, generally, data contains sensitive informa-
tion and it is difficult to train a model while preserving pri-
vacy. In particular, data with sensitive information cannot
be transferred to untrusted third-party cloud environments
(cloud GPUs and TPUs) even though they provide a pow-
erful computing environment [3]–[9]. Accordingly, it has
been challenging to train/test a ML model with encrypted
images as one way for solving these issues [10].

Learnable image encryption, which has given new so-
lutions to the above issues, is encryption that allows us not
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only to generate visually protected images to protect per-
sonally identifiable information included in an image, such
as an individual or the time and location of the taken pho-
tograph, but to also apply encrypted images to a ML algo-
rithm in the encrypted domain [10]. In addition, image en-
cryption with a secret key, referred to as image transforma-
tion with a secret key, can embed unique features controlled
with the key into images. The use of the unique features
was demonstrated to be effective in applications such as ad-
versarial defense and model protection [11]–[16]. However,
even though many image transformation methods with a se-
cret key have been studied so far for application to such ap-
plications, no conventional methods can avoid the influence
of image transformation. In other words, the use of trans-
formed images degrades the performance of models com-
pared with models trained with plain images [11]–[16]. In
addition, if we want to update the key, models have to be
re-trained by using a new key.

In this paper, we show that the use of the vision trans-
former (ViT) [17] allows us to reduce the influence of block-
wise encryption thanks to its architecture. After that, to
overcome the problems with conventional image transfor-
mation, we propose a novel framework for ML algorithms
with encrypted images that uses ViT.

In the framework, a model trained with plain images
is also transformed with a secret key using the unique fea-
tures in addition to test images, and the combined use of
the transformed model and test images is proposed for us-
ing ML algorithms in the encrypted domain. The proposed
scheme allows us not only to obtain the same performance
as models trained with plain images but to also update the
secret key easily. In an experiment, the effectiveness of
the proposed scheme is evaluated in terms of performance
degradation and model protection performance in an image
classification task on the CIFAR-10 dataset.

2. Related Work

Conventional image transformation for machine learning
and ViT are summarized here.

2.1 Image Transformation for Machine Learning

Various image transformation methods with a secret key,
often referred to as perceptual image encryption or image
cryptography, have been studied so far for many applica-
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Fig. 1 Applications of perceptual image encryption

tions. Perceptional encryption can offer encrypted images
that are described as bitmap images, so the encrypted im-
ages can be directly applied to image processing algorithms.
In addition, encrypted images can be decrypted even when
noise is added to them, although the use of standard encryp-
tion algorithms such as DES and AES cannot.

Figure 1 shows typical applications of image transfor-
mation with a key. Image transformation with a key allows
us not only to protect visual information on plain images but
to also embed unique features controlled with the key into
images. The use of visually protected images has enabled
various kinds of applications. One of the origins of image
transformation with a key is in block-wise image encryp-
tion schemes for encryption-then-compression (EtC) sys-
tems [18]–[27]. Image encryption prior to image compres-
sion is required in certain practical scenarios such as secure
image transmission through an untrusted channel provider.
An EtC system is used in such scenarios, although the tra-
ditional way of securely transmitting images is to use a
compression-then-encryption (CtE) system. Compressible
encryption methods have been applied to privacy-preserving
compression, data hiding, and image retrieval [28]–[30] in
cloud environments. In addition, visually protected images
have been demonstrated to be effective in fake image detec-
tion [31] and various learning algorithms [10], [32]–[37].

In this paper, we focus on image transformation meth-
ods for machine learning including deep neural networks
(DNNs), called learnable encryption. Learnable encryption
enables us to directly apply encrypted data to a model as
training and testing data. Encrypted images have no vi-
sual information on plain images in general, so privacy-
preserving learning can be carried out by using visually pro-
tected images. In addition, the use of a secret key allows
us to embed unique features controlled with the key into
images. Adversarial defense [11], [13], [14], access con-
trol [12], [38], [39], and DNN watermarking [14], [40]–[47]
are carried out with encrypted data using the unique fea-
tures.

