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 Abstract—In this paper, we present a novel channel scaling 
scheme for convolutional neural networks (CNNs), which can 
improve the recognition accuracy for the practical distorted 
images without increasing the network complexity. During the 
training phase, the proposed work first prepares multiple filters 
under the same CNN architecture by taking account of different 
noise models and strengths. We then newly introduce an FFT-
based noise classifier, which determines the noise property in the 
received input image by calculating the partial sum of the 
frequency-domain values. Based on the detected noise class, we 
dynamically change the filters of each CNN layer to provide the 
dedicated recognition. Furthermore, we propose a channel scaling 
technique to reduce the number of active filter parameters if the 
input data is relatively clean. Experimental results show that the 
proposed dynamic channel scaling reduces the computational 
complexity as well as the energy consumption, still providing the 
acceptable accuracy for intelligent edge devices. 

Keywords—convolutional neural network, intelligent edge 
devices, noise-resilient processing 

I. INTRODUCTION  

Among the various machine learning (ML) algorithms, in 
the last decade, the convolutional neural network (CNN) has 
been actively applied to the recognition system by improving its 
accuracy continuously [1]. Following to the high-performance 
computing servers, dominating the ML market with massive-
parallel operations [2], the edge devices using the raw inputs are 
now expected to have the intelligence by including CNN 
inference engines [3]. However, it is generally reported that raw 
images at the edge devices are subjected to various noise sources 
like illumination variation, non-linearity of sensors, temperature 
fluctuation, and camera defocusing [4]. As the distorted images 
severely degrade accuracy [5], the advanced noise-resilient 
scheme should be utilized in the intelligent edge devices. 

Unfortunately, only few works are reported to reduce the 
effects of input noises for CNN-based recognition. Using the 
different noise models, the data augmentation is applied to 
extend the training set by including manually generated noisy 
images, retraining part of the network [6]. For the dynamic 
approach [7], the ensemble architecture is applied to the noise-
resilient CNN by introducing the gating network that 
automatically adjusts the contribution ratio of CNNs dedicated 
to the different types of input noises. The concept of adding 
noise reduction networks is used for enhancing the quality of 
input images, achieving the accuracy of the original CNN 
targeting the clean images [4]. However, the previous dynamic 

methods basically add complex processing steps associated with 
the numerous convolution operations and filter parameters. As 
the hardware resources are limited in edge devices [8], it is 
required to develop a practical solution that overcomes the 
distorted inputs with the acceptable computing costs. 

For the noise-resilient CNN system, in this work, we first 
separate the input noises into two types; Gaussian type and blur 
type. By changing the noise strength, we categorize input images 
into 7 noise classes, each of which has own trained filter 
parameters under the same CNN architecture. Then, we newly 
introduce an FFT-based noise classifier that reveals the noise 
class of the input image at the run time. Switching the dedicated 
parameters for each noise class, the proposed scheme achieves 
the attractive accuracy independent of the practical input noises. 
To realize the proposed noise-resilient CNN system in the 
resource-limited devices, the dynamic channel scaling is 
proposed to further reduce the number of parameters while 
providing the acceptable accuracy. By appending the channels, 
our noise-resilient CNN system remarkably relaxes the required 
memory usages and the computing overheads. 

II. NOISE MODELING OF INPUT IMAGES 

In this work, we adopt two noise types for modeling the 
common and practical distorted images in edge devices. The 
first noise type is based on Gaussian noise caused by thermal 
variations at image sensors and interface circuits [4]. The pixel 
value of the reference image is denoted as PR(x, y), where (x, y) 
stands for the coordinate of the corresponding pixel. Using the 
histogram of PR(x, y), we calculate the mean and variance of the 
reference, which are represented as μR and σR, respectively. The 
image with Gaussian noise is then expressed as follows. 

  (1) 
 

where PG(x, y) and NG(x, y) represent the pixel values of the 
noisy image subjected to Gaussian type and the noise kernel 
containing the effects of Gaussian noise, respectively. Note that 
the kernel NG(x, y) follows a normal distribution of (0, σG). By 
considering the practical noisy images, as depicted in Fig. 1(a), 
we define three noise classes by setting σG to 0.1σR, 0.2σR, and 
0.3σR, denoted as G1, G2, and G3, respectively. 

