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Abstract


The implementation of joint source-channel coding (JSCC) schemes using deep learning has accelerated the development of semantic communication research. Existing JSCC schemes based on deep learning (DL) are trained on a fixed signal-to-noise ratio (SNR); however, these trained models are not designed for scenarios in which the SNR is dynamic. Therefore, a novel semantic adaptive model for semantic communication—called joint source-channel coding with adaptive models (AMJSCC)—that has a semantic adaptive model selection (SAMS) module is proposed. The joint source-channel encoding (JSCE) model and the joint source-channel decoding (JSCD) model adapt according to both real-time channel conditions and system available computational power resources. Furthermore, residual networks with different layers are investigated to further improve the accuracy of information recovery. Simulation results demonstrate that our model can achieve higher recovery similarity and is more robust and adaptive to the SNR and communication resources. Meanwhile, compared to the state-of-the-art deep JSCC methods, it reduces storage space and communication resource consumption.
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1. Introduction


With the rapid development of mass transmission data in today’s world, the introduction of semantic communication makes communication systems transfer from focusing on symbols to focusing on meaning [1,2,3], which will help to improve the efficiency of communication and has also become an important research direction in the field of future communications [4,5,6]. Semantic communication is promising in various industries, such as brain–computer interaction [7], virtual reality [8], augmented reality [9], mixed reality, etc.



In Shannon’s theorem, the coding part is composed of source coding and channel coding; similarly, the decoding part is also composed of two separate modules, which are channel decoding and source decoding. This scheme is optimal theoretically at the asymptotic limit of infinitely long source and channel blocks [10]. However, the traditional coding method can achieve this performance for a single module but not for the overall system. In addition, it also causes the cliff effect [11]. This means that the system cannot reliably recover the data from the transmitter when the SNR is below the threshold, which is the minimum limitation of the channel quality at the receiver after a transmission rate is selected at the transmitter.



Currently, some researchers focus on studying a JSCC scheme to outperform the separate approach [12]. JSCC considers source coding and channel coding, and, similarly, source decoding and channel decoding, as a whole [13]. By combining the source coding module and the channel coding module for optimization in the JSCC scheme, the system performance is improved and the cliff effect is relieved [14]. The combination of DL promotes the study of semantic communication. According to different modalities of source information, such studies are roughly divided into three categories: text [15,16,17], image and video [12,18], and speech [19]. Bourtsoulatze, Kurka, and Gündüz proposed a JSCC model based on DL [12]. Xie, Qin, and Li designed an intelligent end-to-end JSCC scheme based on the self-attention mechanism of the transformer method and extracted sentence semantics by learning the potential relationships between sentences to improve transmission efficiency [20]. Furthermore, Xie, Qin, and Li used DL techniques to represent the implied meaning of the text to extract the semantic information of long sentences and used transfer learning to jointly train codecs [15]. Ding, Li, and Ma designed a new deep JSCC scheme based on a self-encoder to solve the JSCC problem of multi-user image transmission over noisy channels [21].



As we all know, channel quality is one of the most important factors in determining the level of communication. Kurka and Gündüz made full use of the channel feedback information and designed the DeepJSCC-f scheme, which effectively improved the end-to-end reconstruction quality of fixed-length transmissions in an image transmission system, reduced the average delay of variable-length transmissions, and realized the continuous refinement of images [22]. The existing JSCC semantic communication frameworks based on neural networks improve the transmission accuracy and reduce the bandwidth occupation to a certain extent, but they are not strong in their adaptability to channel fluctuations and still cannot achieve adaptive coding for different SNRs and levels of communication power. That is because the above-mentioned JSCC schemes are all trained under a certain SNR, the best performance can only be achieved by transmitting at this specific SNR, and the corresponding networks need to be retrained as the SNR changes. For example, a model trained at an SNR of 10 dB will not achieve the desired metric at an SNR of 0 dB [22,23]. Therefore, in order to adapt to all channel transmission environments, it is necessary to train a large number of neural networks, which will consume a lot of computing power resources and time resources. This is a big challenge for scenarios with large fluctuations in the communication environment and expensive or resource-constrained computing resources [23].