2.2 Vision Transformer

The transformer architecture has been widely used in natu-
ral language processing (NLP) tasks [48]. The vision trans-

Fig. 2 Architecture of ViT [17]

former (ViT) [17] has also provided excellent results com-
pared with state-of-the-art convolutional networks. Follow-
ing the success of ViT, a number of isotropic networks
(with the same depth and resolution across different layers in
the network) have been proposed such as MLP-Mixer [49],
ResMLP [50], CycleMLP [51], gMLP [52], vision permuta-
tor [53], and ConvMixer [54]. In this paper, we focus on ViT
because it utilizes patch embedding and position embedding
(see Fig. 2). Figure 2 illustrates the architecture of ViT. The
main procedure of ViT is given as follows:

1. Split an image into fixed-size patches, and linearly em-
bed each of them.

2. Add position embedding to patch embedding.
3. Feed the resulting sequence of vectors to a standard

transformer encoder.
4. Feed the output of the transformer to a multi-layer per-

ceptron (MLP), and get a result.

ViT utilizes patch embedding and position embedding. In
this paper, we point out that the embedding structure enables
us to reduce the influence of block-wise encryption. In patch
embedding, patches are mapped to vectors, and in position
embedding, the position information is embedded. If ev-
ery patch (block) is transformed with the same key, pixel
shuffling and bit flipping can be expressed as the operation
of patch embedding. In addition, block permutation can be
given as the operation of position embedding. The relation
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between block-wise encryption and the embedding structure
is demonstrated to avoid the influence of block-wise image
encryption.

3. Image and Model Transformation with Secret Key

An image transformation method with a secret key is pro-
posed here. The method makes it possible to simultaneously
use both transformed images and models.

3.1 Notation

The following notations are utilized throughout this paper.

• W, H, and C denote the width, height, and the number
of channels of an image, respectively.

• The tensor x ∈ [0, 1]C×W×H represents an input color
image.

• The tensor x′ ∈ [0, 1]C×W×H represents an encrypted
image.

• M is the block size of an image.
• Tensors xb and x′b ∈ [0, 1]Wb×Hb×pb are a block im-

age and an encrypted block image, respectively, where
Wb =

W
M is the number of blocks across width W,

Hb =
H
M is the number of blocks across height H, and

pb = M × M ×C is the number of pixels in a block.
We assume that W and H are divisible by M, so Wb and
Hb are positive integers.

• A pixel value in a block image (xb or x′b) is denoted
by xb(w, h, c) or x′b(w, h, c), where w ∈ {0, ...,Wb − 1},
h ∈ {0, ...,Hb − 1}, and c ∈ {0, ..., pb − 1} are indices
corresponding to the dimension of xb of x′b.

• xb(w, h, :) denotes a vector (xb(w, h, 0), ..., xb(w, h, pb −
1)) of a tensor xb.

• xb(:, :, c) denotes a matrix of a tensor xb as given in
xb(0, 0, c) . . . xb(Wb − 1, 0, c)
...

. . .
...

xb(0,Hb − 1, c) . . . xb(Wb − 1,Hb − 1, c)

 .
(1)

• B is a block in an image, and its dimension is M×M×C.
• B̂ is a flattened version of block B, and its dimension is

1 × 1 × pb.
• P is the patch size of an image.

3.2 Overview

Figure 3 shows the scenario of the proposed scheme, where
it is assumed that the classification model builder is trusted,
and the classification service provider is untrusted. The clas-
sification model builder trains a model by using plain images
and transforms the trained model with a secret key where the
transformation by using secret keys is performed only on the
preprocessing part of the transformer encoder. The trans-
formed model is given to the classification service provider,

and the key is sent to a client. The client prepares a trans-
formed test image with the key and sends it to the provider.
The provider applies it to the transformed model to obtain a
classification result, and the result is sent back to the client.

Note that the provider has neither a key nor plain im-
ages. The proposed scheme enables us to achieve this sce-
nario without any performance degradation compared with
the use of plain images.

3.3 Image Transformation

A block-wise image transformation with a secret key is pro-
posed for application to test images. As shown in Fig. 4,
the procedure of the transformation consists of three steps:
block segmentation, block transformation, and block inte-
gration. To transform an image x, we first divide x into
Wb × Hb blocks, as in

{
B11, B12, ..., BWbHb

}
. In this paper, we

assume that the block size of the segmentation is the same
as the patch size of ViT. Next, each block is flattened, and it
is concatenated again to obtain a block image xb. Then, xb

is transformed to x′b in accordance with block transforma-
tion with key K. Finally, x′b is transformed so that it has the
same C × H ×W dimensions as those of the original image,
and encrypted image x′ is obtained.

