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Abstract. Convolutional neural networks (CNNs) have achieved astonishing advances over the past decade, pushing
the state-of-the-art in several computer vision tasks. CNNs are capable of learning robust representations of the data
directly from RGB pixels. However, most image data is usually available in compressed format, of which the JPEG is
the most widely used due to transmission and storage purposes. For this motive, a preliminary decoding process that
has a high computational load and memory usage is demanded. Image decoding can be a performance bottleneck for
devices with limited computational resources, such as embedded devices, even when hardware accelerators are used.
For this reason, deep learning methods capable of learning directly from the compressed domain have been gaining
attention in recent years. These methods usually extract a frequency domain representation of the image, like DCT, by
a partial decoding, and then make adaptation to typical CNN architectures to work with it. In this paper, we perform
an in-depth study of the computational cost of deep models designed for the frequency domain, evaluating the cost of
decoding and passing images through the network. We notice that previous work increased the model’s computational
complexity to accommodate for the compressed images, nullifying the speed up gained by not decoding images. We
propose to remove the changes to the model that increase the computational cost, replacing it with our designed
lightweight stems. This way, we can take full advantage of the speed-up obtained by avoiding the decoding. Our
strategies were successful in generating models that balance efficiency and effectiveness, allowing deep models to
be deployed in a wider array of devices. We achieve up to 25.91% reduction in computational complexity (FLOPs),
while only decreasing accuracy in up to 2.97%. We also propose the efficiency-effectiveness score Sg to highlight
models with favorable trade-offs between accuracy, computational cost and number of parameters.

Keywords: JPEG, Compressed Domain, DCT, Cost Efficient Models

1 Introduction

Convolutional neural networks (CNNs) have led to signif-
icant advances in computer vision and are used in several
applications, including medical imaging, autonomous driv-
ing, and road surveillance, among others [Deguerre et al.,
2019; Li et al., 2019; Drews-Jr et al., 2021; Ferraz and Be-
tini, 2025]. However, achieving this impressive performance
requires large models with millions to billions of parame-
ters, resulting in oversized and redundant networks [Marin6
et al., 2023]. Simultaneously, acquisition devices are be-
coming capable of capturing images with increasingly higher
resolutions [Zhang et al., 2019]. For these reasons, one of
the main problems faced by deep learning models is their
high computational cost, which makes inference and training
very expensive [Ehrlich and Davis, 2019]. The need for high
processing power and abundant memory capacity makes it
difficult to apply such models to devices whose available
computing resources are limited, such as mobile phones and
other edge devices [Mariné et al., 2023]. Therefore, spe-
cialized optimizations are imperative at both the software
and hardware levels to develop efficient and effective deep
learning-based solutions [Marchisio et al., 2019]. Several
methods have been proposed in the literature to accelerate
CNNs. However, only a few of these works explore avoiding
the cost of decoding the images by designing models that

work directly with information from the compressed domain.

In most cases, compressed formats such as JPEG, PNG, and
GIF are used to store image data because they make storage
and transmission easier [Deguerre et al., 2021]. There are also
end-to-end compression methods that learn a compression
format for the data. But to use these strategies, data that is
already available would have to be encoded in these formats.
From these formats, JPEG has remained the most popular
despite advances in image compression and is considered
a simple solution to store and transmit visual data [Ehrlich
et al., 2021]. For this motive, we decided to focus only on the
JPEG compression standard, since most images are already
available are stored in this compression format.

Typical CNNs commonly use RGB images as inputs. For
this motive an additional decoding step is required for working
with compressed images. The decoding step can be a perfor-
mance bottleneck in devices with low computational power,
like embedded systems [Wang et al., 2023]. It also increases
the latency of the model, and may hinder real-time applica-
tions. A possible alternative to alleviate this problem is to
design CNNs capable of learning with DCT (Discrete Cosine
Transform) coefficients rather than RGB pixels [Deguerre
et al., 2019; Ehrlich and Davis, 2019; Deguerre et al., 2021;
Ehrlich et al., 2021; Wang et al., 2023; Gueguen et al., 2018;
Lo and Hang, 2020; Xu ef al., 2020; Ehrlich et al., 2020;
Santos et al., 2019; Santos and Almeida, 2020].
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The DCT is a representation of the data in the frequency
domain that is obtained by partial decoding, saving compu-
tational cost and removing decoding latency. Optimizations
that can potentially reduce processing delays in critical public
infrastructure applications [Duan ef al., 2023]. Frequency
domain image processing can yield advantages like computa-
tional efficiency and spatial redundancy removal, being used
successfully in several computer vision tasks [He et al., 2017,
Peng et al., 2024; Liu et al., 2023; Zhang et al., 2023b,a;
Ming et al., 2024]. The key idea exploited by existing works
consists in adapting traditional CNN architectures to facil-
itate the learning with DCT coefficients rather than RGB
pixels. This is usually done by removing the stem, the initial
stage of the model that is responsible for reducing the spatial
dimension, since the DCT already have a small spatial res-
olution, and making modifications to the other early stages.
In this way, DCT coefficients can be extracted by partially
decoding JPEG-compressed data and fed directly into the
network. However, the changes in the network generally lead
to a significant increase in its computational complexity.

To deal with this limitation, we propose to avoid making
modifications that can increase the computational cost of
the model. We replace these changes with our cost efficient
stems that reduce the amount of input channels to the amount
expected by the baseline model. This way, we can achieve
both a faster model and the speed up of not decoding images.
To achieve this goal, we conducted an in-depth study on the
computational efficiency of preprocessing frequency domain
data and passing it through the network.

Experiments were conducted on the ImageNet dataset. Re-
sults indicate our strategies were able to reduce the compu-
tational complexity of existing networks in up to 25.91%,
making them faster than the RGB baseline, while only de-
creasing accuracy in up to 2.97%. In this wayj, it is possible
to maintain the speed up by avoiding the decoding of images
without increasing the computational cost of the model, lead-
ing to better trade-offs between accuracy and computational
efficiency.

The main contributions of this work are: (1) Proposing
the use of lightweight stems to adapt a deep model for DCT
coefficients instead of making changes to the network that
significantly increases the computational cost; (2) Conducting
an in-depth study of the computational cost of decoding and
passing the images through the model; (3) Proposing the
efficiency-effectiveness score metric for evaluating the trade-
off between overall computational cost and classification
performance.

A preliminary version of this work was presented at the
Iberoamerican Congress on Pattern Recognition (CIARP
2021) [Santos and Almeida, 2021], where we presented our
approaches to reduce the amount of input channels and compu-
tational complexity. Here, we introduce several innovations.
We discuss new strategies for reducing the amount of input
channels that are fed to the network, adapting our proposed
strategies to a different architecture. We propose a new metric
for measuring the trade-off between computational efficiency
and effectiveness. We also include new experiments eval-
uating the performance of different models regarding their
network inference speed in terms of frames per second (FPS),
considering the data preprocessing time and the network time.
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These experiments were crucial for the discussions proposed
in this paper. The inference time measurements provide fur-
ther insight on the relevance of the decoding step and the
importance of our proposed strategies to avoid the increase
in network time, showing that our approaches are consid-
erably faster than the other compared methods, a speed up
that is crucial in environments with limited computational
resources. A brief overview of this work was also presented
at the Workshop of Theses and Dissertations from the Con-
ference on Graphics, Patterns and Images (SIBGRAPI 2024
WTD) [Santos et al., 2024]. There, our strategies and methods
were mentioned, but not defined, explained, and discussed in
completion.

The remainder of this paper is organized as follows. Sec-
tion 2 presents a brief explanation of the JPEG compression
standard. Section 3 explores related work. Section 4 de-
scribes our approach to reduce the computational cost of
CNNss trained directly on compressed data. Section 5 presents
the experimental setup. Section 6 reports our results. Finally,
Section 7 offers our conclusions and directions for future
work.