To solve this problem, Xu, Ai, and Chen proposed an adaptive deep joint source-channel coding (ADJSCC) scheme, which adopts a channel soft attention network instead of an artificially designed resource allocation strategy and can adjust the learned image characteristics under different channel SNR conditions [22]. On this basis, Yang and Kim designed a deep joint source-channel coding method with adaptive rate control capability, which considers the channel conditions and image content and studies the coding rate adaptation in wireless image transmission [23]. Furthermore, Zhang et al. proposed a predictive and adaptive deep coding (PADC) framework to solve the problem of transmission quality prediction and obtained results similar to those of ADJSCC [24]. Huang, Tao, and Gao et al. designed a coarse-to-fine image semantic coding model for a multimedia-semantic-communication-system-based GAN and introduced a base layer and an enhancement layer to further improve the accuracy of image recovery [25]. Dong, Liang, and Xu et al. proposed the concept of semantic slice-models (SeSMs) and a new semantic measure called semantic service quality (SS), established a layer-based semantic communication system for images (LSCI) framework, and constructed a layered-image semantic communication system on a simulation platform, which proved the feasibility of the proposed system [26]. In addition to paying attention to channel quality, communication resource consumption should also be considered, especially in scenarios where communication resources are expensive or limited. However, the above research did not consider the computing power of the communication system.



Liu, Guo, and Yang et al. proposed a task-oriented communication architecture based on DL. Under the delay constraint, the optimization goal is to consider the compression ratio of semantic information and the available communication resources, such as bandwidth and power, so as to maximize the probability of successful transmission [27]. Yan, Qin, and Zhang et al. proposed a quality-of-experience (QoE) model for semantic communication networks and developed a quality-aware resource allocation strategy based on the number of transmitted semantic symbols, channel allocation, and power allocation [28]. Chi et al. studied the resource allocation problem of JSCC networks in order to maximize the number of system users by optimizing resource block allocation, power allocation, and the compression ratio for each user under the constraints of the transmission delay and performance so as to maximize the system capacity of an OFDM communication system [29]. Wang et al. proposed a proximal-policy-optimization-based reinforcement learning (RL) algorithm integrated with an attention network to maximize the quality of semantic information transmission by jointly optimizing resource allocation strategies and determining the portion of semantic information to be transmitted [30].



Based on the above, a joint source-channel coding with adaptive models (AMJSCC) scheme with a semantic adaptive model selection (SAMS) module is established to achieve the target communication and which considers the adaptive model under dynamic channel conditions and system computing power. Compared with previous work, the major contributions and innovations of this paper are as follows:




	
A new semantic communication paradigm with adaptive model is proposed, namely AMJSCC, that has two stages: the basic transmission stage and the enhanced transmission stage. Both the base layer and the enhance layer can adaptively select the model.



	
A discriminator is introduced: namely, the SAMS module. This module can simultaneously consider the channel quality and computational capability of the communication system to determine the selection strategy by using a regression analysis method. It can adaptively select the appropriate JSCC model and the enhance model to complete the target transmission based on the limitations of the target recovery effect and while reducing the computational cost.



	
The Openimages dataset was used to test the AMJSCC performance. The results show that the proposed AMJSCC can achieve better recovery performance and less computing power consumption than the traditional communication method and state-of-the-art methods, and the SSIM and PSNR performance for recovering images outperformed the deep JSCC model a maximum of 16.5% and 17.3%, respectively.








The rest of this article is organized as follows. Section 2 introduces the proposed models. The experiments and results are discussed in Section 3, and Section 4 concludes the article.




2. Proposed Models


In this section, the framework of the proposed AMJSCC method is elaborated, including the overall architecture, the base layer, and the enhanced layer.