The second noise type is based on blurring effects. To 
formulate this type, we define the noise kernel NB(x, y) as 

  (2) 
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The distorted image PB(x, y) including blurring effects is then 
modeled by using the two-dimensional (2D) convolution of PC(x, 
y) and NB(x, y), i.e., PB(x, y) = PR(x, y) * NB(x, y). Similar to 
Gaussian-type classes, as depicted in Fig. 1(b), three blur-type 
classes denoted as B1, B2, and B3 are defined by setting σB to 
0.9σR, 1.35σR, and 1.8σR, respectively. By adding the class R 
with the reference images, which are considered as clean ones, 
we finally categorize images into 7 classes by considering the 
practical noise types and strengths. With the noise kernels based 
on the variance of each reference image, we can construct more 
realistic noise models related to the actual sensing values, where 
the previous approaches only consider the deterministic amount 
of noises [6], [7]. We assume that our modeling is independent 
of the color as the color-aware model can be easily developed 
by multiplying the weighting functions to the original modeling. 
Based on the proposed noise models, to verify the noise-resilient 
CNNs, we manually generate the distorted images from the 
reference images at CIFAR-10 and CIFAR-100 data sets [9]. 
Therefore, each image in the extended data set always has one 
noise class used for training and validating operations. 

III. FFT-BASED NOISE CLASSIFIER 

 To classify the input noises dynamically, in the previous 
work in [7], the convolution layers are trained and added to the 
original CNN architecture, which increases the recognition 
complexity and the energy consumption significantly. Before 
activating the CNN processing, we transfer the input pixel 
values in spatial domain PI(x, y) to the frequency domain values 
FI(x, y) by adopting the 2D fast Fourier transform (FFT) for 
selecting the input noise class. In the practical image having a 
clean object, in fact, the values of high-frequency regions in FI(x, 
y) tend to be in a certain range. Hence, analysis in the frequency 
domain is an acceptable pre-processing as the noise models in 
Section II actively modify the high-frequency signals. More 
precisely, the Gaussian-type kernel NG(x, y) whose magnitude in 
frequency domain is conceptually depicted in Fig. 2(a) is added 
to the reference image, increasing high-frequency signals 
depending on σG. In contrast, the blurred image is computed by 
the 2D convolution of PR(x, y) and NB(x, y), i.e., the 
multiplication in frequency domain. Considering the magnitude, 

as shown in Fig. 2(b), the blur-type kernel clearly reduces the 
high-frequency regions of reference images. Hence, checking 
the frequency domain of PI(x, y) leads to the run-time selection 
of the input noise class. 

 In the proposed FFT-based noise classifier, we calculate the 
partial frequency-sum (PFSUM) to simply observe the high-
frequency values of input images. If the resolution of input 
image is M×M, in detail, the PFSUM is computed as  

 , (3) 

where S is the set of coordinates defined as  

 . (4) 

Fig. 3 shows the process of PFSUM calculation where the set S 
covering high-frequency areas is denoted as a colored block. For 
the extended training set generated by the noise models from 
CIFAR-100 training data, the PFSUM distributions of noise 
classes are illustrated in Fig. 4. As we expected, PFSUM values 
of Gaussian-type classes are right-shifted compared to the 
distribution of the class R. Note that blur-type noise classes 
definitely reduce the PFSUM values. By setting the proper 
thresholds, the proposed classifier successfully finds the input 
noise class. In this work, we set thresholds to minimize the 
classification errors of noise classes for the extended training set. 
Then, these thresholds are verified by using the extended 
validation sets, which are also generated by the validation data 
of CIFAR-100. As shown in Fig. 5, the FFT-based classifier 
adopting the proposed thresholds achieves the classification 
accuracy of 68% on average. Note that the proposed classifier 
makes wrong decisions for some cases, which are caused by the 

 
Fig. 1. Examples of noise classes for (a) Gaussian type and (b) blur type noises, 

where the reference images are from CIFAR-100 data [9].  
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Fig. 3. The process of selecting the set S for PFSUM calculation.  
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overlapped areas of adjacent PFSUM distributions shown in Fig. 
4. However, the most of wrong decisions belong to the adjacent 
error classes, as depicted in Fig. 5, and the proposed noise-
resilient CNNs, which will be discussed at the following section, 
can overcome these misdetections successfully.  

