
International Journal of Advances in Intelligent Informatics ISSN 2442-6571 
Vol. 10, No. 3, August 2024, pp. 425-440  425 

       https://doi.org/10.26555/ijain.v10i3.1499     http://ijain.org         ijain@uad.ac.id  

Enhancement of images compression using channel  
attention and post-filtering based on deep autoencoder 
Andri Agustav Wirabudi a,b,1,2,*, Nurwan Reza Fachrurrozi b,3 , Pietra Dorand b,4 , Muhamad Royhan b,5  
a Department of Intelligence Media Engineering, Hanbat National University, 34158 Daejeon, South Korea 
b School of Applied Science, Telkom University, 40257 Bandung, West Java, Indonesia 
1 30221063@edu.hanbat.ac.kr; 2 andriagustaw@telkomuniversity.ac.id; 3 nurwan@telkomuniversity.ac.id; 4 pietra@telkomuniversity.ac.id;  
5 roihani@telkomuniversity.ac.id 

* corresponding author 

 

1. Introduction 
Today's advancement of digital media has led to increased data access, particularly concerning high-

definition image content. The more images exchanged within a network, the more impact it has on data 
compression and the required data transmission. The need for this significantly influences the quality of 
the produced images. Research on data compression currently stands as the best solution to address the 
issues [1]. Compression techniques fundamentally aim to reduce spatial redundancy in images and 
optimize the available bandwidth and storage space. In conventional data compression research such as 
JPEG (Joint Photographic Expert Group) [2] and JPEG 2000 [3], [4], it is insufficient to meet the 
current data compression needs. This is because conventional methods focus more on capturing the 
residual values of images to be represented back into their original form. Additionally, conventional 
methods [5] are considered inadequate for reconstructing images into their original forms upon 
reception, thereby failing to maintain the visual quality of the reconstructed results. This contradicts the 
concept of compression itself, which involves reducing data size while retaining the information within 
to approximate the original. 
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 Image compression is a crucial research topic in today's information age, 
especially to meet the demand for balanced data compression efficiency 
with the quality of the resulting image reconstruction. Common methods 
used for image compression nowadays are based on autoencoders with deep 
learning foundations. However, these methods are limited as they only 
consider residual values in processed images to achieve compression 
efficiency with less satisfying reconstruction results. To address this issue, 
we introduce the Attention Block mechanism to improve coding efficiency 
further. Additionally, we introduce post-filtering methods to enhance the 
final reconstruction results of images. Experimental results using two 
datasets, CLIC for training and KODAK for testing, demonstrate that this 
method outperforms several previous research methods. With an efficiency 
coding improvement of -28.16%, an average PSNR improvement of 34%, 
and an MS-SSIM improvement of 8%, the model in this study significantly 
enhances the rate-distortion (RD) performance compared to previous 
approaches.  
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Modern deep learning-based image compression algorithms currently show improved compression 
results compared to previous conventional methods, with advancements in rate-distortion (RD) 
performance and coding efficiency [5]. Research conducted by Tawfik et al. [6] utilizes a real-time 
generic convolutional autoencoder (CAE) approach capable of achieving high compression ratios, albeit 
sacrificing image quality for coding efficiency. Additionally, research by Cheng et al. [7]. applies a 
convolutional autoencoder architecture with a hyperprior trained using distortion rate functions to 
achieve high coding efficiency by reducing the BD rate. Cheng et al. also employ Non-local Attention 
Module (NLAM) and Gaussian Mixture Likelihoods (GML) mechanisms to eliminate spatial 
redundancy in compressed code and achieve a more accurate entropy model, resulting in fewer bits for 
encoding processes. However, the attention mechanism in their use may reduce some information, 
especially in testing at low 𝜆. Elsewhere, a study conducted by Google's Nick Johnston [8] showed that 
MS-SSIM-weighted pixel loss training improved the quality of corresponding reconstructions by several 
metrics. He modified the recurrent architecture to improve spatial diffusion, allowing the network to 
capture more effectively and propagate image information through hidden states in the network. 
Research conducted by Balle combines hyperparameter blocks with variational autoencoder blocks to 
achieve better loss efficiency and BD rates. The hyperprior method was first introduced by Ballè et al. 
[9], where Ballè introduced a nonlinear model for image compression using an end-to-end method. This 
method consists of nonlinear analysis transformation, uniform quantization, and nonlinear synthetic 
transformation. The stages in Ballè's model are built in three sequential steps, including linear, 
convolutional, and nonlinear activation functions. The Hyperprior component functions to capture 
spatial dependencies in latent representation and achieve good image compression performance. 