2.1. Overall Architecture


The proposed communication system is based on the JSCC scheme. This scheme can realize end-to-end semantic information transmission with adaptive model selection capability, and the goal is to reconstruct the original image data with minimal distortion at the receiver. The overall architecture of the AMJSCC scheme is illustrated in Figure 1. The scheme mainly includes two stages inspired by [25]. In the first stage, the base layer generates and retains semantic information. In the second stage, the enhance layer restores the fine details of the image. The final recovered information is obtained by adding the information reconstructed in the first stage and the information obtained in the second stage.




2.2. Base Model


The base layer adopts the deep JSCC method for image transmission, as shown in Figure 1, and includes a discriminator   S  γ , μ   , trainable encoder   E θ  , quantizer  Q , non-trainable physical noise channel  η , and trainable decoder   D   ϕ   , where  μ  and  γ  denote the real-time channel quality information received from the noise channel and the system power situation information, respectively, while  θ  and  ϕ  denote the encoder parameters and the decoder parameters, respectively.



Denote the size of the set of the original images  X  as   N  ( n u m b e r )  ×  H x   ( h e i g h t )  ×  W x   ( w e i g h t )  ×     C x   ( c h a n n e l )   , where each element   x = (  x 1  ,  x 2  , … ,  x n  )   satisfies   x ∈  R n   ,  n  is the dimension of the input symbols, and  R  denotes the set of real numbers. Before the original image enters the system for processing, the discriminator needs to make a decision in order to select the appropriate JSCE and JSCD models according to the channel feedback information and the system power situation; this will be discussed in detail later.



Denote the size of the set of semantic images  W  as   N  ( n u m b e r )  ×  H w   ( h e i g h t )  ×     W w   ( w e i g h t )  ×  C w   ( c h a n n e l )   . The basic semantic features   w ∈ W   of the image   x ∈ X   are extracted by the JSCE   E θ  :    R n  →  C m   , where the  m  is the dimension of the semantic symbols, and  C  denotes the set of complex numbers. Akin to [22,24,31], we call the image size   n =  H x   ( h e i g h t )  ×  W x   ( w e i g h t )  ×  C x   ( c h a n n e l )   , the channel input size   m =  H w   ( h e i g h t )  ×     W w   ( w e i g h t )  ×  C w   ( c h a n n e l )   , and  R  =  m / n  as the source bandwidth, the channel bandwidth, and the bandwidth ratio, respectively. The joint source-channel encoding (JSCE) process can be expressed as:


  w =  E θ   ( x )  .  



(1)







A quantizer is adopted to quantize the extracted semantic information w using the nearest-neighbor quantization method, which maps the  m -dimensional vector of a complex-valued semantic image  W  to a  m -dimensional vector of a complex-valued channel input sample   W ^  . There are  L  quantization center points. The quantization process can be expressed as:


      w ^  i     = Q (  w i  )          = a r g m i  n l   ‖  w i  −  c l  ‖  , i = 1 , 2 , … , m , l = 1 , 2 , … , L .     



(2)




where   c l   is the quantization center point, which satisfies:


         c l   ϵ  C ,          C =   c 0  ,  c 1  , … ,  c l  , … ,  c L   .     











The physical channel can be represented by the function  η :    C M  →  C M   . The widely used channel model AWGN is considered. The independent identically distributed (i.i.d) samples of AWGN are the vector   n ∈  C M   ,   n ∼ CN ( 0 ,  σ 2  I )  , and the channel quality is expressed by the SNR, which is defined as   μ = 10  log 10    P s   σ 2    .   CN ( · , · )   denotes a circularly symmetric complex Gaussian distribution,   σ 2   denotes the noise power,   P s   denotes the transmit power. A higher SNR means better channel quality and thereby brings stronger anti-interference ability and better performance to the system. Other channel models can be incorporated into the proposed system in a similar manner as long as the channel transfer function allows gradient computation and error back-propagation.