 The classification accuracy of noise types can be enhanced 
by utilizing gating networks [7] or convolution layers [4], [10], 
however, these schemes require much more computations and 
parameters. As the proposed classifier only introduces a small-
sized FFT operation followed by the simple comparison unit, 
therefore, it is definitely attractive for the practical edge device 
where the hardware resources are strictly limited. 

IV. NOISE-RESILIENT CNN FOR INTELLIGENT EDGE DEVICES 

A. Swtiching the Dedicated Filter Parameters  
 Fig. 6 illustrates the conceptual diagram of the proposed 
noise-resilient CNN system for embedded edge devices. After 
receiving a raw input from the image sensor, the FFT-based 
noise classifier first checks the class of the input noise, which 
is used for selecting the optimal filters by activating the 
memory controller. More precisely, different filter parameters 
are prepared in the parameter memory (PM), which is a high- 
speed DRAM in general. The noise-resilient CNN process is 
then started by accessing the dedicated filter parameters to CNN 
accelerator in Fig. 6, which consists of SRAM buffers and 
processing elements (PEs) including the registerfile (RF) and the 
computing unit. Note that only active parameters are loaded 
from DRAM to serve the dedicated process. 

To train the parameters for each noise class, except for the 
reference class, the dedicated training set is constructed by 
combining the images in the corresponding noise class and the 

reference class. For example, the filter parameters dedicated to 
the class G1 is based on the extended images in G1 and the 
original reference images in R. Note that filter parameters for the 
class R are trained by only using the reference images, which 
makes the identical results to the original CNN architecture. By 
including the images in the class R for training the noise-aware 
channels, conceptually, we can capture both the essential 
features of target objects and the specific effects of noise models. 
As the FFT-based noise classifier can single out the noise type, 
shown in Fig. 7, the filter parameters are dynamically switched 
to the dedicated ones, leading to the attractive accuracy for any 
noisy input. That is, the proposed method provides the noise-
resilient CNN system based on the real-time noise detection.  

It is noticeable that all the dedicated filter parameters in this 
work are trained for the same CNN architecture, i.e., the 
networks for different noise classes requires the same number of 
layer as well as the same configurations of filters as shown in 
Fig. 7. It might be possible to train more dedicated CNN 
structures, which are separately optimized for different noise 
types. However, adjusting the network structure at the run time 
may request to change the number of layers, the order of layers, 
the size of filters, and even the inter-layer connections [11]. 
Therefore, it is impractical to support the network-level 
flexibility with the optimized CNN accelerator developed for 
battery-operated edge devices, using the fixed hardware to 
minimize the energy consumption in general [12], [13]. Hence, 
the proposed noise-resilient CNN is suitable for resource-limited 
systems as we just switch the filter parameters based on the same 
CNN architecture. Considering the size of PM, however, the 
proposed scheme clearly has a critical drawback as it uses 7 
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different networks, requiring 7 times larger storage space than 
the general CNN system having a single network. For the cost-
effective embedded edge devices, therefore, more advanced 
technique is necessary to reduce the overall number of filter 
parameters with the acceptable accuracy.  

B. Dynamic Channel Scaling for Edge Devices 
 As the switching-based CNN uses numerous networks, 
keeping their parameters at PM is another overhead at the edge 
device. To solve this issue, in this work, we additionally 
propose the dynamic channel scaling that enlarges the widths 
of CNN channels depending on the input noise class. Basically, 
the proposed technique relies on that the clean images in the 
class R are relatively easier to be recognized than the distorted 
ones. If the FFT-based classifier detects the class R, hence, it is 
possible to reduce the channel width of each layer, resulting the 
low-complexity network. More precisely, we reduce the 
channel width from C to 0.5C where C is the channel width of 
the original layer. By reducing the channel width in half, we can 
eliminates the half of filters, and at the same time, the depth of 
each filter is also halved as depicted in Fig. 8. As a result, the 
number of parameters for the class R is reduced by 4 times, 
remarkably relaxing the memory usages. 