Inspired by the working mechanism of attention mechanisms in [10], [11], which can improve 
encoding efficiency and significantly enhance compression performance, in this research, we 
implemented an attention mechanism based on Channel Attention Block (AB) [11]. In addition to the 
attention mechanism, we introduced a post-filtering block to enhance image reconstruction to 
approximate the original image. We divided these two blocks to focus on two different pixel values, 
namely dominant and non-dominant, in an image. The dominant values refer to the object part of the 
image, while the non-dominant values refer to the background of the image. The use of the AB block 
in this model aims to focus attention on the image object so that dominant pixel values will be prioritized 
in the process, allowing the neural network to focus on important features only. Meanwhile, the post-
filtering mechanism is widely used in video compression research [12], aiming to improve image 
performance by enhancing non-dominant pixel values to approximate the original image. The reason for 
dividing these two blocks to perform different tasks is because previous research [10], [13] on each of 
these blocks had weaknesses, such as AB focusing only on dominant pixel values and post-filtering 
having dependencies on the quality of the original image [14], decreasing decompression speed due to 
requiring additional processes after completion, and other mathematical computation increases [15]. We 
see these weaknesses as an opportunity to collaborate and innovate by dividing the tasks of each block 
into different processes. Thus, collaborating these two blocks will greatly help improve coding efficiency 
and enhance the quality of the final image. Hyperprior autoencoder-based models [9] and Convolutional 
Neural Network (CNN) [16] are used in this research. The AB block is placed at each final stage of the 
encoder, decoder, and hyperprior section.  

This paper is structured in several stages as follows. In Section II, the method, main references, and 
other relevant supporting references to this research will be discussed. Some of these references have 
been addressed in Section I, which we use as the state-of-the-art (SOTA) to test the data performance 
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conducted and to compare the image quality in Section III. Additionally, this section also contains 
architecture diagrams and mathematical equations used in this research, including the Hyperprior 
Model, AB, Postfilter, the dataset used to train and test the model, and the Evaluation Metrics used. 
Section III contains qualitative results of image reconstruction and qualitative comparisons with relevant 
SOTA. Finally, in Section V, we conclude the overall results and future research plans. 

2. Method 

2.1. Related Works 
This section explains the differences between the existing current compression methods and the 

methods used in this research. 

2.2. Conventional Methods 
In this current field of image compression, the techniques focus more on reducing spatial redundancy, 

such as changing images from the pixel domain to the frequency domain, to make the compression 
process easier. For example, JPEG [2] which applies discrete cosine transformation. In contrast, 
JPEG2000 [3], [17] applies manual discrete wave transformation. To reduce data redundancy, high-
frequency information is separated from low-frequency information, and bits are allocated based on signal 
significance. Next, Entropy such as Huffman [18], [19], arithmetic coding, [20], and the like are also 
used to increase image compression. Another way of using an intra-prediction approach [5] is similarly 
used for both image and video compressions. The BPG (Better Portable Graphics) [20] is based on the 
image compression standard of High-Efficiency Video Coding HEVC/H.265 [21], which gave more 
optimal image compression results than those of previous methods, such as JPEG [2] and JPEG2000 
[3], [17]. The prediction-transformation standard uses the BPG approach, and 35 options of intra-
prediction directions are used to create reconstructed images and reduce redundant data. Furthermore, 
larger computing units, more prediction methods, a greater variety of transformations, and more coding 
facilities are all supported by VVC (Versatile Video Coding) [15]. However, the conventional method 
presented was created through manually designed components such as entropy coding and prediction. 

2.3. Deep Learning–Based Method 
DNN (Deep Neural Network) based methods are modern image compression approaches that use 

neural networks to compress images. Neural networks inspire these DNN models and can learn from 
data to identify complex and abstract patterns [14], [21], [22]. In the context of image compression, 
DNN-based methods combine the principles of Deep Neural Networks with traditional compression 
techniques to create a more efficient way of representing and storing image data. The general steps used 
in the DNN Method are Representation Approach, Model Training, Encoding, Compression, and 
Decompression. In the training process, some methods [23]–[25] use perceptual weighted training loss, 
hidden state priming, and spatial adaptive bit rate. The combination of these three techniques improves 
the performance of image compression architectures. Therefore, this research proposes an autoencoder 
technique by adding an attention and post-filter module to improve image quality after the 
reconstruction process is complete and the loss efficiency that occurs. Furthermore, the concept utilized 
in this research is adversarial image compression, introduced by Balle et al. [9]. As explained earlier, the 
model we employ consists of variational and hyperparameter components, as depicted in Fig. 1. 
Additionally, the model incorporates the Generalized Divisive Normalization (GDN) layer. This model 
is chosen because it contains two entropy bounds, enabling the estimation of entropy probability values 
at each stage. In various research cases [23]–[26] the Balle model can be extended by incorporating 
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additional blocks or modules to strengthen compression values and improve the quality of the resulting 
reconstructed images. 