2 JPEG Compression

The JPEG standard (ISO/IEC 10918) was created in 1992 and
is currently the most widely-used image coding technology
for lossy compression of digital images. The basic steps of
the JPEG compression algorithm are presented in Figure 1.
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Figure 1. JPEG compression and decompression process [Gueguen et al.,
2018].

Initially, the representation of the colors in the image is
converted from RGB to YCbCr, which is composed of one
luminance component (Y), representing the brightness, and
two chrominance components, Cb and Cr, representing the
color. Also, the Cb and Cr components are down-sampled
horizontally and vertically by a factor of 2, as human vision
is more sensitive to brightness details than to color details.
Then, each of the three components is partitioned into blocks
of 8x 8 pixels and 128 is subtracted from all the pixel values.
Next, each block is converted to a frequency domain repre-
sentation by the forward discrete cosine transform (DCT).
The result is an 8 x8 block of frequency coefficient values,
each corresponding to the respective DCT basis functions,
with the zero-frequency coefficient (DC term) in the upper
left and increasing in frequency to the right and down. The
amplitudes of the frequency coefficients are quantized by
dividing each coefficient by a respective quantization value
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defined in the quantization tables, followed by rounding the
result to the nearest integer. High-frequency coefficients are
approximated more coarsely than low-frequency coefficients,
as human vision is fairly good at seeing small variations in
color or brightness over large areas, but fails to distinguish
the exact strength of high-frequency brightness variations.
The quality setting of the encoder affects the extent to which
the resolution of each frequency component is reduced. If an
excessively low-quality setting is used, most high-frequency
coefficients are reduced to zero and thus discarded altogether.
To improve the compression ratio, the quantized blocks are
arranged into a zig-zag order and then coded by the run-length
encoding (RLE) algorithm. Finally, the resulting data for all
8% 8 blocks are further compressed with a lossless algorithm,
a variant of Huffman encoding. For decompression, inverse
transforms of the same steps are applied in reverse order. If
the DCT computation is performed with sufficiently high
precision, quantization and subsampling are the only lossy
operations whereas the others are lossless, therefore they are
reversible.

3 Related Work

In this section, we present a review of the literature of deep
learning methods that use DCT coefficients as input. We
divided such works into two categories according to how
they are related to our approach: (1) works that aim to im-
prove performance of CNNs by using information from the
frequency domain, like DCT coefficients; and (2) works that
focus on deep models designed to process data directly from
the frequency domain in the form of DCT coefficients.

In the first category, Ehrlich et al. [2020] proposed a single
model capable of dealing with variable JPEG qualities, called
Quantization Guided JPEG Artifact Correction (QGAC)
where the CNN is parameterized with the quantization matrix
of the JPEG images. Also proposed by Ehrlich et al. [2021],
the Task-Target Artifact Correction is a method that miti-
gates the performance penalty of using JPEG images with
not ideal compression qualities. The proposed method uses
the QGAC [Ehrlich et al., 2020] network to correct artifacts
in the JPEG image before feeding them to the network. The
novelty of the method is the fine-tuning of the artifact correc-
tion network in a unsupervised manner, using the L1 distance
between the logits of the networks feed with compressed and
uncompressed images. Temburwar et al. [2022] tackled an-
other task with DCT CNNs, the content-based image retrieval
(CBIR), avoiding the cost of decoding.

In the second category, for works that modify
CNNs specifically to deal with DCT coefficients,
Ehrlich and Davis [Ehrlich and Davis, 2019] reformu-
lated the ResNet architecture to perform its operations
directly in the JPEG compressed domain. Lossless linear
operations were adapted to operate in the JPEG compressed
domain, while the non-linear ones, like ReLU, were approxi-
mated. In a different direction, Lo and Hang [2020] explored
the task of semantic segmentation directly on the DCT
representation of the images. The proposed method uses the
Frequency Component Rearrangement (FCR) technique to
code the relationship between the DCT coefficients in a new
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dimension, feeding them to the proposed DCT-EDANet. The
location of each DCT coefficient in a 8 x8 block represents
its frequency index, for this reason, when a convolution is
performed, the frequency relationship is misinterpreted as
spatial relationship, failing to extract essential features [Lo
and Hang, 2020]. The FCR technique rearranges the DCT
coefficients, separating the frequencies channel-wise in a new
dimension. All the frequency relationships are exclusively
represented on this dimension, allowing for the proper use of
2D convolution on the DCT representation. Other works like
[Gueguen et al., 2018; Deguerre et al., 2019, 2021] and the
methods we present here also follow Lo and Hang [2020],
using FCR to rearrange the DCT. The work also employ
manual selection of low frequencies DCT channels to reduce
computational complexity.

Xu et al. [2020] proposed a method that can be applied to
deep models with few modifications to the architecture to use
information from higher resolution images, mitigating the loss
of salient information caused by downsampling. The method
consists of extracting the DCT coefficients of the image to
obtain a representation on frequency domain, followed by
a training process where the network learns to dynamically
select only a subset of the most relevant frequencies jointly
with the task.

To accelerate training and inference speed, Gueguen et al.
[2018] proposed different architectural modifications to apply
to the ResNet-50 network [He et al., 2016] to accommodate
DCT coefficients. These coefficients can be obtained by
partial decoding, thus saving the high computational load
and memory usage of fully decoding the JPEG images. The
modifications made to the model in order to accommodate the
DCT consist of skipping the stem, the first stage of the ResNet-
50 network, and altering the initial blocks of the second and
third stages to mimic the increase in receptive fields and
stride of the baseline RGB model. The approach was called
Receptive Field Aware (RFA). In order to deal with the lower
resolution of the Ch and Cr Chroma components, several
methods were proposed. The Upsampling-RFA upsamples
the Cb and Cr components to match the resolution of the ¥
component and the Deconvolution-RFA do the same process,
but with a deconvolution layer instead. On the Late-Concat-
RFA (LC-RFA), the Y component goes through the modified
versions of stages 1 and 2 of the network, while the Ch and
Cr components goes through a separate convolutional block.
Then, all components are concatenated and fed to the fourth
stage. Gueguen ef al. [2018] also proposed the LC-RFA-
Thinner, a version of the LC-RFA with altered number of
channels on the first three convolutional blocks that the ¥
component goes through, respectively, from 1024, 512, 512
channels to 384, 384, 768.

Some works followed Gueguen et al. [2018], proposing
to skip the stem and some modifications to early stages to
adapt them for DCT coefficients. Deguerre et al. [2019, 2021]
adapted the the Single Shot MultiBox Detector (SSD) [Liu
et al., 2016] for object detection and later extended it for us-
ing the LC-RFA, Deconvolution-RFA and LC-RFA-Thinner
as backbones for the SSD. Wang et al. [2023] adapted the
Tiny-YOLO-v3, ResNet-18 and SqueezeNet networks. These
models were used on an FPGA ZYNQ and proposed opti-
mization strategies for the decoding step on this device. Their
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results indicate that the decoding step is a bottleneck in the ex-
ecution time of embedded devices commonly used for CNN
acceleration. Not surprisingly, using CNNs designed for fre-
quency domain can lead to speed-ups to 4.29 times faster.
Santos et al. [2020] proposed the Frequency Band Selection
(FBS) technique that manually discard high frequency DCT
coefficients, reducing the number of channels in early stages
and reducing the computational costs of the network. Abdel-
latef and Karam [2024] proposed a graph-based method to
select the most important DCT frequency channels, discard-
ing unimportant channels.

Recently, with the advent of transformer obtaining state-
of-the-art result in several computer vision tasks, Park and
Johnson [2023] proposed a strategy to use the ViT-Ti, ViT-S
and SwinV2-T architectures directly on JPEG compressed
images without the need for any changes to the model. The
only adaptations made were to the embedding, where 8 x8
DCT blocks are combined to create patches. To address the
difference in resolution between the Y and chroma compo-
nents, sub-block conversion was used in the Y component to
increase from from 8 x 8 frequencies to 16x 16, halving the
spatial resolution and allowing concatenation with the Cb and
Cr components.