 For the noisy classes, we then use stronger CNNs having the 
wider channel widths. In contrast that the noise-resilient CNN 
system in the previous subsection trains filter parameters for 
different noise classes individually as shown in Fig. 7, the 
stronger CNNs generated by the proposed channel scaling re-
utilize the filters of the weak CNNs. To enlarge the channel, we 
only train the additional parameters and append them to the 
previously-trained filters, relaxing the required storage. As 
shown in Fig. 9(a), for example, the network for the weakest 
Gaussian noise, i.e., the class G1, is introduced by adding 
0.125C channels to the network with 0.5C channels, which is 
already trained for the class R. Similarly, we prepare additional 
filters regarding the channel widths of 0.125C and 0.25C to 
make the dedicated channels for the class G2 and G3, 
respectively. Then, the stronger CNNs, that can tolerate more 
noises, are developed by adding these channels incrementally. 
The blur-type class is also considered as the same strategy. For 
example, as shown in Fig. 9(b), the dedicated CNN for B3 uses 
the full channel width of C by merging all the channels trained 
for blur-type classes. Hence, the proposed scheme dynamically 
scales the channel widths depending on the detected noise type, 
relaxing the PM accesses with the reduced total channel widths. 

 Although we adopt the different channel widths by taking 
into account input noises, we can still use the optimized CNN 
accelerator in Fig. 6. More precisely, the channel scaling only 
changes active parameters for each dedicated network, and the 
other CNN configurations are maintained regardless of noise 
classes. As reported in [11], the typical CNN accelerator easily 
supports the different numbers of parameters by adjusting the 
accessing patterns of PM. Therefore, the proposed channel 
scaling is suitable for the embedded edge devices to provide the 
low-complexity noise-resilient CNN process. 

V. EXPERIMENTAL RESULTS 

For the given baseline network, we first define several CNN 
architectures used for our simulations as described in Table I. 
Note that CNNFS and CNNCS are the proposed noise-resilient 

CNN systems applying the filter switching and the channel 
scaling schemes, respectively. In addition, as depicted in Table 
I, we implement two previous noise-aware networks denoted as 
CNND1 and CNND2 based on the data augmentation from the 
extended noisy images [6]. Note that the number of active filter 
parameters in CNND1 or CNND2 is comparable to that of CNNFS 
or CNNCS, respectively, so that we can fairly compare the 
proposed noise-resilient CNN systems to the previous works 
having the similar complexities.  

Based on the noise models, to develop the noise-resilient 
CNN system, Table II shows the recognition accuracy of each 
CNN architecture dedicated to each noise class. The baseline 
network is from the VGG-16 network for the CIFAR-100 data 
set [14], which is identical to CNNR in the table. As CNNR is 
only trained by using the clean images, it cannot be used for 
processing the noisy inputs. By training the filters dedicated to 
each noise type, as shown in Table II, we can remarkably 
improve the accuracy for the target error class. For example, 
67.47% of the noisy data in G2 can be correctly categorized by 
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CNNG2, whereas CNNR achieves the recognition accuracy of 
34.59% for the same class. Note that, the dedicated network 
always provides the best accuracy for the corresponding class. 