2.4. Methodology 
This section presents the image compression performance framework in detail. Fig. 1 shows the use 

of Variational autoencoder architecture by adding Hyperparameter models. This research developed and 
improved performance compared to previous studies [6], [7], [9], in which we added model parameters 
such as post-filtering and Channel Attention into the model. CNN architecture has proven to be able 
to compress images well by capturing spatial relationships while efficiently improving compression 
performance through entropy models. The use of the attention module can help the compression and 
reconstruction process become more efficient because the nature of this attention model will focus on 
the block that contains information. Once the composition process is completed, it is continued with 
the quantization process, which is used during the formation of the entropy model to increase the 
probability that it can affect the overall performance to a better compression result of the reconstructed 
image. Hyperparameters influence how well models can learn patterns in feature blocks, improve model 
performance, and avoid overfitting or underfitting during training. In the training process, you lowered 
the image resolution to 256 × 256. The image downscale process to the size of 256 × 256 aims to speed 
up the required encoding and decoding time. After that, the compression result is performed at a stage 
(Encoder), producing an 𝑙𝑎 output, which contains compression features that will be sent to the decoder 
stage for the reconstruction process, before passing through the hyperparameter encoder stage used to 
overfit and streamline the losses obtained. 

 
Fig. 1. In the proposed network architecture model, two components are distinguished. The left part illustrates 
the autoencoder architecture, while the right part represents the hyperprior model.  

The 𝑧 part of the model is the output and input of the hyperparameter ℎ𝑎 for the hyper encoder and 
ℎ𝑠 for the hyper decoder. The encoding uses the quantified vector 𝑧̂𝑏 to predict the spatially distributed 
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𝜎̂ value of the standard deviation and the result of such a prediction is used to compress and transmit 
representations of quantized images 𝑦̂𝑎. At the decoder stage, the image will first be recovered by the 
upsampling process, i.e., returns the image quality based on the information of the Entropy and 
quantization performed, but before the reconstruction process is carried out, the décoder must first 
recover the 𝑧̂𝑏 from the compressed signal. Then, to get the value of 𝜎̂, use the output of ℎ𝑠, where the 
result of the recovery is 𝜎̂, 𝜎̂ containing information that estimates the correct probability value for 
performing reconstruction and recovering 𝑦̂𝑎.  

After the 𝑦̂𝑎 value has been known, then perform the reconstitution phase 𝑡𝑠 to recover the image 
𝑥̂. Once the image has been reconstructed, the last step is to provide a filter post to improve the quality 
of the image that is close to the original 𝑥 image. This compression process aims to generate high-
quality reconstruction images at a particular bitrate, and the entropy model is used to predict the target 
bitrate. This entropic model uses arithmetic encoding to estimate the latent form before performing the 
quantization process and encode the coding result into the bit stream. Such bit information is important 
for the decompression process. In addition, a proper entropy model will improve compression efficiency. 
In the training phase, we used 256 × 256 image resolution with the aim of speeding up the training 
process, and we used the actual resolution of the codec data set of  768 × 512. 

Below is the mathematical equation of the loss function (1) in the autoencoder, which is used to 
optimize the compression model training process, as shown in Fig. 1. 

𝐿 =  𝐷 + 𝑅 =  𝑑(𝑥, 𝑥̂)  =  ||𝑥 − 𝑥̂||2   () 

When, 

𝐿 is the loss function, D is distortion, 𝑅 is bitrate, 𝑥 is the input of the initial image, 𝑥̂ is the 
reconstructed output of the autoencoder process, and ||𝑥 − 𝑥||2 is the square Euclidean norm for 
measuring the difference between x and x ̂ . 