In addition, the block transformation is carried out by
using the four operations shown in Fig. 4. Details on each
operation are given below.

A Block Permutation

1. Generate a random permutation vector uA =

(v0, v1, ..., vk, ..., vk′ , ..., vWb×Hb−1) that consists of ran-
domly permuted integers from 0 to Wb × Hn − 1 by
using a key K1, where k, k′ ∈ {0, ...,Hb ×Wb − 1}, and
vk , vk′ if k , k′.

2. Blocks are permutated to replace xb with x′(1)
b by using

vector uA (see Algorithm 1).

Algorithm 1 Block permutation
Input: xb,K1

Output: x′(1)
b

Generate a vector uA using key K1 .
yb ← (xb[0, 0, :], xb[1, 0, :], ..., xb[Wb − 1,Hb − 1, :])
i← 0
while i < Hb ×Wb do
y′b[i]← yb[uA[i]]
i← i + 1

end while
w← 0
h← 0
while h < Hb do

while w < Wb do
x′(1)

b [w, h, :]← y′b[w + h ×Wb]
w← w + 1

end while
h← h + 1

end while
return x′(1)

b
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Fig. 3 Scenario of proposed scheme

Fig. 4 Procedure of block-wise transformation

B Pixel Shuffling

1. Generate a random permutation vector uB =

(v0, v1, ..., vk, ..., vk′ , ..., vpb−1) by using a key K2, where
k, k′ ∈ {0, ..., pb − 1}, and vk , vk′ if k , k′.

2. Pixels in each block are shuffled by vector uB as (see
Algorithm 2).

x′(2)
b (w, h, k) = x′(1)

b (w, h, vk). (2)

Algorithm 2 Pixel shuffling

Input: x′(1)
b ,K2

Output: x′(2)
b

Generate a vector uB using key K2 .
i← 0
while i < pb do

x′(2)
b [:, :, i]← x′(1)

b [:, :, uB[i]]
i← i + 1

end while
return x′(2)

b
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C Bit Flipping

1. Generate a random binary vector r = (r0, ..., rk, ..., rpb−1),
rk ∈ {0, 1} by using a key K3. To keep the transforma-
tion consistent, r is distributed with 50% of “0”s and
50% of “1”s.

2. Apply negative-positive transformation on the basis of
r as

x′(3)
b (w, h, k) =

x′(2)
b (w, h, k) (rk = 0)

1 − x′(2)
b (w, h, k) (rk = 1).

(3)

Algorithm 3 Bit flipping

Input: x′(2)
b ,K3

Output: x′(3)
b

Generate a vector r using key K3 .
i← 0
while i < pb do

if r[i] = 0 then
x′(3)

b [:, :, i]← x′(2)
b [:, :, i]

else
x′(3)

b [:, :, i]← 1 − x′(2)
b [:, :, i]

end if
i← i + 1

end while
return x′(3)

b

D Normalization

Various normalization methods are widely used to improve
the training stability, optimization efficiency, and general-
ization ability of DNNs. In this paper, we use a normal-
ization method to achieve the combined use of transformed
images and models.

From Eq. (3), if rk = 0, a pixel x′(3)
b (w, h, k) is replaced

with x′b(w, h, k) as

x′b(w, h, k) =
x′(3)

b (w, h, k) − 1/2

1/2

=
x′(2)

b (w, h, k) − 1/2

1/2
.

(4)

In contrast, if rk = 1, a pixel x′(3)
b (w, h, k) is replaced as fol-

lows.

x′b(w, h, c) =
x′(3)

b (w, h, c) − 1/2

1/2

= 2x′(3)
b (w, h, c) − 1

= 2(1 − x′(2)
b (w, h, c)) − 1

= 1 − 2x′(2)
b (w, h, c)

= −
x′(2)

b (w, h, c) − 1/2

1/2

(5)

Therefore, bit flipping with normalization can be re-
garded as an operation that reverses the positive or negative
sign of a pixel value. This property allows us to use the
model encryption that will be described later.