After power normalization,    w ^  i   is transmitted over the physical channel. The information passing through the physical channel can be expressed as:


    y    = η (  w ^  )        =  w ^  + n .     



(3)







At the receiver, the source image is restored. The joint source-channel decoding (JSCD) process can be expressed as:


   x ′  =  D ϕ   ( y )  .  



(4)







Combining Equations (1)–(4) shows that:


   x ′  =  D ϕ   ( η  ( Q  (  E θ   ( x )  )  )  )  ,  








which can be expressed as:


   x ′  = F  ( θ , ϕ , x )  .  



(5)







The distortion between the original image  x  and the restored image   x ′   is expressed as:


  d  ( x ,  x ′  )  =      M S E ( x ,  x ′  )      + α · S S I M  ( x ,  x ′  )  + β · L P I P S  ( x ,  x ′  )  .  



(6)







The mean squared error (MSE), structural similarity (SSIM), and learned perceptual image patch similarity (LPIPS) are metrics that measure the similarity of two images.   M S E  ( x ,  x ′  )  =  1 n  ∑    i = 1  n    (  x i  −  x i   ′   )  2    is the mean squared error between the input image  x  and the reconstructed image   x ′  , which constrains the reconstructed image to be consistent with the input image at each pixel point.



  S S I M  ( x ,  x ′  )  = 1 − l  ( x ,  x ′  )  · c  ( x ,  x ′  )  · s  ( x ,  x   ′   )    is the structural similarity between the input image  x  and the reconstructed image   x ′  , which constrains the reconstructed image to be consistent with the input image in terms of brightness, contrast, and structure.   S S I M ( x ,  x ′  )   consists of three losses:   l  ( x ,  x ′  )  =   2  μ x   μ  x ′   +  c 1     μ  x  2  +  μ   x ′   2  +  c 1      is the luminance loss,   c  ( x ,  x ′  )  =   2  σ x   σ  x ′   +  c 2     σ  x  2  +  σ   x ′   2  +  c 2      is the contrast loss, and   s  ( x ,  x ′  )  =    σ  x ,  x ′    +  c 3     σ x   σ  x ′   +  c 3      is the structural loss. The symbols   μ x   and   μ  x ′   , respectively, represent the mean values of  x  and   x ′  ;   σ x   and   σ  x ′   , respectively, represent the standard deviations of  x  and   x ′  ; and   σ  x  x ′     represents the covariance of  x  and   x ′  . The variables   c 1  ,   c 2  , and   c 3   are constants [32].



LPIPS is the learned perceptual image patch similarity between the input image and the reconstructed image and is also known as the perceptual loss. LPIPS is more aligned with human perception compared to traditional methods such as the peak signal-to-noise ratio (PSNR) and the SSIM [33], a lower LPIPS value indicates a higher similarity between two images, while a higher value suggests greater differences.



In the above deep JSCC semantic communication process, the parameters of the JSCE and JSCD are jointly optimized to achieve the minimum distance between the original image  x  and the restored image   x ′  , which can be expressed as:


   (  θ *  ,  ϕ *  )  = a r g m i  n  θ , ϕ   E  [ d  ( x ,  x ′  )  ]  .  



(7)








2.3. Enhance Layer


Textures and details in regulated semantic areas of an image can be enhanced by the enhance layer, as shown in Figure 1. The symbol  z  is the residual image of  x  and   x ′  , where  x  is the source information, and   x ′   is the reconstructed image of the base model.


  z = x −  x ′  .  



(8)







The symbol  z  is first enhanced by the enhance model to obtain the enhanced residual information   z ′  , which can be expressed as:


   z ′  =  R φ   ( z )  , i = 1 , 2 , … , k .  



(9)







Then, put   z ′   into the noisy channel  η  for transmission and obtain the information   z ^  .