There are also other recent works that use information from
the compressed domain, but where not included in more de-
tails, since they have some key aspects that distance it from
the scope of our work, like using a different compression stan-
dard than JPEG, only using other data from the compressed
domain instead of the DCT coefficients, or being designed
for videos instead of images. For instance, Chen et al. [2018]
used Wavelet-like Auto-Encoder (WAE) to decompose the
original image into two sub-images with lower resolution,
reducing the computational cost; Jiang et al. [2019] propose
a method to classify Chinese ink-wash paintings by prepro-
cessing RGB images with grey scale conversion, Sobel edge
detection, and morphological operations, converting to DCT,
extracting features with a DCT CNN, and classifying using
SVM; Similar to the work of Ehrlich and Davis [Ehrlich
and Davis, 2019], Ayat et al. [2019] proposes to modify the
LENET-5 to perform its operations on the spectral (frequency)
domain, obtaining this representation with the Fast Fourier
Transform (FFT); Sun ef al. [2020] proposes a CNN designed
for the DCT domain for the task of reducing compression
defects by mapping relationships between the original images
and JPEG compressed images; Qin et al. [2021] proposed
the FcaNet, a model that uses frequency channel attention,
weighting the importance of each input channel. Duan et al.
[2023] propose to perform vision task directly on compressed
images generated by Learned Image Compression (LIC) meth-
ods using CNNs, avoiding the decoding step. Zhang et al.
[2023b] proposes a filter pruning method by measuring the
uniqueness of the feature maps by calculating the similarity in
the frequency domain, converting them to DCT coefficients
to do so. The filters with feature maps of low uniqueness
are removed, considerably reducing computational cost and
amount of parameters while keeping similar classification
performance. Su et al. [2024] proposed the DCT-Attention
Down-sample (DAD) technique for reducing the resolution of
feature maps using DCT and self-attention, using a proposed
hybrid model of CNN and Vision transformer (ViT), achiev-
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ing similar accuracy to other transformers based methods
while having lower computational cost. Ji and Karam [Ji and
Karam, 2024] adapted the Visual Transformer (ViT) architec-
ture to work with the latent representation of learning-based
compressed images, proposing the compressed-domain Vi-
sion Transformer (cViT).

Table 1 presents a comparison between the works from
the category of models designed specifically for DCT coef-
ficients, taking into consideration the baseline architecture,
how the model handles the lower resolution from the chroma
components, modifications to the DCT input that are done
before feeding them to the model, architectural modification
made to the model to adapt it for DCT coefficients and the
computational complexity and amount of parameter from the
DCT model compared to the RGB baseline.

As we can see, most of the works only focused on im-
proving the effectiveness of a given model. When analyzing
models designed for DCT coefficients, it is also very impor-
tant to take into account their efficiency, since one of their
major benefits is the speed-up obtained by partially decoding
the images. However, in order to increase accuracy, many
works end up increasing the complexity or adding a consid-
erable amount of parameters to the model, losing this key
advantage.

For this motive, despite the advances in this emerging field,
there is still a need for studies that considers efficiency aspects,
such as computational complexity and amount of parameters.
Only a few recent works employed models that reduce both
the number of parameters and the computational complex-
ity for models designed for DCT Santos et al. [2020]; Park
and Johnson [2023]; Abdellatef and Karam [2024]. Santos
et al. [2020] was able to reduce both but suffered with perfor-
mance drops. Park and Johnson [2023] and Abdellatef and
Karam [2024] used transformer architectures and graph-based
channel selection, respectively, to achieve this goal.

This works aims join this small and recent group of works
by proposing to use efficient stems to reduce the amount of
input channels of the network, allowing us to not increase
the computational complexity of the models while keeping
the speed up of avoiding the decoding, leading to efficient
networks with a good balance between accuracy and compu-
tational cost. We also propose a new metric to evaluate the
efficiency-effectiveness trade off.

4 Learning from the Compressed Do-
main

The DCT computation of a 8 x 8 pixel block requires 1920
floating point operations (FLOPs) [Hanzo et al., 2007]. Al-
though it seems negligible, computer vision tasks usually
involve the processing of a huge amount of images, each one
containing many pixel blocks, therefore the total computa-
tional cost may be significant. For example, on the ImageNet
dataset, considering the resolution of 224 X224 as input size, it
would be necessary 150.52 GFlops for decoding the 100,000
images of the test set, a considerable amount, and 1,806.25
GFlops for the 1,2 million images of the training set. These
are significant values that reflect on the overall speed of the
model.
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References \ Baseline Architecture \ Chroma resolution

[ Input modifications [ Model modifications | Complexity | Parameters

. Upsampling, Downsampling Skip stem, .
Gueguen et al. [2018] ResNet-50 Deconvolution and LC FCR RFA and thinner model Lower Higher
Ehrlich and Davis [2019] Custom CNN NR. NR. Adapted Ops. NR. NR.
to frequency domain
Deguerre et al. [2019] VGG-D No chroma sub-sampling Not used DCT-dtegated first Lower N.R.
conv., skip stem
Lo and Hang [2020] EDANet No chroma sub-sampling FCR, Manual se]ept!on .Sk]p stem Lower N.R.
of low frequencies and increase depth
. FCR, Static channel Skip stem,
Santos et al. [2020] ResNet-50 Upsampling selection RFA, thinner model Lower Lower
FCR, high resolution
Xu et al. [2020] ResNet-50 No chroma sub-sampling images, dynamic Skip stem N.R. N.R.
channel selection
Deguerre et al. [2021] VGG-D and ResNet-50 Deconvolution and LC FCR, Y channels only Skip stem, Lower Higher
i ’ RFA and thinner model
ResNet-18, SqueezeNet, . Skip stem and .
Wang et al. [2023] and Tiny-YOLO-v3 Upsampling FCR stride reduction Lower Higher
Grouped, Separated and
Park and Johnson [2023] ViT-Ti, ViT-S and SwinV2-T Sub-block conversion Concatenated embedding, No modifications Lower Lower
DCT domain augmentations
Abdellatef and Karam [2024] ResNet-50 Deconvolution FCR, Gmph_ba.SEd Skip elarly layers, Lower Lower
channel selection Skip stem
FCR, stem to Skip stem,
Ours ResNet-50 Upsampling and LC reduce input skip stages, Lower Lower
channels stride reduction

Table 1. Comparison between works that design model to process data directly from the frequency domain in the form of DCT coefficients.

N.R. denotes Not Reported.

Roughly speaking, the DCT can be seen as a convolution
with a specific filter size of 8 x §, stride of 8 x §, one in-
put channel, 64 output channels, and specific, non-learned
orthonormal filters. As both the filter size and stride are equal
to 8, spatial information of adjacent blocks do not overlap. In
theory, a standard convolutional layer may learn to behave
like a DCT, but in practice, this is not trivial, as the learned
bases may be undercomplete, complete but not orthogonal, or
overcomplete. In spite of that, the use of DCT weights as in-
put for a CNN is feasible, since they can be seen as the outputs
of a convolution layer with frozen weights initialized from the
DCT filters [Gueguen et al., 2018]. Motivated by the afore-
said observations, we examine ways of integrating frequency
domain information into CNNs. To present date, little work
has been done to exploit the DCT representation widely used
in compressed data as input for neural networks [Gueguen
etal.,2018].

Our starting point were the models from Gueguen et al.
[2018], which are adapted to facilitate the learning with DCT
coefficients rather than RGB pixels. All models had similar
accuracy. The main difference was in the way they deal with
the lower resolution of the chroma components. Initially, we
decided to focus on the Upsampling-RFA, since it is the model
with the least amount of changes to the original ResNet-50.
Later, in order to attempt to reduce computational cost even
further, we adapted our strategies to the LC-RFA, that have a
greater amount of architectural changes in comparison with
the ResNet-50, but do not upsample the chroma components.
A comparison among the original ResNet-50 [He ez al., 2016],
the Upsampling-RFA, the LC-RFA [Gueguen et al., 2018],
and our proposed techniques is presented in Figure 2.