The above encryption steps are the same as those of a
number of conventional methods [10], [11], but the perfor-
mance of conventional models is degraded due to the influ-
ence of encryption when the encryption steps are used in
the conventional schemes. In contrast, the proposed method
is demonstrated to avoid the influence of encryption in this
paper, which is one of the reasons to apply the algorithm
written in each step. In addition, the encryption steps can
be expressed as a linear transform as described in the paper.
Other encryption steps can also be used under the frame-
work of the proposed scheme, if they are expressed as a lin-
ear transform such as a random matrix.

3.4 Model Transformation

In model transformation, some parameters in models trained
with plain images are transformed by using a secret key. In
this paper, a model transformation method is proposed that
can achieve the combined use of models and images trans-
formed with the same key.

ViT utilizes patch embedding and position embedding
(see Fig. 2), so it has the following two properties.

1. Patch-order invariance of transformer encoder: the out-
put of the transformer encoder corresponding to an in-
put patch is independent of the order of input patches.

2. Ability to adapt to pixel order by patch embedding:
patch embedding can be adapted to pixel shuffling and
bit flipping because they can be expressed as an invert-
ible linear transformation as described below.

In the proposed scheme, it is assumed that the patch
size P used for patching is the same as the block size used
for image encryption, and the number of patches is equal to
that of blocks in an image. The transformation of parameters
in trained models is described below.

A Position Embedding and Patch Embedding

In ViT [17], all segmented patches are flattened. A pixel
value in the flattened patches is given by a pixel value in the
original image as

xi
p[k] = x[h, w, c],

h =

⌊
i − 1
W/P

⌋
P +

⌊
k − 1 mod P2

P

⌋
,

w = ((i − 1) mod (W/P)) P + ((k − 1) mod P),

c =

⌊
k − 1

P2

⌋
,

xi
p ∈ RP2C , i ∈ {1, 2, ...,N}, k ∈ {1, 2, ..., P2C}

(6)

where xi
p[k] is a pixel value in the i-th patch, and N =



KIYA et al.: IMAGE AND MODEL TRANSFORMATION WITH SECRET KEY FOR VISION TRANSFORMER
7

HW/P2 is the number of patches. To simplify the discus-
sion, we assume that H and W are divisible by P.

Then, in patch embedding, the flattened patches are
mapped to vectors with dimensions of D by using a ma-
trix E ∈ R(P2C)×D, and in position embedding, the position
information Epos ∈ R(N+1)×D is embedded into each patch as

z0 = [xclass; x1
pE; x2

pE; · · · ; xN
p E] + Epos,

Epos =

((
e0

pos

)T (
e1

pos

)T · · ·
(
eN

pos

)T)T
ei

pos ∈ RD, i = 0, 1, ...,N

(7)

where xclass is the classification token which is the input to
MLP (see Fig. 2), e0

pos is the information of the classification
token.

The proposed model transformation is carried out in
accordance with the above relation.

B Position Embedding Transformed with Key

Position embedding is an operation that embeds position
information into classification token and each patch as in
Eq. (7). Let us define a matrix Êpos consisting of position
information of each patch as

Êpos =

((
e1

pos

)T (
e2

pos

)T · · ·
(
eN

pos

)T)T
,

ei
pos ∈ RD, i = 1, 2, ...,N.

(8)

Note that Êpos does not contain information about the
classification token.

The permutation of rows in Êpos corresponds to the
block permutation in image transformation. Therefore, Êpos

can be permuted using key K1 used for block permutation,
and the model can be encrypted. The transformed model
offers a high accuracy for only test images transformed by
block permutation with K1. By defining a permutation ma-
trix E1 with key K1, the transformation from Êpos to Ê′pos can
be given as follows.

Ê′pos = E1Êpos

=

((
e′1pos

)T · · ·
(
e′Npos

)T)T
,

e′ipos ∈ {e1
pos, · · · , eN

pos}

(9)

Therefore, from Eq. (7), the transformed matrix E′pos is given
by

E′pos =

((
e0

pos

)T (
e′1pos

)T · · ·
(
e′Npos

)T)T
. (10)

C Patch Embedding Transformed with Key

In patch embedding, flattened patches are mapped to vec-
tors with a dimension of D as in Eq. (7). When the patch

size of ViT is equal to the block size of image transforma-
tion, P2C = pb is satisfied. Therefore, the permutation of
rows in E corresponds to pixel shuffling, so the model can
be encrypted with key K2 used for pixel shuffling. The accu-
racy of the transformed model is high only when test images
are encrypted by using pixel shuffling with key K2. As well
as the transformation of Epos, a permutation matrix E2 is de-
fined with key K2, and the transformation from matrix E to
E′ is shown as follows.