Entropy estimation method applied during the training process is shown in the form of equation (2) 
below: 

𝑃 (𝑦̂𝑎 |𝑧̂𝑏 ) = ∏ 𝒩𝑖  (𝜑𝑖 , 𝜗2(𝑖))  ∗  𝒰 (−
1

2
,

1

2
) (𝑦̂𝑎𝑖

)   () 

Each latent representation (𝑦̂
𝑎𝑖

)  is expressed as a Gaussian distribution with parameters 𝜑𝑖 and ϑi, 
predicted by the probabilities of hidden elements 𝑧̂𝑏. 𝑧̂𝑏 is referred to as the hyperprior, 𝒰 denotes a 
uniform distribution and ∗ denotes the convolution process. The hyperprior 𝑧̂𝑏 is represented in equation 
(3) as follows. 

𝑃𝑧̂𝑏|𝜓(𝑧̂𝑏|𝜓) = ∏ (𝑖 𝑃𝑧𝑎|
𝜓(𝑖)

)  ∗  𝒰 (−
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,
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)   () 

In this context, each distribution is represented by 𝑃𝑧𝑏|ψ(𝑖) and its parameters are denoted by ψ(𝑖) 
Our technique comprises the bit rate for the hidden variable. 𝑧̂𝑏 and the latent representation 𝑦̂

𝑎
 

However, the bits from equation (2) can be represented as follows: 

𝑦̂𝑎  =  ∑ − 𝑙𝑜𝑔2𝑖  (𝑃𝑦̂𝑎 |𝑧̂𝑏  
(𝑦̂𝑎𝑖

|𝑧̂𝑏𝑖
))   () 

𝑧̂𝑏 = ∑ − 𝑙𝑜𝑔2 (𝑃𝑧̂𝑏|𝜓  (𝑧̂𝑏|𝜓(𝑖))𝑖 )   () 
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2.4.1. Training Process 

In the model training process, we lowered the initial image resolution to 256 × 256 × 3, which aims 
to speed up the testing model's training process. A set of blocks of images is performed through the 
feature compression process (Downsampling) up to the feature extraction process to the bottleneck, at 
the bottleneck stage containing all the information that has been compressed, this section is later the 
key to the reconstruction of the image at the decoder stage. An illustration of the stages of the process 
is shown in Fig. 2. 

 
Fig. 2.  Illustration of Downsampling in the training process using the CLIC dataset and testing using the 

Kodak dataset by changing the image into several feature blocks before finally returning it to full size in the 
reconstruction process from the decoder 

2.4.2. Channel Attention Modul 

We use the attention block mechanism that is placed after the compression process is obtained on 
𝑦𝑎. This channel attention is used to understand and highlight the relevant information in each channel 
of a feature map of an image. A feature map is a hierarchical representation of the image produced by 
the convoluted nerve network (CNN) during the extraction process. The type of channel attention model 
we used was based on Sanghyun Woo's reference [11]. Indirectly, this method can help the model study 
the compressed image and enhance the network by observing the inter-channel relationship. Fig. 3 
below is a model of the channel attention that we use. 

 
Fig. 3.  The attention mechanism works by allocating weights (values) to each input based on its relevance to 

other elements. By assigning higher weights to more relevant elements.  The model can focus on 
important parts of the images 

Ab (𝐹) =  𝜎(𝐹𝐶(𝐴𝑣𝑔𝑝𝑜𝑜𝑙(𝑭))  +  𝐹𝐶 (𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑭))    

= 𝜎 (𝑊1(𝑊0𝑭𝑎𝑣𝑔
𝑐 )) + 𝑊1(𝑊0(𝑭𝑎𝑣𝑔

𝑐 ))   () 
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First, we collect spatial information from the feature map 𝑚𝑎𝑥𝑝𝑜𝑜𝑙 and 𝑎𝑣𝑔𝑝𝑜𝑙𝑙 operations and 
generate values 𝐹𝐶(𝐴𝑣𝑔𝑝𝑜𝑜𝑙(𝑭))𝑎𝑛𝑑 𝐹𝐶 (𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑭)), each of which shows the values of the 
average and maximum features. The two descriptors are then forwarded to the joint network to generate 
attention blocks on the Fully Connected layer (𝐹𝐶)𝐴𝑏 ∈ 𝑅𝐶 × 1 × 1, within the joined network 
consisting of multi-layer perceptrons (MLP) with one hidden H layer. Where σ indicates the sigmoid 
function, 𝑊0 ∈