On the Upsampling-RFA (Figure 2-b), DCT coefficients
obtained from the Ch and Cr components are upsampled in
order to match the resolution of the ¥ component. Then,
the three components are concatenated channel-wise, passed
through a batch normalization layer, and fed to the second
stage of the ResNet-50 network. The second and third stages
of the ResNet-50 network were changed to accommodate the
amount of input channels and to ensure that the number of

output channels at the end of these stages is the same of the
original ResNet-50 network.

Due to the smaller spatial resolution of the DCT inputs,
early blocks of the second stage of the ResNet-50 network
were altered to have a smoother increase of their receptive
fields. For this reason, their strides were decreased in order
to replicate the size increase of receptive fields in the original
ResNet-50 architecture.

In the LC-RFA (Figure 2-c), the ¥ component goes through
modified versions of the 2°4 and 3'¢ stages, and the first
convolutional block of the 4" stage, all of them with the
same stride reduction and increased amount of filters as the
Upsampling-RFA, meanwhile, the Ch and Cr components go
through a separate convolutional block. They are then joined
and fed to the second convolutional block of the 4" stage.

These changes in the ResNet-50 network raised its compu-
tation complexity and number of parameters. Although there
was a speed-up by partially decoding the images, there was
also an increase in the computational cost for passing them
through the network once they are loaded in memory. Also,
the increase in the amount of parameters indicates that, in
order to reach a similar classification accuracy from the RGB
model, the Upsampling-RFA and LC-RFA needed to use a
more robust model than the original. In this way, the speed-
up obtained by partially decoding the images is outweighed
by the increase in the computational cost for passing them
through the network once they are loaded in memory.

Motivated by the above observations, we examine different
ways of dealing with those issues. Our goal was to obtain a
model that works directly on DCT coefficients, but also have
a similar amount of parameters and computational complexity
from the original ResNet-50 for RGB images. Reducing com-
putational complexity and number of parameters, but keeping
similar classification performance is paramount on devices
with limited resources, like mobile devices and embedded sys-
tems. These improvements facilitate the use of deep models
on a wider array of different application and environments.

In Section 4.1, we tested our stems to reduce the amount of
input channel. Then, in Section 4.2, we studied the effects of
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avoiding the upsampling of the chroma components. Finally,
in Section 4.3, we explored the effects of reducing the amount
of layers of the CNN.

4.1 Reducing Input channels

In traditional CNNss, stem layers work as a compression mech-
anism over the initial image and are used to reduce the spatial
dimensions of the input. The models of Gueguen et al. [2018]
skip the stem due to the smaller spatial resolution of the DCT
inputs, but the number of convolutional filters in their early
blocks is increased to accommodate the higher amount of
input channels. Motivated by this, we proposed to use stem
layers that reduce the amount of input channels instead of
spatial resolution.

As we can see in Figure 2-d, our stems reduce the number
of input channels of the second stage to 64. To accommodate
this amount of input channels, we change the number of
convolutional filters of the second and third stages to be the
same as the original ResNet-50, but we keep the decreased
strides at early blocks, as proposed by Gueguen et al. [2018].
Three different stem layers were evaluated to decrease the
number of input channels from 192 (i.e., 3 color components
x 64 DCT coefficients) to 64: (1) a linear projection (LP),
(2) a local attention (LA) mechanism, and (3) a cross channel
parametric pooling (CCPP).

4.1.1 Linear projection (LP)

Linear projection is a simple strategy that is widely used in
deep learning. For this reason, it was the first strategy stem
we tested to reduce the number of input channels fed to the
second stage of the model from 192 to 64. For example,
residual networks, like the ResNet-50 [He ef al., 2016], have
shortcut connections in every block of a few stacked layers,
as shown in Equation 1, where F() is the residual mapping
to be learned by the i-th block of stacked layers, W; are its
parameters, x are the input data, and y are the output feature
maps.

y=F(z,W;)+z )]

The F() + x operation indicates the shortcut connection
that enables an element-wise addition with the initial input x.
The dimensions of F'() and « must be equal for the operation
to be possible, when they are different, a W linear projection
can be applied to match the dimension. Equation 2 describes
a linear projection layer, where z has n feature maps and W
is a weight matrix of size m X n. The product Wy - = will
generate an output y with m feature maps, where each one is
a linear combination of all the n features from z.

y=F(z, W)+ W, -z 2

The Linear Projection stem allows us to treat the DCT
inputs as a whole, regardless of the significance of individual
frequency components to the image content. Additionally,
the linear transformation preserves the skewness or kurtosis
(shape) of their distribution.
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4.1.2 Local attention (LA)

Visual attention is the cognitive process where, given a natural
scene, the most significant visual information is selected while
other redundant information is filtered out, being an important
mechanism for the human visual system [Fang et al., 2012].

Attention mechanics for CNNs can have many types of
variants, like spatial, channel and self-attention, according to
the dimensions of the input they focus. In the case of channel
attention, importance weights are learned and attached to the
input channels [Qin et al., 2021].

Originally proposed by Luong et al. [2015] for the machine
translation task, local attention is a soft attention mechanism
used in order to analyze a word taking into consideration a
small context window of adjacent words. The objective is to
learn attention maps that focus on the most relevant parts of
the input. In our experiments, we adapt this strategy to be
used in a local channel attention stem for DCT coefficients,
reducing the number of channels from 192 to 64. Equation 3
describes this strategy, where x is an input with n feature
maps, r is its reshaped version partitioning it into m groups
of * channels, I is a weight matrix of size m x (%), y is an

n
output with m feature maps, and © is the Hadamard product.

n
r = reshape (x, [m, ED 3)
s=WQor
a; = softmax(s;),Vi € {1...m}
yi = a;-r, Vi€ {1...m}

First, the input  is split into m partitions r = {ry,..., 7}
with 2 features maps. Then, the Hadamard product between
W and r is computed, resulting in the alignment scores s. A
individual alignment score s; is generated for each partition
i€ {1...m}. A softmax function is then used to normaliza-
tion, generating the attention maps a;, that are used amplify
or attenuate the focus of the distribution of the input data
r;, generating the m feature maps y;, one for each partition.
These feature maps are linear combination of adjacent chan-
nels, preserving information of the DCT spectrum for the
entire range of frequencies.

4.1.3 Cross Channel Parametric Pooling (CCPP)

A cross channel parametric pooling layer is composed of a
linear recombination of feature maps followed by a rectifier
linear unit (ReLU) [Lin et al., 2013].
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Figure 2. Illustrations of (a) the original ResNet-50 [He ef al., 2016], (b) the Upsampling-RFA and (c) the LC-RFA [Gueguen et al., 2018], our improved
versions from the (d) Upsampling-RFA and (¢) LC-RFA with our stem to reduce the amount of input channels, and our method to reduce the amount of layers

on the (f) Upsampling-RFA and on the (g) LC-RFA. Adapted from [Santos ef al., 2024].
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A cascaded cross channel parametric pooling is a sequence
of stacked cross channel parametric pooling layers and it can
be used to replace usual convolution layer, since they have
enhanced local modeling [Lin et al., 2013]. Equation 4 [Lin
et al., 2013] describe a cascaded cross channel parametric
pooling operation, where fil) ;1 Tepresents the output of the [-
th layer, z; ; is the input patch centered at the pixel (4, j), k is
used to index the feature maps, W j, and b; 1, are, respectively,
weights and biases of the [-th layer for the k-th filter, and N
is the number of layers.

