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ABSTRACT

Noise robust image classification is essential for success-
ful deep learning deployment for the internet of things (IoTs)
especially for the edge devices under stingy energy budget.
Inherent image sensor noise and intentional image quality
degradation for region of interest (RoI) coding reduce accu-
racy of image classification. In this paper, we enhance the
accuracy of image classification on the perturbed images by
utilizing embedding space for both image classification and
additional pixel level regularization. To this end, we inject
pair of clean and perturbed images during training and min-
imize the distance between the two resulting embeddings.
We study the effects of random noise, low resolution, and
mixed resolution due to RoI encoding. We experiment our
algorithm for MNIST, CIFAR10 and ImageNet and show im-
proved robustness for perturbed images compared to baseline
data augmentation approach.

Index Terms— Image classification, noise, embedding,
low resolution, regularization

1. INTRODUCTION

Image classification using deep learning is being widely
adopted for the internet of things (IoTs) [1]. For power hun-
gry edge devices, it is critical to manage the trade-off between
energy and quality of the captured image. Region of interest
(RoI) based coding is becoming a norm for controlling the
energy quality trade-off in resource constraint edge devices
[2]. Also, inherent image sensor noise has to be considered
for successful image classification for low-end devices [3].
In this paper, we treat all these image quality degradation
including low resolution (LR), random noise and mixed reso-
lution (MR) in a single image due to RoI coding as pixel level
perturbation. We aim to improve the robustness of a classifier
against such perturbations.

Many prior work have been studied the impact of low
quality images on the image classification. There are two
ways to improve the classification accuracy. One is to re-
move such perturbation itself before performing classifica-
tion. GSM [4] , KSVD [5] and BM3D [6] are well known
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Fig. 1. Use of embedding space for learning low-level simi-
larities between clean and perturbed images.

algorithms for denoising and there have been several ap-
proaches using deep learning as a filter for denoising [7, 8].
Super resolution can also be applied as a pre-processing for
LR images before image classification [9].

Another approach is to make image classifier robust
against such image perturbation. [10] proposed fine-tuning a
classifier with LR images after training the network with high
resolution (HR) images. [11] proposed a two step training of
partially coupled network for LR image classification. [12]
studied the effect of noise and image quality degradation on
the accuracy of a network, and proposed to re-train/fine-tune
the network with data augmentation.

Our work falls in the latter category and makes the fol-
lowing contributions. First, we propose to utilize embedding
space for both image classification and general pixel level reg-
ularization. Inspired by the previous work [13] where adver-
sarial noises are regularized with a unified embedding, we use
the embedding space for regularizing general pixel level per-
turbations including LR, random noise and mixed resolution
(MR) in a single image, which were not considered in the ear-
lier study [13].

Second, unlike [10, 11] in which they focused on accu-
racy for LR images only, we propose to improve accuracy
of a classifier for perturbed images while maintaining decent
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accuracy for the original images. We apply our method for
MNIST, CIFAR10 and ImageNet dataset considering various
pixel perturbations and show improved accuracy compared to
plain data augmentation approach.

2. PROPOSED APPROACH

Simple way to improve robustness against image perturba-
tion is to train a classifier with perturbed images in addition to
original images. We advance this data augmentation approach
by adding simple, yet efficient regularization [13]. When we
train a classifier, we create k perturbed images using clean im-
ages and formulate a mini-batch of sizem including both per-
turbed images and their corresponding clean images. We in-
ject the pairs of these images during training. Un-normalized
logits (embeddings) right before the softmax layer are used
for both image classification and low-level pixel similarity
learning. Standard cross entropy loss is used for image clas-
sification after the soft max layer and distance based loss is
used for regularization of pixel value perturbation. In partic-
ular, we minimize the distance between clean and perturbed
embeddings resulted from the clean and perturbed images re-
spectively as shown in figure 1. The intuition behind the use
of distance based loss is to let the classifier aware of the pairs
of two embeddings are from the same original images. This
additional regularization promotes the classifier to ignore the
pixel noises (difference between perturbed images and the
original images). The entire procedure is described in algo-
rithm 1.