𝑅𝐶

𝑟
×  𝐶 𝑎𝑛𝑑 𝑊1  ∈  𝑅𝐶 ×

𝐶

𝑟
 . It should be noted that weights 𝑴𝑳𝑷, 𝑊0 𝑎𝑛𝑑 𝑊1 , 

used jointly for both inputs and activation functions 𝐑𝐞𝐋𝐔 are followed by 𝑊0. To measure the load of 
the parameter in using this attention module, the hidden activation size is set to be 𝑅𝐶

1𝑟
× 1 × where r is 

the reduction ratio, which plays an important role in setting the value of the attention used; the larger 
the reduction ratio then, the larger the reductions are made. Note adjusts the reduction value according 
to the image to be tested. Once all the processes have passed, the attention module can be unplugged 
𝐴𝑏(𝐹). 

2.4.3. Post Filter 

In this section, the postfilter block is proposed after the compression and reconstruction process is 
completed. The aim is to perfect the results or soften the reconstructed image, which may contain 
artifacts in the form of image fragments resulting from the merging process, as seen in Fig. 4. The 
artifacts referred to here are parts of the background in the image that do not have perfect pixel values, 
caused by an imperfect reconstruction process. This happens because the background part of the image 
is not subject to an attention mechanism, so the attention mechanism only focuses on the foreground 
area and ignores the background part where dominant information is minimal. In previous research [6], 
postfilter was not used, which had an impact on the reconstructed images. This postfilter will help 
increase the probability value of the image pixels so that it can improve the background quality for the 
better. 

 
Fig. 4. Images containing artifacts resulting from decreasing resolution at each block during the compression 

stage are reintegrated into the image reconstruction process 

In Fig. 5, a diagram of the post-filter is shown, consisting of convolutional blocks (𝑐𝑜𝑛𝑣), where 𝑁 
represents the value of the filter used, which is 192. Additionally, the use of 𝑃𝑅𝑒𝐿𝑈 activation is 
depicted. We adopted the Parametric Rectified Linear Unit (𝑃𝑅𝑒𝐿𝑈) [27] over the Rectified Linear 
Unit (ReLU) [28]. This PReLU activation function is defined as (𝑓(𝑥) = max(0, 𝑥) + α min(0, 𝑥)). 
With the parameter (α) that can be learned during the training process, PReLU has an advantage in 
addressing the "dead neuron" issue that occurs with ReLU because (α) can be adjusted to overcome 
saturation. Following this, the process continues with sigmoid activation (𝜎), then transformed back to 
the original size and evaluated for image quality (𝐼), the reconstructed result based on the input image 
(𝐼). 
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Fig. 5. The post filter layer consists of three convolutional layers with a 𝟑 × 𝟑  kernel size & N values of 192, 

192, &3. We use 𝐏𝐫𝐞𝐋𝐔 during the filtering process to ensure that negative values are not eliminated. 
Afterward, the output from the post-filtering stage generates the Reconstructed output. We then assess 

the quality by comparing the original input,I, using parameters such as 𝑷𝑺𝑵𝑹 & 𝑴𝑺𝑬, resulting in the 
outcome I 

2.5. Experiments 
2.5.1. Dataset 

This research applied two types of datasets: training data and validation data, which use CLIC [29]. 
For testing, the KODAK dataset [30] was then used. The KODAK dataset consisted of 24 photos with 
a resolution of 512 × 758 𝑝𝑖𝑥𝑒𝑙𝑠, while the CLIC dataset consisted of 1633 images for training and 
102 images for validation. The CLIC dataset has a resolution of each image of 1913 × 1361 𝑝𝑖𝑥𝑒𝑙𝑠 for 
images taken using a cellphone camera, and around 1803×117 pixels for images taken with a professional 
camera. Such a dataset was chosen as it performed more optimally for image compression. 

2.5.2. Training Details 

All experiments were carried out on a workstation under Ubuntu 20.04 with an AMD Ryzen 5 5600X 
6-core Processor, 32GB RAM, and one NVIDIA GeForce RTX 3060 12GB GPU running under CUDA 
12.2. Python version 3.8.0 in a TensorFlow version 2.12 environment within Docker was then employed 
to complete such experimental code. The model implementation that was used to optimize learning is 
Adam [31], which is useful for training all models with a batch size of 256, total parameters of 2.2 
million, and Trainable params of 2.3 million for each iteration. The learning rate used starts from 𝑙𝑟 =

0.003 to 0.00003, with the Epoch: 500 and step per epoch: 500,  filter sizes used in convolution layers 
𝑁 = 192 and 𝑀 = 320, and on each layer the size of the post filter is 512,768,3. 