[ =mazx (0, W, -z ; + b1 k) 4)

Fie = maz (0, Wy - f571 + b )

A cross channel parametric pooling is also equivalent to
a pointwise convolution [Chollet, 2017], that consists of a
convolution with a kernel size of 1 x 1. These layers are
widely used by several CNNs architectures, being capable of
making projections of input feature maps into new channel
spaces, altering the amount of channels.

The cross-channel parametric pooling was used to decrease
the number of channels from 192 to 64. Similar to the lin-
ear projection, this approach overlook the significance of
individual DCT coefficients, but the use of non-linear ReLU
activation promotes sparse feature maps, mitigating overfit-
ting.

4.2 Adapting Our Strategy to a Different Ar-
chitecture

All our previous strategies are modifications made to the
Upsampling-RFA model proposed by Gueguen et al. [2018].
This model was chosen because, of all the strategies intro-
duced by Gueguen et al. [2018], it was the one with the least
amount of architectural changes compared to the ResNet-50.
However, our proposed strategies can also be applied to other
models, enabling them to learn from DCT coefficients rather
than RGB pixels. With this motivation, we adapted our strate-
gies to the LC-RFA, a model with more complex architectural
changes than the Upsampling-RFA, but one that do not up-
sample the chroma components of the DCT inputs, reducing
even further the preprocessing cost.

Originally, the LC-RFA has two input streams, one for the ¥
component of the DCT inputs and other for the concatenation
of the Cbh and Cr components. The output of both streams
are concatenated and fed to the second convolutional block
of the 41 stage. In the Y stream, the 2" and 3*¢ stages and
the first convolutional block of the 4'" stage are modified,
while the ChCr stream is fed to a convolutional block similar
to the first of the 4" stage, but with kernel size of 1. The
amount of channels and stride of all the blocks are the same
as the Upsampling-RFA, with the only difference being the
first block of the 4*! stage, which has the amount of input and
output channels halved, so when concatenated, they have the
expected input size of the second block of the 4" stage of the
ResNet-50. In our previous experiments with the Upsampling-
RFA, we kept the stride reduction in the early blocks, but we
used the same amount of convolutional filters as the original
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ResNet-50. Then, we used different stem layers to reduce the
number of channels from 192 to 64, i.e., the expected input
shape for the second stage of the original ResNet-50.

In Figure 2-e we present our models based on the LC-RFA.
As before, we adopted the same strategy, applying the stride
reduction proposed by Gueguen et al. [2018], but using the
same amount of convolutional filters as the original ResNet-
50. If we keep the input depth of Y stream equals to the
respective layers in the original ResNet-50, it would be 64;
and, for the ChCr stream, if we use half the input depth of
the respective layer, since the LC-RFA halves the input depth
and the number of filters in this layer to account for the fact
that it is repeated in both streams, it would be 128. These are
exactly the sizes already supplied in the DCT inputs, i.e., 64
coefficients for ¥ and 64 each for Cb and Cr, totaling 128.
For this motive, we decided to use CCPP as a stem layer to
reduce the amount of input channels of each stream, allowing
us to reduce the computational complexity even further.

In our first experiment, two layers of our CCPP were added,
one for Y stream and other for the ChCr stream. They reduce
the number of channels to 32 for Y and 64 for CbCr; or 16 for
Y and 32 for ChCr. The input depth for CHCr is the double
of that of Y stream, since together the Ch and Cr components
have twice the number of coefficients.

4.3 Reducing the Number of Layers

Both the Upsampling-RFA and LC-RFA [Gueguen et al.,
2018] skips the first stage of the original ResNet-50, feeding
the DCT coefficients to the second stage, which is modified
to accommodate the amount of input channels. To reduce
the complexity and amount of parameters even further, we
analyze the effects of skipping the second, third, and fourth
stages from the Upsampling-RFA, but maintaining the stride
reduction at the early blocks of the initial stage, as Gueguen
etal. [2018].

Figure 2-f and g shows the architectures of our models
that reduce the amount of layers. Our approach differs from
Gueguen et al. [2018] Upsampling-RFA in that we opted not
to increase the number of input channels in the initial stages.
Doing so would have significantly increased the network’s
computational complexity. Instead, we maintained the same
number of input channels as the original ResNet-50, that are
64, 128, 256, and 512 input channels for the second, third,
fourth, and fifth stages respectively. To adapt the amount of
channels for the value expected by the first stage that is kept,
we employed ours stems described in the previous sections. It
is worth noting that the number of DCT coefficients is similar
to the number of input channels in the third stage, requiring a
less drastic reduction than that needed for the second stage.
The fourth and fifth stages expect a higher number of channels
than the DCT inputs, so they are scaled up while maintaining
the original data salient features. Since our results on the
Upsampling-RFA were promising, we also tested skipping
the second stage on our LC-RFA models with our stems to
reduce the amount of input channels.
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S Experimental Protocol

All experiments were executed on a machine equipped with an
Intel Core 17 6850K 3.6 GHz processor, 64 GBytes of DDR4-
memory, and 3 NVIDIA Titan XP GPUs. The machine runs
Ubuntu 18.04 LTS (kernel 5.0.0) and the ext4 file system.
The models were implemented using torch 1.2.0, and the ex-
periments were conducted on the ImageNet dataset. Since we
did not have access to the models proposed by Gueguen ef al.
[2018], we re-implemented them following the specifications
available and trained them from scratch. To make a fair com-
parison, we present the results of our networks trained from
scratch, as well as the results obtained from models trained
from other works. This allow us to show that the variance
present in network training and the small variations in training
procedures can generate variance in the results obtained by
these models.

To compare our approach with the state-of-the-art, we se-
lected models with similar alterations to the network archi-
tecture as our methods, attempting to reduce the amount of
channels of the networks designed for DCT coefficients to
make them more similar to the original ResNet-50 for RGB
images. For this reason, we did not include models like the
ones based on the LC-RFA Thinner [Gueguen et al., 2018],
since they have a smaller amount of channels than the original
ResNet-50, although these modifications could be applied to
our methods.

The same hyperparameters from Gueguen et al. [2018]
were used, with batch size of 128, initial learning rate of
0.05, momentum of 0.9, 120 epochs of training, reducing
the learning rate by a factor of 10 every 30 epochs. Images
were resized so the smallest side is 256 and the crop size is
224 %224. For training, random crop and horizontal flip were
used for data augmentation. For testing, only a center crop
was used.

Initially, we conducted experiments using our stems to
reduce the amount of input channels. Then, we performed
experiments avoiding the cost of upsampling the chroma com-
ponents. Finally, on our last experiment, we tested reducing
the number of layers from our best models.

To compare our methods with the state-of-the-art, we eval-
uated them on ImageNet (ILSVRC-2012) [Russakovsky et al.,
2015], a large-scale image classification dataset widely used
in literature. It has 1,000 classes, with 1,281,167 images for
training and 50,000 images for testing.

In order to compare the performance of the network on the
image classification task, we used the accuracy (Acc) metric,
while for comparing the efficiency, we used the amount of
trainable parameters, the number of floating point operations
(measured in GFLOPs), inference time and the frames per
second (FPS). For measuring inference time, we used a single
Titan XP GPU and followed Gueguen et al. [2018] by doing
10 runs of 200 predictions with batch size of 8. The final in-
ference times are the average of all runs. Following Gueguen
et al. [2018], we also loaded the data into the memory pre-
viously to the time measurements, but differently than these
works, we loaded the JPEG compressed data, allowing us to
analyze the effects of partially or fully decoding the images.
We divided inference time in data preprocessing time and the
time for passing the data through the network. Data prepro-
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cessing time includes the time for fully or partially decoding
the images, applying the necessary operations and loading
them into the GPU memory. All images were center cropped
previously to the execution of such experiments. We use a
libjpeg-turbo based implementation for the partial and full
decoding of the JPEG images.