We formulate the total loss as follows.

Loss =
1

(m− k) + λk
(Lorg+λLperturb)+λ2Ldist (1)

where, Lorg is the classification loss for the original im-
ages, Lperturb is the classification loss for the perturbed im-
ages, Ldist is the distance based loss between the pairs of
original and perturbed images. m is the size of the mini batch,
k (≤ m/2) is the number of perturbed images in the mini
batch. λ is the parameter to control the relative weight of the
classification loss for perturbed images. λ2 is the parameter
to control the relative weight of the distance based loss Ldist

in the total loss. Each loss term is defined as follows:

Lorg =

m−k∑
i=1

L(Xi|yi)

Lperturb =

k∑
i=1

L(X′
i |yi)

Ldist =

k∑
i=1

||E′
i −Ei||22

where, X′
i is i’th perturbed image generated from i’th

original image Xi. Ei and E′
i are the resulting embeddings

Algorithm 1 Image classification with pixel level regulariza-
tion
m: size of mini batch, k: size of perturbed images
Require: k ≤ m/2

1: repeat
2: Get mini batch B = {X1, ..., Xm−k}.
3: Generate k perturbed examples {X ′1, ..., X ′k} from

corresponding original examples {X1, ..., Xk}.
4: Make new mini batch B′ =
{X ′1, ..., X ′k, X1, ..., Xm−k}.

5: Perform one step forward pass with B′.
6: Formulate the cross entropy loss with entire embed-

dings {E′1, ..., E′k, E1, ..., Em−k}.
7: Formulate the distance based loss with perturbed em-

beddings {E′1, ..., E′k} and corresponding original em-
beddings {E1, ..., Ek}.

8: Perform one step backward pass and update the pa-
rameters in N .

9: until training converged

from Xi and X′
i respectively. We use pivot loss introduced

in [13] where the gradient back propagation is not performed
through original embeddings E. Additional details can be
found in [13].

3. EXPERIMENTAL RESULTS

3.1. MNIST and CIFAR10

We use 20-layer ResNet (table 6 in [14]) model for MNIST
and CIFAR10 dataset. We scale down the image values to
[0,1] for both dataset and subtract per-pixel mean values for
CIFAR10. We perform 32x32 random crop and random flip
on zero padded 40x40 original images for CIFAR10. We train
networks with λ = 0.3, λ2 = 0.0001, m = 128, k = 64 for the
experiments. Stochastic gradient descent (SGD) optimizer
with momentum of 0.9, weight decay of 0.0001 are used. We
start training with a learning rate of 0.1 and divide it by 10 at
4k, 6k and 8k iterations and terminate training at 9k iterations
for MNIST, and 48k and 72k iterations, and terminate training
at 94k iterations for CIFAR10.

3.1.1. Random Noise

We use Gaussian noise as an example of random noise. Dur-
ing training, we generate Gaussian noise N (µ = 0, σ2)
added images where σ is selected randomly in the interval
[0, max σ] per each image. We clip the noise added images
with the range [0,1]. We train networks injecting those noisy
images and clean images with/without pivot loss. We also
include standard training with clean images and only with
noisy images for comparison.

Table 1 shows test accuracy for MNIST and CIFAR10
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Table 1. Test accuracy (%) for Gaussian noise on MNIST and
CIFAR10 dataset. (Clean, Noisy / Pivot loss) are trained with
max σ = 0.15. Higher accuracy among (Ours) and (Clean,
Noisy) is emphasized in bold.