2.5.3. Evaluation Metric 

The evaluation metrics we use to measure the accuracy of results and comparisons between models 
involve measuring the level of distortion in bits per pixel (bpp) [32]. This metric is utilized to observe 
how many bits are used to represent pixels in an image. Furthermore, it is also employed to ascertain 
the quality of compression obtained from each 𝜆 during testing. Additionally, we employ the Mean 
Square Error (MSE) [33] metric to gauge the level of distortion between two signals, namely the original 
signal and the signal generated during training. Here, the value 𝑥 of the input is subtracted from the 
value x ̂ of the reconstructed image, as indicated in Equation 7. After obtaining the MSE value, we 
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proceed to find the Peak Signal-to-Noise Ratio (PSNR) [33], [34]. This metric is utilized to measure 
the quality of image compression or the reconstruction of images, as described in Equation 8. 

Moreover, we utilize the Multi-Scale Structural Similarity Index (MS-SSIM) [35] to measure the 
extent to which two images differ in terms of structure, texture, and detail, as shown in Equation 9. 
Here, L represents the number of scales, ι(i) denotes the intensity difference contribution at scale i, c(i) 
signifies contrast and s(i) represents structural information. This metric considers the structural 
differences between two images by considering variations at various scales, making it more sensitive to 
changes occurring in the image. 

𝑀𝑆𝐸 =
1

𝑁
∑ (𝑋𝑟𝑒𝑓(𝑖) − 𝑋̂𝑡𝑒𝑠𝑡(𝑖))2𝑁

𝑖=1    () 

𝑃𝑆𝑁𝑅 = .10. 𝑙𝑜𝑔10(
𝑀𝑎𝑥 𝑃𝑖𝑥𝑒𝑙 𝑉𝑎𝑙𝑢𝑒2

𝑀𝑆𝐸
   () 

𝑀𝑆 − 𝑆𝑆𝐼𝑀 = (𝑥, 𝑦) =
𝑙

𝐿
∑ 𝑙(𝑖). 𝑐(𝑖). 𝑠(𝑖)𝐿

𝑖    () 

3. Results and Discussion 

3.1. Qualitative Result 
This section presents some visualization results to clarify the results of the approach taken. Some 

test–image samples that have been used during testing are shown in Fig. 6 and Fig. 7. These images 
show a qualitative comparison (final reconstructed images) in the KODAK dataset [30]. Fig. 6 compares 
the result of the approach to the existing methods [2], [6], [7], [9]. To illustrate the efficiency of the 
proposed technique, we highlight several specific areas in the reconstructed images for a more in-depth 
examination of image details. Images with our proposed method have better PSNR and bpp values, 
namely 35.3 dB (kodim15.png), and dB (kodim14.png). Besides, our proposed method can maintain 
almost the same bit rate as other methods. Apart from that, the image texture is more similar (especially 
in the eye area), and this method succeeds in maintaining fine features in the image after compression.  

 
Fig. 6. Qualitative performance comparison dataset Kodim 23 between original and use post filtering after 

reconstructed 

Meanwhile, Fig. 7 shows a comparison of the reconstructed image using a post filter on the original 
image at various zoom levels for better qualitative visualization. 

Original 

Post Filter 
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Original Our 

MS-SSIM:   0.91  

MSE:    19.2  

PSNR:  35.3  

bpp:     0.18 

MS-SSIM:  0.96 

Related Work [6] 

MS-SSIM:   0.80  

MSE:    30.2 

PSNR:  32.2 

bpp:     1.3 

MS-SSIM: 0.83 

JPEG [2] 

MS-SSIM:   0.85  

MSE:    36.3  

PSNR:  29.9 

bpp:     1.1 

MS-SSIM: 0.82 

Cheng 2020 [7] 

MS-SSIM:   0.80 

MSE:    38.1  

PSNR:  30.7 

bpp:     0.25 

MS-SSIM: 0.80 

Balle [9] 

MS-SSIM:   0.89  

MSE:    35.19 

PSNR:  32.6 

bpp:     0.25 

MS-SSIM: 0.20 

 

      
Original Our 

MS-SSIM:   0.92  

MSE:    40.6  

PSNR:  33.3  

bpp:     0.18 

MS-SSIM: 0.98 

Related Work [6] 

MS-SSIM:   0.85  

MSE:    50.2 

PSNR:  29.9 

bpp:     3.4 

MS-SSIM: 0.90 

JPEG [2] 