E′ = E2E (11)

In addition, as shown in Eqs. (4) and (5), bit flipping
with normalization can be regarded as an operation that ran-
domly inverses the positive/negative sign of a pixel value.
Therefore, we can encrypt a model by inverting the sign of
the rows in matrix E with key K3 used for bit flipping. The
transformed model offers a high accuracy only for test im-
ages transformed by bit flipping with key K3. Using key K3

to generate the same vector r used in bit flipping, the trans-
formation from E to E′ can be expressed as follows.

E′(k, :) =
{

E(k, :) (rk = 0)

− E(k, :) (rk = 1)
(12)

where E(k, :) and E′(k, :) are k-th rows of matrices E and E′.
Accordingly, the procedure of the proposed method can

be summarized as follows.

Step 1: Prepare a key set K = {K1,K2,K3}.
Step 2: Generate E1 with K1, E2 with K2, and r with K3

Step 3: Transform a model Vθ trained with plain images by
using E1, E2, and r on the basis of Eqs. (9), (10), and
(11) as

V ′θ = t(Vθ, {E1,E2, r}), (13)

where t(Vθ, {E1,E2, r}) is the proposed model transfor-
mation algorithm, and V ′θ is a transformed model.

Step 4: Transform test images with K = {K1,K2,K3}.

3.5 Properties of Proposed Scheme

The proposed method has the following properties.

• The model performs well only if test images are trans-
formed with the same key as that used for transforming
the model.

• The proposed scheme does not cause performance
degradation, due to the relation

V ′θ(x′) = Vθ(x). (14)

• Model training and encryption are independent. There-
fore, it is possible to easily update a key.

4. Experiment and Discussion

In an experiment, the effectiveness of the proposed scheme
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was shown in terms of image classification accuracy and
model protection performance.

4.1 Experiment Setup

To confirm the effectiveness of the proposed method, we
evaluated the accuracy of an image classification task on the
CIFAR-10 dataset (with 10 classes). The CIFAR-10 consists
of 60,000 color images (dimension of 3 × 32 × 32), where
50,000 images are for training, 10,000 for testing, and each
class contains 6,000 images. Images in the dataset were re-
sized to 3× 224× 224 to input them to ViT, before applying
the proposed encryption algorithm, where the block size was
16 × 16.

We used the PyTorch [55] implementation of ViT and
fine-tuned a ViT model with a patch size P = 16, which
was pre-trained on ImageNet-21k. The ViT model was fine-
tuned for 5000 epochs. The parameters of the stochastic
gradient descent (SGD) optimizer were a momentum of 0.9
and a learning rate value of 0.03.

In addition, we used three conventional visual informa-
tion protection methods (Tanaka’s method [56], the pixel-
based encryption method [57], and the GAN-based trans-
formation method [58]) to compare them with the proposed
method. ResNet-20 was used to validate the effectiveness
of the conventional method with reference to [59]. The
CIFAR-10 was also used for training networks, and the net-
works were trained for 200 epochs by using stochastic gra-
dient descent (SGD) with a weight decay of 0.0005 and a
momentum of 0.9. The learning rate was initially set to 0.1,
and it was multiplied by 0.2 at 60, 120, and 160 epochs. The
batch size was 128.

4.2 Image Classification

First, we evaluated the proposed and conventional methods
in terms of the accuracy of image classification under the
use of ViT and ResNet-20. As shown in Table 1, the perfor-
mance of all conventional methods was degraded compared
with the baselines. In contrast, the proposed method did not
degrade the performance at all.

4.3 Model Protection

Next, we validated whether the proposed method has the
ability to protect models. Table 2 shows the accuracy of
image classification when encrypted or plain images were

Table 1 Comparison with conventional methods in terms of classifica-
tion accuracy

Model Method Accuracy

ViT Baseline 99.03
Proposed 99.03

ResNet-20 [59] Baseline 91.55
Tanaka [56] 87.02

Pixel-based [57] 86.66
GAN-based [58] 82.55

input to the encrypted model.
The encrypted model performed well for test images

with the correct key, but its accuracy was not high when
using plain test images. The CIFAR-10 dataset consists of
ten classes, so 9.06 is almost the same accuracy as that when
test images are randomly classified.