MNIST

Training clean σ = 0.15

Clean only 99.6 40.9
Noisy only 99.5 99.5
Clean, Noisy 99.6 99.4
Pivot loss (Ours) 99.5 99.5

CIFAR10

Training clean σ = 0.05 σ = 0.15

Clean only 91.6 62.4 16.6
Noisy only 89.8 88.9 82.0
Clean, Noisy 90.5 89.1 80.7
Pivot loss (Ours) 90.8 89.6 81.7

dataset. As expected, we observe injecting noisy images dur-
ing training improves accuracy for noisy images at test time
compared to training only with clean images (Clean only) for
both MNIST and CIFAR10. For simple images like MNIST,
our pivot loss doesn’t show any meaningful difference com-
pared to data augmentation approach (Clean, Noisy) or train-
ing with noisy images only case (Noisy only).

Training only with noisy images: for CIFAR10 dataset,
training only with noisy images (Noisy only) shows best ac-
curacy for noisy images with higher σ (σ=0.15), however, at
the expense of decreased accuracy for the clean images. It
is natural that the network trained with noisy images perform
well for the noisy images, but not for the clean images. Care-
ful selection of σ is necessary when we use Gaussian noise
as a data augmentation for the clean images since larger noise
actually decreases accuracy for the clean images.

Training with clean and noisy images: (Clean, Noisy
/ Pivot loss) show good compromise between training only
with clean images (Clean only) and with noisy images (Noisy
only). Our pivot loss only increase accuracy for both clean
and noisy images compared to pure data augmentation ap-
proach. This shows that additional loss with a unified embed-
ding results in better regularization than training only with
augmented data when we deal with pixel level perturbation.

3.1.2. Low Resolution

We augment LR images with sub-sampling factors of either
2 or 4. After down-sampling, those images are up-sampled
with ‘nearest’ or ‘bicubic’ method. We randomly choose
sub-sampling factor and up-sampling method per each im-
age during training. Resulting LR images together with the

Table 2. Test accuracy (%) for LR images (sub-sampling =
x4) on MNIST and CIFAR10 dataset. For CIFAR10 dataset,
110-layer ResNet models are also trained to analyze the effect
of pivot loss for deeper networks. Higher accuracy among
(Ours) and (Clean, LR) is emphasized in bold.

MNIST

Training clean x4 (nearest) x4 (bicubic)

Clean only 99.6 50.4 57.5
LR only 99.5 87.6 86.4
Clean, LR 99.6 86.8 86.0
Pivot loss (Ours) 99.6 87.1 86.2

CIFAR10

Training clean x4 (nearest) x4 (bicubic)

20-L, Clean only 91.6 19.2 19.9
20-L, LR only 86.9 75.9 72.9
20-L, Clean, LR 91.7 71.5 70.7
20-L, Pivot loss (Ours) 92.0 73.5 72.7

110-L, Clean only 93.5 21.9 15.7
110-L, LR only 86.4 78.8 77.0
110-L, Clean, LR 93.8 76.4 76.2
110-L, Pivot loss (Ours) 93.3 78.1 77.4

clean high resolution (HR) images are injected during train-
ing with/without pivot loss. Again, we also train networks
with clean images and with LR images for comparison.

Table 2 shows test accuracy of the trained networks for
clean and LR images. In this case as well, as expected, we
observe training with LR images improves accuracy for LR
images compared to training only with clean images (Clean
only) on both MNIST and CIFAR10.

Training only with LR images: for MNIST, training
only with LR images (LR only) results in good accuracy for
clean images as well as LR images. This is because MNIST
LR images have good enough features that can be well gen-
eralized for clean HR images. For complex images like CI-
FAR10, however, we observe training only with LR images
(LR only) degrades accuracy for clean HR images since LR
images lose features that are necessary for HR image classi-
fication. In all cases, accuracy for LR images is not close to
that for clean images due to the loss of features in LR images.