In most of our experiments, FPS is calculated over the
average network inference time, since different strategies can
be used to speed up the decompression, like GPU acceleration,
and most of other work report results this way, like Deguerre
et al. [2021], except for the ones in Section 6.4, where we
also show the FPS based on the total time (i.e., including
the preprocessing time), allowing us to see the impact of the
decoding step. FPS from other works are also reported, but are
not directly comparable to ours, since they use different GPU
implementations and, in some cases, different experimental
protocol to do the measurements.

In order to analyze the trade-off between computational
efficiency and effectiveness, allowing us to select the best
models for our goals, we propose the efficiency-effectiveness
score Sg metric. It takes in consideration the accuracy, com-
putational complexity and amount of parameters of the model,
rewarding the one with a good balance among them, as we
can see in Equation 5,

Acc Acc
Sp = o P 5
E Accpaseline v ACChaseline ®)
Obasetine Ppgseline

X

where Acc is the accuracy of the model, O is the computa-
tional complexity, P is the amount of parameters, Accpaselines
Obaseline, and Pygserine are respectively the accuracy, com-
putational complexity, and amount of parameters from a base-
line model, in this case, the ResNet-50. This way, the Sg
metric is used to show the efficiency-effectiveness trade-off
of a model compared to the baseline, highlighting the impacts
caused by the changes applied to the ResNet-50.

The standard metrics to measure computational efficiency
are the computational complexity (GFLOPs), the number of
parameters, and FPS. They provide crucial, isolated mea-
surements of computational cost, model size, and practical
inference speed, respectively, but they do not capture the influ-
ence interplay between these factors have among themselves
and with the performance metric of accuracy. For example, a
model might achieve a favorable reduction in GFLOPs, but
still use a large amount of parameters that make its deploy-
ment into a device with limited memory impossible. Or the
model might have a significant lower number of parameters,
but at an unacceptable cost to its classification accuracy. The
proposed S score addresses this limitation by providing a
single, interpretable score that reflects the quality of the trade-
off between accuracy and all of these factors at once, allowing
for a more direct comparison.

6 Experimental Results

This section presents the experimental results. Section 6.1
demonstrates the effects our stems for reducing the number of
input channels. Section 6.2 discusses the effects of removing
the upsampling operation of the model. Section 6.3 shows
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the results of our experiments to evaluate the reduction in
the number of layers. Finally, Section 6.4 presents a more
in-depth analysis on the efficiency of the models, comparing
the inference time and FPS of the networks.

6.1 Effects of Reducing the Number of Input
Channels

We evaluated the computational complexity, amount of pa-
rameters, frames per second, and accuracy of our stems for
reducing the amount of input channels from the Upsampling-
RFA. Experiments were run on the ImageNet dataset, as it
can be seen in Table 2.

Table 2. GFLOPs, number of parameters, FPS based on average
network inference time, accuracy and Sg score our Upsampling-
RFA based models.

Approach GFLOPs Params FPS  Acc. ‘ Sk
Gueguen et al. [2018] training:

ResNet-50 (3x1) 3.86 25.6M 208 75.78 | 1.06
Upsampling-RFA (3x64) 5.40 284M 266 75.94 | 0.69
LC-RFA (3x64) 5.11 27.4M 267 7592 | 0.75
Deconvolution-RFA (3x64) 5.39 28.4M 268  76.06 | 0.69
Deguerre et al. [2021] training:

ResNet-50 (3x1) 3.86 25.6M 324 7473 | 1.03
LC-RFA (3x64) 5.11 274M 318 74.82 | 0.73
LC-RFAY (1x64) 5.14 27.6M 329 7325 | 0.69
Deconvolution-RFA (3x64) 5.39 284M 319 7455 | 0.66
Our training:

ResNet-50 (3x1) 3.86 25.6M 588  73.46 | 1.00
Upsampling-RFA (3x64) 5.40 284M 494 7233 | 0.62
LC-RFA (3x64) 5.11 27.4M 510 71.67 | 0.69
Upsampling-RFA + LP (1x64) 3.20 256M 492 69.62 | 1.08
Upsampling-RFA + LA (1x64) 3.20 25.6M 626  69.96 | 1.09
Upsampling-RFA + CCPP (1x64) 3.20 25.6M 639 69.73 | 1.09

The three models with the best classification accuracy were
the ones trained by Gueguen ef al. [2018], respectively, the
Deconvolution-RFA, the Upsampling-RFA and the LC-RFA.
All these models use DCT coefficients as inputs, and were
able to achieve better classification accuracy than the RGB
baselines. The training of these networks made by Deguerre
et al. [2021] and us were able to obtain classification accuracy
similar to the RGB, but did not surpassed it. In general, when
comparing the same models trained by different authors, the
best accuracy were obtained by Gueguen et al. [2018], fol-
lowed by Deguerre et al. [2021] and us, showing that small
differences in procedures and training variance can affect the
performance of these models.

The FPS obtained were also different for each work, since
different hardware, batch size and other configurations were
used. In the experiments of Gueguen et al. [2018], the DCT-
based models were able to obtain higher FPS than the RGB
baseline. While for Deguerre et al. [2021], the LC-RFA and
Deconvolution-RFA obtained lower FPS than the RGB model
by a small margin, 6 and 5 frames, respectively, achieving a
similar inference speed. For these reasons, in the remainder of
this work, when multiple training results for the same network
were available, we used ours to keep a fair comparison.

Among all the DCT-based models trained by Gueguen
et al. [2018] and Deguerre et al. [2021], the one with the best
classification accuracy only increased it by 0.36% compared
to their RGB baseline, while the one with lowest complex-
ity increased it by 32.38% and has at least 1.8M more pa-
rameters. Also from Deguerre ef al. [2021], LC-RFA and
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Deconvolution-RFA obtained similar but smaller FPS than
the ResNet-50. The results obtained by Deguerre et al. [2021]
and us show that the modifications made to accommodate
DCT coefficients to the ResNet-50, creating the Upsampling-
RFA and LC-RFA, increased the computational complexity
and number of parameters of the network, making it slower
than the original model.

These results also indicate the effectiveness of our proposed
SE metric in highlighting the works with the best balance be-
tween efficiency (complexity, parameters and FPS) and effec-
tiveness (accuracy). For example, the Upsampling-RFA from
Gueguen et al. [2018] obtained the best accuracy and an FPS
higher than the baseline ResNet-50 for RGB, but at the cost
of significantly higher computational complexity and number
of parameters. With those four metrics that measure different
aspects of the model performance, it can be hard to have a
clear consensus on the model overall qualities. Our proposed
S g metric can be used to deal with this problem, since it takes
in consideration the interaction between complexity, param-
eters and accuracy in a single metric. It clearly highlights
that although the Upsampling-RFA obtained higher accuracy
than the RGB baseline, the trade-off of higher complexity
and number of parameters was not favorable, leading to a
considerably lower Sg score.

In our experiments, similar to Deguerre et al. [2021], the
baseline Upsampling-RFA and LC-RFA obtained FPS lower
than the RGB by 94 and 78 frames, respectively. Also, they
had a small drop in classification accuracy (around 1.13% and
1.79%), demanded an increase in computational complexity
(of approximately 39.9% and 32.38%), had more trainable
parameters (2.8M and 1.8M more) and lower Sg score (0.38
and 0.31 points lower).

All our models have similar classification accuracy, com-
putational complexity, number of parameters and FPS. Their
amount of parameters were approximately the same as our
RGB baseline, the complexity was approximately 17.1%
lower and there was a increase 38 FPS for the Upsampling-
RFA + LA (1x64) and 51 FPS for the Upsampling-
RFA + CCPP (1x64). Upsampling-RFA + LA (1x64) per-
formed slightly better, obtaining classification accuracy 3.5%
lower than the RGB baseline, followed closely by CCPP and
Upsampling-RFA + LP (1x64), that were 3.73% and 3.84%
lower, respectively. The Sg scores of our models were also
similar, with all being slightly higher (by 0.08 or 0.09 points)
than the ResNet-50.