MS-SSIM:   0.78  

MSE:    60.3  

PSNR:  33.8 

bpp:     1.7 

MS-SSIM: 0.88 

Cheng2020 [7] 

MS-SSIM:   0.80  

MSE:    42.1  

PSNR:  28.4 

bpp:     0.25 

MS-SSIM: 0.85 

Balle [9] 

MS-SSIM:   0.88  

MSE:    50.17  

PSNR:  30.4 

bpp:     0.20 

MS-SSIM: 0.85 

Fig. 7. Qualitative performance comparison Kodim 15, and Kodim 14 of our reconstructed images related work 
[2], [6], [9], [10] These images are taken from KODAK dataset 

Visualization results of Attention Blok (AB) regarding kodim 23.png kodim 19.png from KODAK 
dataset as show in Fig. 8. 

 
Fig. 8. Visualization results of Attention Blok (AB) regarding kodim 23.png kodim 19.png from KODAK 

Dataset (a) original image, (b) latent, and (c) Allocated bits in train model 

(a) (b) (c) 
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The use of a post filter after the construction process also increases the PSNR value in the image and 
restores lost pixel values. Typically, textured areas (high contrast) are given more bits than those without 
texture (low contrast). Therefore, it will produce better visualization quality at the same bit rate. The 
post filter aims to provide value to areas with low contrast to improve image visualization and sharpness. 
Table 1 shows a comparison between the reconstructed image and the image after using a post filter. 

Table 1.  Comparison Performance Reconstructed and Postfilter 

Approaches 
Comparison Reconstructed and Postfilter 

PSNR (dB) MS-SSIM bpp 
AB 

AB+ Post filter  
Related Work [6] 
Cheng 2020 [7] 

JPEG [2] 
Balle [9] 

32.33 
33.10 
31.81 
32.28 
32.28 
32.08 

0.88 
0.90 
0.85 
0.88 
0.87 
0.88 

0.14 
0.14 
0.32 
0.17 
0.31 
0.14 

 

Fig. 9. visualizes a feature map that is inserted during the compression process, image (a) is the 
original image before the process of compression, picture (b) is a feature map of the image after entering 
the convolutional phase, and the last is a picture (c) is an allocation of bits from the image that has been 
compressed. 

 
Fig. 9. Visualization results of Attention Blok (AB) regarding kodim 23.png kodim 19.png from KODAK 

Dataset (a) original image, (b) latent, and (c) Allocated bits in train model. 

The method we employed performed much better than the existing related works [2], [6], [7], [9], 
as can be seen in Table 1 above, which shows the average results of data comparison in the KODAK 
dataset. An increase in the PSNR value occurred after post-filtering had been applied. Similarly, the 
resulting compression was also better than others, with a bpp value of 0.14 for the experiment at 𝜆=0.001. 
Qualitative performance comparison Kodim 15, and Kodim 14 of our reconstructed images as show in 
Fig. 10. 

b a 
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Original Our 

MS-SSIM:   0.91  

MSE:    19.2  

PSNR:  35.3  

bpp:     0.18 

MS-SSIM:  0.96 

Related Work [6] 

MS-SSIM:   0.80  

MSE:    30.2 

PSNR:  32.2 

bpp:     1.3 

MS-SSIM: 0.83 

JPEG [2] 

MS-SSIM:   0.85  

MSE:    36.3  

PSNR:  29.9 

bpp:     1.1 

MS-SSIM: 0.82 

Cheng 2020 [7] 

MS-SSIM:   0.80 

MSE:    38.1  

PSNR:  30.7 

bpp:     0.25 

MS-SSIM: 0.80 

Balle [9] 

MS-SSIM:   0.89  

MSE:    35.19 

PSNR:  32.6 

bpp:     0.25 

MS-SSIM: 0.20 

 

      
Original Our 

MS-SSIM:   0.92  

MSE:    40.6  

PSNR:  33.3  

bpp:     0.18 

MS-SSIM: 0.98 

Related Work [6] 

MS-SSIM:   0.85  

MSE:    50.2 

PSNR:  29.9 

bpp:     3.4 

MS-SSIM: 0.90 

JPEG [2] 

MS-SSIM:   0.78  

MSE:    60.3  

PSNR:  33.8 

bpp:     1.7 

MS-SSIM: 0.88 

Cheng2020 [7] 

MS-SSIM:   0.80  

MSE:    42.1  

PSNR:  28.4 

bpp:     0.25 

MS-SSIM: 0.85 

Balle [9] 

MS-SSIM:   0.88  

MSE:    50.17  

PSNR:  30.4 

bpp:     0.20 

MS-SSIM: 0.85 

Fig. 10. Qualitative performance comparison Kodim 15, and Kodim 14 of our reconstructed images related 
work [2], [6], [9], [10] These images are taken from KODAK dataset. 