Next, we confirmed the performance of images en-
crypted with a different key from that used in the model en-
cryption. We prepared 100 random keys, and test images
encrypted with the keys were input to the encrypted model.
From the box plot in Fig. 5, the accuracy of the models was
not high under the use of the wrong keys. Accordingly, the
proposed scheme was confirmed to be robust against a ran-
dom key attack.

The use of a large key space enhances robustness
against various attacks in general. In this experiment, the
key space of block permutation, pixel shuffling, and bit flip-
ping (OP, OS, and OF) is given by

OP = (WbHb)!

= (WH/M2)! = 196!,
(15)

OS = pb!

= (M2C)! = 768!,
(16)

and

OF =
pb!

(pb/2)! · (pb/2)!

=
(M2C)!

(M2C/2)! · (M2C/2)!
=

768!
384! · 384!

.

(17)

Therefore, the key space of the proposed method is repre-
sented as follows.

Table 2 Robustness against use of plain images

Test Image
Model Plain Proposed

Baseline 99.03 -
Proposed 9.06 99.03

Fig. 5 Evaluating robustness against random key attack. Boxes span
from first to third quartile, referred to as Q1 and Q3, and whiskers show
maximum and minimum values in range of [Q1 − 1.5(Q3 − Q1),Q3 +
1.5(Q3−Q1)]. Band inside box indicates median. Outliers are indicated as
dots.
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O = OP × OS × OF ≃ 28237 (18)

Typical cipher systems are recommended to have 2128

as a key space as in [60]. Accordingly, the key space O is
sufficiently large, so it is difficult to find the correct key by
random key estimation.

5. Conclusion

In this paper, we proposed the combined use of an image
transformation method with a secret key and ViT models
transformed with the key. The proposed scheme enables
us not only to use visually protected images but to also
maintain the same classification accuracy as that of models
trained with plain images. In addition, in an experiment, the
proposed scheme was demonstrated to outperform state-of-
the-art methods with perceptually encrypted images in terms
of classification accuracy, and it was also verified to be ef-
fective in model protection.
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Beygelzimer, F. d'Alché-Buc, E. Fox, and R. Garnett, eds., pp.8024–
8035, Curran Associates, Inc., 2019.

[56] M. Tanaka, “Learnable image encryption,” 2018 IEEE Int. Conf.
Consumer Electronics-Taiwan (ICCE-TW), pp.1–2, 2018.

[57] W. Sirichotedumrong, T. Maekawa, Y. Kinoshita, and H. Kiya,
“Privacy-preserving deep neural networks with pixel-based image
encryption considering data augmentation in the encrypted domain,”
2019 IEEE Int. Conf. Image Process. (ICIP), pp.674–678, 2019.

[58] W. Sirichotedumrong and H. Kiya, “A gan-based image transfor-
mation scheme for privacy-preserving deep neural networks,” 2020
28th European Signal Processing Conference (EUSIPCO), pp.745–
749, 2021.

[59] H. Ito, Y. Kinoshita, M. Aprilpyone, and H. Kiya, “Image to per-
turbation: An image transformation network for generating visu-
ally protected images for privacy-preserving deep neural networks,”
IEEE Access, vol.9, pp.64629–64638, 2021.

[60] B. Schneier and P. Sutherland, Applied Cryptography: Protocols,
Algorithms, and Source Code in C, 2nd ed. USA: John Wiley and
Sons, Inc., 1995.