Training with clean and LR images: interestingly, net-
works trained with both clean and LR images (Clean, LR /
Pivot loss) show better accuracy improvements for both clean
and LR images compared to the network trained with clean
images (Clean only). This suggests that data augmentation
with LR images serves as a good regularizer for the clean im-
ages as well. However, (Clean, LR / Pivot loss) show de-
creased accuracy for LR images compared to (LR only). This

2593



[Final resize &
Random flip]

[Original] [Random crop] [MR Image]

Fig. 2. Generation of mixed resolution (MR) in a single im-
age. Blue box and red box in the original image represent
random crop area and bounding box respectively.

is because the network trained only with LR images has seen
more LR images during training, thus, performs better for LR
images. Again, our pivot loss only increases accuracy for
clean and LR images compared to the network trained without
pivot loss.

Deeper networks: we further test the accuracy for 110-
layer ResNet models on CIFAR10 dataset to study the effect
of training both with clean and LR images for deeper net-
works. As seen from the table 2, data augmentation with
110-layer ResNet improves accuracy for both original and LR
images compared to 20-layer counter part. Our pivot loss in-
creases accuracy for LR images compared to data augmenta-
tion approach, however, not for the clean images. The experi-
ments show that our pivot loss is always a good regularizer for
LR images, however, it is sometimes good or bad regularizer
for the clean images. Thus, we recommend using distance
based loss when the focus is to improve the accuracy of LR
images while maintaining good enough accuracy for the orig-
inal images. We also recommend using distance based loss
with LR images for fine-tuning on the accuracy for original
images as observed in 20-layer ResNet case study.

3.2. ImageNet

We use 18-layer ResNet (table 1 in [14]) model for ImageNet
[15] classification. We scale down the image values to [0,1]
and subtract per-channel mean values. We perform random
crop (0.5 < area range < 0.8) and random flip on original
images, and resize images to 244x244. We start training with
a learning rate of 0.1 and divide it by 10 at 500k, 800k and
1M iterations and terminate training at 1.1M iterations. We
first train a network only with clean images.

3.2.1. Mixed Resolution in a Single Image

To see the effect of region of interest (RoI) based encoding on
image classification, we consider mixed resolution (MR) in a
single image as in figure 2. We use ground truth bounding
boxes to create MR images for training, and use region-based
fully convolutional network (R-FCN) [16] with ResNet-101
trained on MS-COCO dataset [17] for bounding box gener-

Table 3. Test accuracy (%) for MR and LR images (sub-
sampling = x4) on ImageNet dataset. Higher accuracy among
(Ours) and (Clean, MR, LR) is emphasized in bold.

Training clean MR x4 (nearest) LR x4 (nearest)

Clean only 68.1 57.8 29.3
Clean, MR, LR 67.9 61.5 44.9
Pivot loss (Ours) 67.4 62.1 49.0

ation on validation data set at test time. 1 We fine-tune the
baseline network with clean, MR and LR images for 400k it-
erations with a learning rate of 1e-5 with/without pivot loss.
We use λ = 0.3, λ2 = 0.0001, m = 64 and k = 32 (16 for LR,
16 for MR) for the experiments.

Table 3 shows accuracy results for MR and LR images.
Pivot loss shows better accuracy for MR and LR images com-
pared to data augmentation approach (Clean, MR, LR) at the
expense of small accuracy decrease on the clean images. This
shows that pivot loss serves as a good regularizer for im-
ages with various resolution including MR and LR on Ima-
geNet dataset. This result is also consistent with the LR case
study for deeper networks on CIFAR10 dataset. As long as
resolution and noise are concerned for image classification,
our pivot loss can be a simple, yet efficient regularizer for
perturbed images while maintaining decent accuracy for the
clean images.

4. CONCLUSION

We proposed the use of embedding space for both image clas-
sification and pixel level regularization for various types of
image perturbation. We considered random noise, LR and
MR due to RoI based coding that can be happen in practical
IoT scenario as examples of image perturbation. Image clas-
sification results on MNIST, CIFAR10 and ImageNet dataset
showed promising results when we used proposed pivot loss
as an additional regularization compared to the baseline data
augmentation approach.
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