We trained the model with several different lambda tests 𝜆, including (0.01, 0.03, 0.20, 0.40, 0.80, 
1.0), to estimate the resulting compression level and the effectiveness of the proposed model. In Table 
1, the performance of the obtained model has nearly the same compression density in testing at (𝜆 = 
0.01-0.20). This is because, in testing using lambda with low values, the model tends to maintain the 
values of dominant pixels and ignore the values of non-dominant pixels, causing a loss of information 
from the model. Using an attention block in our model can help improve the values of dominant pixels, 
thus outperforming other models at low lambda 𝜆 values, minimizing the loss of important information 
in the image. Based on the results obtained, the PSNR and MS-SSIM values for the baseline balle model 
[9] were found to be PSNR 32.08 dB and MS-SSIM: 0.88 with bpp: 0.14. Meanwhile, the test results 
on the model [2], [6] have poor coding efficiency, as seen with the increasing lambda used. Our proposed 
model was able to outperform other models [2], [6], [7], [9] with the coding efficiency obtained in the 
test using a low lambda value of bpp 0.14 and PSNR 32.22 as well as MS-SSIM 0.8. Additionally, the 
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use of post-filtering can improve the quality of the obtained reconstructed image, resulting in a better 
PSNR of 33.10 dB and MS-SSIM of 0.9, outperforming other models. In Table 2, in the section of the 
results that we tabulated, the coding efficiency level obtained in our model was able to surpass almost all 
the SOTA, with an average difference of -33.34% for those using the Attention Module and -45.62% 
for the post-filtering module combined with AB. Therefore, it can be concluded that the use of attention 
modules in the compression process can improve coding efficiency while retaining important features in 
the image, and the effect of post-filtering can help improve the quality of the resulting image to approach 
the original image. 

Table 2.  Comparison BD-rate with SOTA 

 Dataset Kodak     BD-rate % 

 Anchor Balle 
[9] 

Related 
work [6] 

JPEG 
[2] 

Cheng 
2020  [7] AB our AB+Post 

Filter our 

PSNR 

Balle [10] 
Related work [9] 

JPEG [2] 
Cheng 2020 [6] 

0.00% 
-48.99% 
-62.02% 
8.77% 

9.63% 
0.00% 

-24.29% 
111.46% 

163.28% 
-32.09% 
0.00% 

111.46% 

-8.06% 
-52.71% 
-66.15% 
0.00% 

12.67% 
-55.02% 
-64.29% 
-5.38% 

-28.16% 
-62.57% 
-71.09% 
-20.66% 

4. Conclusion 
This research paper uses hyperparameters to introduce a deep learning-based variational autoencoder 

image compression model. In our study, we introduce two new blocks to enhance encoding efficiency 
and improve reconstruction results: Attention Block (AB) and Post-Filtering. Several other supporting 
components such as Generalized Divisive Normalization (GDN), are also utilized. In our experiments, 
the model is tested with various lambda values to estimate the proposed model's compression level and 
effectiveness. The test results indicate that low lambda tends to preserve dominant pixel values but may 
sacrifice important information from the image. To address this, our model's attention blocks have been 
shown to enhance dominant pixel values, thereby minimizing the loss of crucial information in the 
image. The proposed model also demonstrates improved encoding efficiency and reconstruction image 
quality compared to the baseline model. Furthermore, post-filtering has proven to enhance image quality 
after the reconstruction process. Our model outperforms state-of-the-art (SOTA) models in terms of 
encoding efficiency, with a significant average difference. Therefore, it can be concluded that adding 
attention blocks in the compression process and using post-filtering can enhance encoding efficiency 
while preserving important features in the image and improving the quality of the reconstructed image. 
Nevertheless, this research still has its limitations. While the attention mechanism enhances quality only 
in dominant pixels, the coding efficiency achieved is significantly better. Moreover, the addition of blocks 
affects the computational process. In our subsequent research, we aim to optimize the attention blocks' 
shortcomings and develop a model that can reduce the overall complexity level. 
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