http://dx.doi.org/10.1109/ACCESS.2020.3035563
http://dx.doi.org/10.1109/ACCESS.2020.3035563
http://dx.doi.org/10.1109/ICIP.2019.8803431
http://dx.doi.org/10.1109/ICIP.2019.8803431
http://dx.doi.org/10.1109/ICIP.2019.8803431
http://dx.doi.org/10.48550/arXiv.2202.02819
http://dx.doi.org/10.48550/arXiv.2202.02819
http://dx.doi.org/10.48550/arXiv.2202.02819
http://dx.doi.org/10.1587/transfun.2020SMP0022
http://dx.doi.org/10.1587/transfun.2020SMP0022
http://dx.doi.org/10.1587/transfun.2020SMP0022
http://dx.doi.org/10.1587/transfun.2020SMP0022
http://dx.doi.org/10.1109/ACCESS.2020.3039997
http://dx.doi.org/10.1109/ACCESS.2020.3039997
http://dx.doi.org/10.1109/ACCESS.2020.3039997
http://dx.doi.org/10.1587/transinf.2019MUP0009
http://dx.doi.org/10.1587/transinf.2019MUP0009
http://dx.doi.org/10.1587/transinf.2019MUP0009
http://dx.doi.org/10.1109/ICASSP40776.2020.9053463
http://dx.doi.org/10.1109/ICASSP40776.2020.9053463
http://dx.doi.org/10.1109/ICASSP40776.2020.9053463
http://dx.doi.org/10.1109/ICASSP40776.2020.9053463
http://dx.doi.org/10.1587/transinf.2015MUP0007
http://dx.doi.org/10.1587/transinf.2015MUP0007
http://dx.doi.org/10.1587/transinf.2015MUP0007
http://dx.doi.org/10.1587/transinf.2015MUP0007
http://dx.doi.org/10.1587/transfun.E102.A.1849
http://dx.doi.org/10.1587/transfun.E102.A.1849
http://dx.doi.org/10.1587/transfun.E102.A.1849
http://dx.doi.org/10.1587/transfun.E102.A.1849
http://dx.doi.org/10.1109/WIFS.2018.8630791
http://dx.doi.org/10.1109/WIFS.2018.8630791
http://dx.doi.org/10.1109/WIFS.2018.8630791
http://dx.doi.org/10.1145/3307650.3322251
http://dx.doi.org/10.1145/3307650.3322251
http://dx.doi.org/10.1145/3307650.3322251
http://dx.doi.org/10.1145/3307650.3322251
http://dx.doi.org/10.1145/3078971.3078974
http://dx.doi.org/10.1145/3078971.3078974
http://dx.doi.org/10.1145/3078971.3078974
http://dx.doi.org/10.1145/3078971.3078974
http://dx.doi.org/10.1145/3323873.3325042
http://dx.doi.org/10.1145/3323873.3325042
http://dx.doi.org/10.1145/3323873.3325042
http://dx.doi.org/10.1145/3323873.3325042
http://dx.doi.org/10.1145/3323873.3325042
http://dx.doi.org/10.48550/arXiv.1804.00750
http://dx.doi.org/10.48550/arXiv.1804.00750
http://dx.doi.org/10.48550/arXiv.1804.00750
http://dx.doi.org/10.48550/arXiv.1804.00750
http://dx.doi.org/10.1109/TPAMI.2021.3088846
http://dx.doi.org/10.1109/TPAMI.2021.3088846
http://dx.doi.org/10.1109/TPAMI.2021.3088846
http://dx.doi.org/10.1109/TPAMI.2021.3088846
http://dx.doi.org/10.1145/3196494.3196550
http://dx.doi.org/10.1145/3196494.3196550
http://dx.doi.org/10.1145/3196494.3196550
http://dx.doi.org/10.1145/3196494.3196550
http://dx.doi.org/10.1145/3196494.3196550
http://dx.doi.org/10.1109/MIPR.2019.00073
http://dx.doi.org/10.1109/MIPR.2019.00073
http://dx.doi.org/10.1109/MIPR.2019.00073
http://dx.doi.org/10.1109/MIPR.2019.00073
http://dx.doi.org/10.1007/s00521-019-04434-z
http://dx.doi.org/10.1007/s00521-019-04434-z
http://dx.doi.org/10.1007/s00521-019-04434-z
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.18653/v1/N19-1423
http://dx.doi.org/10.1109/TPAMI.2022.3145427
http://dx.doi.org/10.1109/TPAMI.2022.3145427
http://dx.doi.org/10.1109/TPAMI.2022.3145427
http://dx.doi.org/10.48550/arXiv.2201.09792
http://dx.doi.org/10.48550/arXiv.2201.09792
http://dx.doi.org/10.48550/arXiv.2201.09792
http://dx.doi.org/10.1109/ICCE-China.2018.8448772
http://dx.doi.org/10.1109/ICCE-China.2018.8448772
http://dx.doi.org/10.1109/ICIP.2019.8804201
http://dx.doi.org/10.1109/ICIP.2019.8804201
http://dx.doi.org/10.1109/ICIP.2019.8804201
http://dx.doi.org/10.1109/ICIP.2019.8804201
http://dx.doi.org/10.23919/Eusipco47968.2020.9287532
http://dx.doi.org/10.23919/Eusipco47968.2020.9287532
http://dx.doi.org/10.23919/Eusipco47968.2020.9287532
http://dx.doi.org/10.23919/Eusipco47968.2020.9287532
http://dx.doi.org/10.1109/ACCESS.2021.3074968
http://dx.doi.org/10.1109/ACCESS.2021.3074968
http://dx.doi.org/10.1109/ACCESS.2021.3074968
http://dx.doi.org/10.1109/ACCESS.2021.3074968