Since most stems obtained similar computational complex-
ity, number of parameters and accuracy, we decided to use
only the CCPP in the other experiments of this work due to it
being similar to pointwise convolutions, a strategy commonly
used in CNNs.

6.2 Effects Adapting Our Strategy to a Differ-
ent Architecture

After testing our stems for reducing the number of input chan-
nels on the Upsampling-RFA, we attempted to adapt them
to the LC-RFA to avoid the cost of applying the upsampling
operation to the chroma components of the DCT, decreasing
even further the preprocessing cost.
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Among the proposed stems, we chose to use the CCPP
because it is commonly applied in CNNs in order to obtain
channel-wise projections of the feature maps, like in depth-
wise separable convolutions [Chollet, 2017].

Two experiments were performed: (/) CCPP (1x32|1x64),
which used two CCPP layers as stem, one to reduce the
amount of channels of ¥ to n=32 and the other to reduce
the concatenated Cb and Cr to 2n=64 channels; and (i)
CCPP (1x16]1x32), which reduced the amount of ¥ chan-
nels to n=16 and CbhCr to 2n=32 channels. Table 3 shows the
computational complexity, amount of parameters, accuracy
on the ImageNet dataset, FPS and Sg score of the LC-RFA
and our improved variants.

Table 3. GFLOPs, number of parameters, FPS based on average
network inference time, accuracy and Sg score for our Upsampling-
RFA and LC-RFA based methods.

Approach GFLOPs Params FPS  Acc. S
ResNet-50 (3x1) 3.86 25.6M 588  73.46 | 1.00
Upsampling-RFA (3x64) 5.40 28.4M 494 7233 | 0.62
LC-RFA (3x64) 5.11 27.4M 510  71.67 | 0.69
Upsampling-RFA + CCPP (1x64) 3.20 25.6M 639  69.73 | 1.09
LC-RFA + CCPP (1x32|1x64) 3.14 24.7M 616  71.04 | 1.19
LC-RFA + CCPP (1x16|1x32) 3.13 24.7M 624  69.84 | 1.15

Our LC-RFA + CCPP (1x32|1x64) and LC-
RFA + CCPP (1x16|1x32) obtained similar results.
The one with CCPP (1x32|1x64) obtained slightly higher
accuracy and Sg, while the other with CCPP (1x16|1x32)
got slightly lower number of parameters, computational
complexity, and higher FPS. The similarity in the results
is due to the reduction in the number of channels in the
LC-RFA with CCPP only affecting the first convolutional
layer after the stem of the network from each stream, since
the remainder of the model is kept with the same amount
of input and output channels as the original ResNet-50.
Comparing to the ResNet-50 for RGB images, the LC-RFA +
CCPP (1x32|1x64) reduced the computational complexity
in 18.65%, had 0.9M fewer parameters, FPS was 28
frames higher, accuracy was 2.42% lower, obtaining an
Sk score 0.19 point higher. Similarly, for LC-RFA +
CCPP (1x16|1x32), the computational complexity was
18.91% lower, had 0.9M fewer parameters, obtained 36 more
FPS, while there was a loss in accuracy of 3.62%, resulting
in an Sg score 0.15 point higher. As we can see, the results
obtained for these methods were similar to the Upsampling-
RFA + CCPP, having slightly better computational cost
while the amount of parameters and FPS was slightly worse.
The LC-RFA + CCPP (1x16|1x32) version gained 0.11%
accuracy over the Upsampling-RFA + CCPP, being very
similar, while the CCPP (1x16|1x32) gained 1.31% accuracy,
being our DCT-based model with the highest accuracy
by a very small margin. According to the Sp metric both
LC-RFA + CCPP models were also slightly better than the
Upsampling-RFA + CCPP. This was expected, since similar
strategies were used to reduce the cost of both of these
networks. This way, the LC-RFA models combined with
CCPP as stem can offer a good balance between accuracy
and computational cost.
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6.3 Effects of Reducing the Number of Layers

In this section, we present the results obtained by our strategy
to reduce the number of layers of Upsampling-RFA and LC-
RFA, proposed in Sections 4.3 and 4.2, respectively. For the
Upsampling-RFA, when stages of the network are skipped,
we decrease or increase the amount of input channels in order
to match the depth expected at the initial stage in which they
are provided as input. Since all the strategies presented in
Section 4.1 obtained similar results, we decided to use the
CCPP as the stem of our networks, as it is commonly used in
CNNs for making channel-wise projections [Chollet, 2017].

Table 4 presents the computational complexity and number
of parameters from the Upsampling-RFA + CCPP model with
different skipped stages. The results indicate that skipping
the first and second stages of the network leads to reductions
in computational complexity and the number of parameters.
However, skipping more stages results in a substantial in-
crease in computational complexity since earlier stages of
the network reduce the input resolution. By skipping these
stages, inputs with higher resolutions are fed to the network,
generating an increase in computational costs. Furthermore,
the decreased strides at the initial stage’s early blocks also
increase the cost of convolution operations. Therefore, in
subsequent experiments, we only consider skipping the first
and second stages to save computational costs.

Table 4. GFLOPS and number of parameters for our Upsampling-
RFA + CCPP when skipping different stages.

Approach GFLOPs Params
Skip the 1° stage 3.20 25.6M
Skip the 1° and 2° stages 2.86 25.1M
Skip the 1°, 2°, and 3° stages 8.26 23.9M
Skip the 1°, 2°, 3°, and 4° stages 10.76 15.8M

A comparison between computational complexity, number
of parameters, FPS, accuracy and S score between our mod-
els presented previously and the Upsampling-RFA + CCPP
and LC-RFA + CCPP skipping 1% and 279 stages is shown in
Table 5. Notice that skipping these stages benefited not only
computational costs, but also the accuracy. It achieved the
best FPS and fourth best classification accuracy among the
DCT-based networks. Indeed, its classification accuracy is
surpassed only by Upsampling-RFA and LC-RFA [Gueguen
et al., 2018], whose FPS, computational complexity and num-
ber of parameters are worse than the original ResNet-50, and
to the LC-RFA + CCPP (3x32) that had higher computa-
tional complexity and lower FPS. Comparing the Upsampling-
RFA + CCPP skipping 1°* and 29 stages to the original
ResNet-50, the classification accuracy was only 2.97% lower,
while there was a similar amount of parameters, a reduction
of 25.91% in computational complexity and a gain of 183
FPS. Also, it was our model with the highest Sg score, being
higher than the ResNet-50 by 0.27 points and, for this mo-
tive, this was considered our best model, achieving the best
efficiency-effectiveness trade-off.

Similar results were obtained when skipping the first and
second stages of the LC-RFA models in terms of computa-
tional cost, but their classification accuracy were slightly
lower than their counterpart without skip. The model
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Table 5. GFLOPs, number of parameters, FPS based on average
network inference time, accuracy and S score for our strategies for
reducing the number of input channels and layers.

Approach GFLOPs Params FPS Acc. SE
ResNet-50 (3x1) 3.86 25.6M 588  73.46 | 1.00
Upsampling-RFA (3x64) 5.40 28.4M 494 7233 | 0.62
LC-RFA (3x64) 5.11 27.4M 510 7275 | 0.69
Upsampling-RFA + CCPP (1x64) 3.20 25.6M 639  69.73 | 1.09
LC-RFA + CCPP (1x32|1x64) 3.14 247M 616  71.04 | 1.19
LC-RFA + CCPP (1x16|1x32) 3.13 247M 624  69.84 | 1.15

Upsampling-RFA + CCPP +
skipping 1°* and 2" stages (1x128)
LC-RFA + CCPP + skipping

1%% and 2" stages (1x32|1x64)
LC-RFA + CCPP + skipping

15 and 29 stages (1x16|1x32)

2.86 251M 771 7049 | 1.27

291 244M 735 70.04 | 1.26

2.90 24.4M 727  69.14 | 1.24

with CCPP (1x32|1x64) obtained computational complex-
ity 24.61% lower than the original ResNet-50, 1.2M fewer
parameters, the lowest amount among all the networks shown
in this work, 147 more FPS while having a loss in accuracy of
3.42%, achieving a Sg score 0.26 points higher. The model
with CCPP (1x16|1x32) had the same amount of parame-
ters than the CCPP (1x32|1x64), computational complexity
24.87% lower than the ResNet-50, 139 more FPS, accuracy
4.32% lower and Sg, score 0.24 point higher. The small dif-
ferences in FPS can be justified by the variance on the exper-
iments. Overall, these models obtained the lowest amount of
parameters from all models we tested, but were outperformed
in computational complexity, FPS, accuracy and Sg by the
Upsampling-RFA + CCPP skipping the same stages.