 Adopting the proposed FFT-based noise classifier, hence, 
the proposed noise-resilient CNN system switching the filter 
parameters dynamically, i.e., CNNFS, can provide an attractive 
recognition accuracy even for the noisy inputs as depicted in 
Table III. Due to the misdetections of input noise classes, as 
shown in Fig. 5, the accuracy of CNNFS is slightly degraded 
compared to the ideal accuracy from each dedicated network. 
However, the accuracy drop is negligible as the errors on the 
input noise class always select the adjacent networks, which 
also provide the acceptable accuracies as shown in Table II. 
Having the same number of active filters, it is also possible to 
develop a noise-aware network trained by using all the noisy 
images, i.e., CNND1. Shown in Table III, however, it is clear 
that the proposed CNNFS achieves better accuracies for all the 
classes as CNND1 cannot provide the dedicated filters. By 
scaling the channel widths at the run time, the proposed CNNCS 
still offers the noise-tolerable recognition process with the 
acceptable accuracy. More precisely, the average accuracy of 
CNNCS is reduced by 4% and 2.2% compared to those of CNNFS 
and CNND1, respectively. Considering the complexity, however, 
the proposed channel scaling is superior to the other networks 
as summarized in Table IV. In terms of the total number of 
parameters, which are initialized to PM in Fig. 6, the proposed 

CNNFS necessitate 7 times more variables than the reference 
network CNNR although it uses the same number of active 
parameters. Note that CNND1 always uses the same amount of 
parameters as CNNR.  

The proposed channel scaling still increases the overall PM 
size by 50% to store the additional filters. However, the channel 
width of CNNCS varies depending on the input class, and we can 
finally reduce the normalized channel width as depicted in Table 
IV, i.e., utilizing 0.5-width channel for R class and increasing 
the width up to 1.0 for noise classes. As the number of active 
parameters directly affects to the number of multiply-
accumulate (MAC) operations [15], therefore, the proposed 
channel scaling greatly relaxes the overall CNN complexity. The 
noise-aware network using the augmented noisy images can be 
also designed for the low-complexity system with the reduced 
channel width, which is denoted as CNND2 in Table I. Even 
though the complexity of CNND2 is comparable to that of 
CNNCS, the accuracy of CNND2 cannot be acceptable to the real 
application as shown in Table III.  

 In addition to the noise-resilient CNN system using the 
VGG-16 network for CIFAR-100 data set, we verify that the 
proposed approaches are still acceptable to the general system 
by performing different case studies. Using the same noise 
models in Section II, more precisely, we extend the given data 
set to make the distorted classes, and develop noise-resilient 
CNN systems starting from different baselines; the ResNet-18 
for CIFAR-100 set [16], and the VGG-16 for CIFAR-10 set [9], 
where the recognition accuracies are compared in Fig. 10 (a) and 

TABLE I. DEFINITIONS OF CNN ARCHITECTURES 

Network Definition 

CNNR The network trained by using images in the class R 

CNNGx The networks trained by using images in the class Gx 

CNNBx The networks trained by using images the class Bx 

CNNFS The proposed network based on the filter switching  

CNNCS The proposed network based on the channel scaling  

CNND1 The network using the data augmentation (Compared to CNNFS) 

CNND2 The network using the data augmentation (Compared to CNNCS) 

TABLE II. PERFORMANCES OF THE DEDICATED NETWORKS 

Network 
Input noise classes 

Average 
B3 B2 B1 R G1 G2 G3 

CNNB3 67.75 69.33 69.74 70.08 63.19 43.74 25.46 58.47 

CNNB2 64.15 69.49 70.66 71.08 62.12 41.08 23.49 57.44 

CNNB1 45.26 62.75 71.38 71.40 58.98 35.26 18.28 51.90 

CNNR 34.16 52.47 69.76 72.03 59.06 34.59 17.58 48.52 

CNNG1 35.05 53.28 68.96 71.06 69.95 62.31 46.25 58.12 

CNNG2 38.65 55.28 68.42 70.34 69.82 67.47 62.73 61.82 

CNNG3 40.72 54.65 65.69 67.34 66.45 65.05 63.13 60.43 

TABLE III. PERFORMANCES OF THE NOISE-RESILIENT CNNS 

Network 
Input noise classes 

Average 
B3 B2 B1 R G1 G2 G3 

CNNFS 66.80 68.88 70.44 71.54 67.12 66.93 63.03 67.82 

CNND1 64.18 66.30 67.88 68.23 67.18 65.45 62.96 66.03 

CNNCS 61.88 64.14 66.74 67.33 64.44 62.44 59.86 63.83 

CNND2 45.71 47.35 48.35 48.13 48.06 46.94 44.99 47.08 

TABLE IV. COMPLEXITY COMPARISONS OF DIFFERENT CNNS 

Network 
Normalized 

channel width 

Number of  

total parameters 

Average number of  

active parameters 

CNNR 1.00 15.3M (1.00) 15.3M (1.00) 