KIYA et al.: IMAGE AND MODEL TRANSFORMATION WITH SECRET KEY FOR VISION TRANSFORMER
11

Hitoshi Kiya received his B.E and M.E.
degrees from the Nagaoka University of Tech-
nology in 1980 and 1982, respectively, and his
Dr. Eng. degree from Tokyo Metropolitan Uni-
versity in 1987. In 1982, he joined Tokyo
Metropolitan University, where he became a
Full Professor in 2000. From 1995 to 1996,
he attended the University of Sydney, Australia
as a Visiting Fellow. He is a Fellow of IEEE,
IEICE, AAIA and ITE. He served as President
of APSIPA from 2019 to 2020 and as Regional

Director-at-Large for Region 10 of the IEEE Signal Processing Society
from 2016 to 2017. He was also President of the IEICE Engineering Sci-
ences Society from 2011 to 2012, and he served there as Editor in-Chief
for IEICE Society Magazine and Society Publications. He has been an
Editorial Board Member of eight journals, including IEEE Trans. on Sig-
nal Processing, Image Processing, and Information Forensics and Security,
Chair of two technical committees, and Member of nine technical com-
mittees including the APSIPA Image, Video, and Multimedia Technical
Committee (TC) and IEEE Information Forensics and Security TC. He has
organized a lot of international conferences in such roles as TPC Chair of
IEEE ICASSP 2012 and as General Co-Chair of IEEE ISCAS 2019. He
has received numerous awards, including 12 best paper awards.

Ryota Iijima received his B.C.S degree
from Tokyo Metropolitan University, Japan in
2022. Since 2022, he has been a Master course
student at Tokyo Metropolitan University. His
research interests include deep neural networks
and their protection.

AprilPyone MaungMaung received a BCS
degree from the International Islamic University
Malaysia in 2013 under the Albukhary Founda-
tion Scholarship, MCS degree from the Univer-
sity of Malaya in 2018 under the International
Graduate Research Assistantship Scheme, and
Ph.D. degree from the Tokyo Metropolitan Uni-
versity in 2022 under the Tokyo Human Re-
sources Fund for City Diplomacy Scholarship.
He is currently working as a Project Assistant
Professor in the Tokyo Metropolitan University

and as a researcher in rinna Co. Ltd. He received an IEEE ICCE-TW Best
Paper Award in 2016. His research interests are in the area of adversarial
machine learning and information security. He is a member of IEEE.

Yuma Kinoshita received his B.Eng.,
M.Eng., and the Ph.D. degrees from Tokyo
Metropolitan University, Japan, in 2016, 2018,
and 2020 respectively. In April 2020, he started
to work with Tokyo Metropolitan University,
as a project assistant professor. He moved to
Tokai University, Japan, as an associate profes-
sor/lecturer in April 2022. His research interests
are in the area of signal processing, image pro-
cessing, and machine learning. He is a Member
of IEEE, APSIPA, IEICE, and ASJ. He received

the IEEE ISPACS Best Paper Award, in 2016, the IEEE Signal Processing
Society Japan Student Conference Paper Award, in 2018, the IEEE Sig-
nal Processing Society Tokyo Joint Chapter Student Award, in 2018, the
IEEE GCCE Excellent Paper Award (Gold Prize), in 2019, and the IWAIT
Best Paper Award, in 2020. He was a Registration Chair of DCASE2020
Workshop.