6.4 Analyzing the Efficiency of the Models

Table 6 presents the results of our experiment to measure
inference time and FPS. As it can be seen, the data prepro-
cessing time is lower than the network time, although it still
has a considerable influence, being approximately 16.48%
from the total inference time for the Upsampling-RFA, mak-
ing the total FPS be 82 frames lower than the network FPS.
It is important to emphasize that such results are hardware
and software dependent and thus may change according to
the experimental setup. The base RGB model, the ResNet-
50, was the one with the highest data preprocessing time
and overall prediction time, since it needs to fully decode
the images before feeding them to the network. By using
DCT coefficients that can be obtained by partial decoding
of the images, the Upsampling-RFA and LC-RFA were able
to reduce the data preprocessing time when compared to the
ResNet-50. However, as the introduced modifications led to a
higher network time, there were drops in FPS for both models,
since the increase in the network time was more influential.
The LC-RFA obtained considerably lower data preprocessing
time than the Upsampling-RFA. This is due to the fact that no
upsampling operation is applied to the Ch and Cr components,
avoiding this cost, and that the resolution of these components
are halved in relation to the ¥ component, reducing the cost
of operations to be applied.

Our stems for reducing the amount of input channels greatly
improved the network time while keeping similar data pre-
processing time to the model they were added to, regardless
of whether Upsampling-RFA or LC-RFA. Skipping stages of
the networks yielded gains in data preprocessing time similar
to our other models. Indeed, they were the strategies with
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the best network time among the tested models. The results
we obtained here indicate that our stems for reducing input
channels are promising, since they greatly reduce network
time, being able to greatly speed-up the models.

Figure 3 compares the computational complexity, number
of parameters, S score, and classification accuracy for the
different models presented in this work evaluated on the Ima-
geNet dataset. Although all models have similar accuracies,
Upsampling-RFA and LC-RFA significantly increased the
computational complexity and number of parameters from
the original ResNet-50, leading to a significantly lower Sg
score, indicating that the trade-off between efficiency and
effectiveness is not beneficial. The use of our stems in the
Upsampling-RFA was able to reduce the computational com-
plexity and number of parameters while keeping a similar
classification accuracy and greatly increasing the S score of
the network. When used with the LC-RFA, similar computa-
tional complexity and FPS were obtained while the accuracy
was slightly higher. In fact, it was the DCT-based model with
the third best accuracy, behind only Upsampling-RFA and
LC-RFA proposed by Gueguen ef al. [2018], however, they
have a considerably higher computational cost. By using our
stem to reduce the number of input channels and skipping the
15t and 2"9 stages, we obtained the DCT-based models with
the lowest computational complexity, amount of parameters
and highest S g score, while keeping similar accuracy. Among
them, the best one was the Upsampling-RFA + CCPP skip-
ping 1% and 279 stages, since it obtained the best S score,
indicating that this model is the one with the best trade-off
between efficiency and effectiveness.

Parameters

Accuracy

SE
—— Upsampling-RFA + CCPP (1x64)
LC-RFA + CCPP (1x32|1x64)
Upsampling-RFA + CCPP skipping
1st and 2nd stages (1x128)
LC-RFA + CCPP skipping
1st and 2nd stages (1x32|1x64)

=== ResNet-50 (3x1)
—e— Upsampling-RFA (3x64)
—e— LC-RFA (3x64)

Figure 3. Comparison of computational complexity, number of parameters,
S g score, and classification accuracy from different networks for the Ima-
geNet dataset. Values are shown in proportion to the ResNet-50.
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Table 6. Inference time and frames per second for the original ResNet-50 for RGB and models designed for DCT. Inference times are
averaged for 10 runs over 25 batches of size 8, +indicates the standard deviation and frames per second (FPS) are calculated over the average
network inference time (Network) and over the average total inference time (Total)

Inference Times (ms)

FPS

Approach Preprocessing Network Total Network  Total Se
ResNet-50 (3x1) 85.848 +£2.640 339.704 £5.428 425.615 £6.689 588 469 1.00
Upsampling-RFA (3x64) 79.820 £2.015 404.396 +2.471 484.268 +3.396 494 412 0.62
Upsampling-RFA + LP (1x64) 80240 £2.082  406.354 £6.505  486.651 £7.925 492 410 | 1.08
Upsampling-RFA + LA (1x64) 82.484 +£2.953 319.416 £5.744 401.955 £7.667 629 497 1.09
Upsampling-RFA + CCPP (1x64) 83.099 £2.718 312.987 £18.200  396.134 £20.276 639 504 1.09
Upsampling-RFA + CCPP +
335 +7. 624 9. .
Kipping 1% and 27 stages (1x12g)  S323243599 25933547847 342.624:£9.908 71 583 | 1.27
LC-RFA (3x64) 69.379 +£5.261 391.433 +£4.049 460.857 £8.454 510 433 0.69
LC-RFA + CCPP (1x32|1x64) 69.688 £2.516 324.484 £17.518  394.219 £19.123 616 507 1.19
LC-RFA + CCPP (1X16\ 1x32) 68.247 £3.707 320.320 £18.981 388.610 £22.341 624 514 1.15
LC-RFA + CCPP + skipping
.687 £18. .
1% and 21 stages (1x32|1x6d) 69.770 £2.338  271.874+16.434  341.687 +18.625 735 585 | 126
LC-RFA + CCPP + skipping 70366 43.820  275.031+15.022  345.441 £18.151 727 s78 | 124

15t and 2nd stages (1x16]1x32)

7 Conclusions

In this paper, we presented a study on CNNs designed to op-
erate directly on frequency domain data, learning with DCT
coefficients rather than RGB pixels. These information are
readily available in the compressed representation of images,
saving the high computational load of fully decoding the data
and greatly speeding up the processing time, which is cur-
rently a big bottleneck of deep learning, being crucial for
environments with limited computational resources, like edge
devices and embedded systems. The starting point of our
work was the models proposed by Gueguen et al. [2018],
Upsampling-RFA and LC-RFA, which are modified versions
of the ResNet-50 architecture [He ef al., 2016]. Despite the
speed-up obtained by partially decoding JPEG images, their
architectural changes raised the computational complexity
and the number of parameters of the network. To solve this
problem, we propose stems to reduce the amount of input
channels, allowing us to avoid the increase in computational
complexity of the models designed for DCT inputs, even re-
duce the overall cost by skipping stages. In this way, we keep
the benefits of not decoding the images while the network cost
itself is also lower than the RGB baseline, achieving good
trade-offs between computational cost and accuracy. Our
results showed that our stems are capable of learning how
to combine DCT inputs in a data-driven fashion and reduce
the computational complexity and number of parameters. As
future work, we plan extend our approach for video classi-
fication using 3D network architectures, like Res3D [Tran
et al.,2017] or I3D [Carreira and Zisserman, 2017], test our
proposed method with CNNs designed to have low compu-
tational MobileNet [Howard et al., 2017], EfficientNet [Tan
and Le, 2019], and SqueezeNet [landola ef al., 2016], explore
auto-encoders to reduce the input channels, following strate-
gies like Chen ef al. [2018], and evaluate our approach in
large-scale datasets, like Kinetics [Kay et al., 2017].
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