CNNFS 1.00 107.1M (7.00) 15.3M (1.00) 

CNND1 1.00 15.3M (1.00) 15.3M (1.00) 

CNNCS 0.75 22.95M (1.50) 9.1M (0.77) 

CNND2 0.91 12.6M (0.82) 12.6M (0.82) 
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Fig. 10. The performance of CNNs based on (a) the ResNet-18 newtork for 

CIFAR-100 data, and (b) the VGG-16 network for CIFAR-10 data. 
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(b), respectively. Note that the reference network CNNR always 
suffers from the noise sources significantly, so the noise-
resilient CNN system is meaningful for the devices accepting 
the raw inputs. By switching the filter parameters for each input 
image properly, the proposed CNNFS provides the attractive 
recognition accuracy regardless of the detected noise classes. To 
further optimize the complexity of CNNFS, the proposed channel 
scaling approach, i.e., CNNCS, slightly degrades the average 
accuracy by reducing the number of active parameters. 
Therefore, the proposed CNNCS is much more attractive to the 
embedded devices compared to the other CNN architectures. 
Due to the poor accuracy, as depicted in Fig. 10, CNND2 cannot 
be the practical solution even it has a similar computational 
complexity to CNNCS. As a result, the proposed dynamic 
channel scaling is effective to support the low-complexity and 
noise-resilient CNN system targeting the resource-limited 
embedded edge devices. 

In order to analyze the advantage of the proposed dynamic 
channel scaling in terms of energy consumption, which is also a 
critical check-point for designing the embedded devices, we 
additionally develop the energy estimator of the typical CNN 
accelerator architecture shown in Fig. 6. By considering the 
previous works in [11], in the estimator, the data flow for a 
single inference process is modeled in 65nm CMOS process by 
tracking the operations of the external DRAM, the internal 
SRAM buffers, and the array of PEs. More precisely, the data 
flows inside of the CNN accelerator are scheduled to reuse the 
filter parameters maximally. Therefore, the energy estimator 
tries to minimize the energy of DRAM accesses in Fig. 6, which 
dominates the total CNN accelerator energy consumption [15].  

 Adopting the reported energy consumption for each part [17], 
as shown in Fig. 11, our energy estimator successfully generates 
the valid comparison of different CNN architectures mapping to 
the same CNN accelerator structure [11]. Note that CNNFS and 
CNND1 consume the same amount of energy as the reference 
network CNNR, since they are using the same number of active 
parameters as depicted in Table IV. On the other hand, the 
proposed CNNCS, which dynamically reduces the number of 
active filter parameters for low-level noises, directly saves the 
energy of the accelerator. According to the narrowed channel 
widths, each internal component, i.e., DRAM, SRAM and PE, 
saves the energy consumption remarkably as depicted in Fig. 11. 
As a result, the proposed CNNCS saves the energy consumption 
for the noise-resilient CNN processing by 41% and 28% 
compared to the CNNFS and CNND2, respectively, which is 
acceptable to the energy-efficient intelligent edge devices. 

VI. CONCLUSION 

In this paper, we have proposed the low-complexity CNN 
system that can be tolerable to the practical input noises. To 
understand the property of input noise, we use the theoretical 
models to develop the extended data sets from the original clean 
data, and categorize them into several classes. Then, for the first 
time, we introduce the FFT-based noise classifier that detects the 
noise class of input image at the run time. For each noise, the 
dedicated CNN architecture is trained to provide the accurate 
recognition process. In order to reduce the number of parameters, 
furthermore, we propose the dynamic channel scaling, which 
adjusts the channel width by appending the filters depending on 
the detected noise class. As a result, the proposed noise-resilient 
CNN system provides the attractive accuracy with the minimum 
hardware costs, leading to the cost-effective recognition process 
for intelligent edge devices.  
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