The parameters of the enhance layer are optimized to achieve the minimum distance between the original image  z  and the restored image   z ′  , which can be expressed as:


   φ *  = a r g m i  n φ  E  [ d  ( z ,  z ^  )  ]  .  



(10)







Finally, the reconstruction information   x ′   obtained in the first stage and the detailed information   z ^   obtained in the second stage are summed to obtain the final recovery information   x ^  , which can be expressed as:


   x ^  =  x ′  +  z ^  .  



(11)







The distortion between the original image  x  and the final recovery image   x ′   is expressed as:


  d  ( x ,  x ^  )  =      M S E ( x ,  x ^  )      + α · S S I M  ( x ,  x ^  )  + β · L P I P S  ( x ,  x ^  )  .  



(12)







The optimization objective (7) can be expressed as:


   (  θ *  ,  ϕ *  ,  φ *  )  = a r g m i  n  θ , ϕ , φ   E  [ d  ( x ,  x ^  )  ]  .  



(13)








2.4. Semantic Adaptive Model Selection (SAMS) Module


The SAMS module is proposed to make a policy to select the appropriate JSCE and JSCD models as the encoder and decoder of the base model and to determine the number of residual network (ResNet) blocks in the enhance model. Specifically, in order to ensure the accuracy of semantic information transmission, when the SNR is high, the low-computing-power transmission model is adopted, while when the SNR is low, the high-computing-power transmission model and low bandwidth ratio are adopted. The structure of the proposed policy network can be shown in Figure 2.



The SAMS discriminator receives the real-time channel quality information   μ ∈ R   and real-time available computing power information   γ ∈ R   of the system. The symbol  μ  is the channel SNR. Suppose that JSCE, JSCD, and the enhance model each have   k ∈  N +    different models from which to choose. According to the computing power requirements    P r  ≤ γ   of different JSCC models stored in the system, the SAMS discriminator Q makes a decision S to determine the JSCE model   E  θ i    to extract semantic information, which can be expressed as:


  w =  E  θ i    ( x )  , i = 1 , 2 , … , k .  



(14)







The information that has been quantized by the quantizer and passed through the physical channel is decoded by the JSCD model   D  ϕ i    corresponding to the selected JSCE   E  θ i    model, and the reconstructed information   X ′   is obtained, which can be expressed as:


   x ′  =  D  ϕ i    ( y )  , i = 1 , 2 , … , k .  



(15)







The residual images of X and   X ′   are feature-enhanced by the enhance model selected by Q, which can be expressed as:


   z ′  =  R  φ i    ( z )  , i = 1 , 2 , … , k .  



(16)







In order to explore the accuracy of image semantic reconstruction under different SNRs and communication resources, we adjust the number of layers of the basic model in LSCI [26], obtain different JSCC models to be selected as the base layer, then add different enhance models. The demands of these models and the performance of image restoration are calculated after image reconstruction. In general, the functional relationship between channel quality and image restoration performance is nonlinear. Particularly, this nonlinear function   f ( r )   should satisfy the following properties, where denotes r is the SNR, and   f ( r )   is the SSIM.



	
SSIM is the structural similarity; it satisfies   0 ≤ f ( r ) ≤ 1  .



	
Since a higher SNR would provide higher signal transmission quality,   f ( r )   is a monotonically decreasing function of r.



	
As SNR increases, the magnitude of the partial derivative   |   ∂ f ( r )   ∂ r   |   will gradually decrease and become zero when the SNR is sufficiently high, meaning that increasing the SNR no longer helps information recovery.



	
As the SNR decreases,   f ( r )   approaches 0, and the magnitude of the partial derivative   |   ∂ f ( r )   ∂ r   |   will gradually decrease and become zero when the SNR is sufficiently low. That means the original image will not be reconstructed when the SNR is too small, so decreasing the SNR will not affect the image restoration quality.






According to the four properties mentioned above, the following nonlinear model, which is a deformation function of a sigmoid function, can be used to capture the relationship between SNR and SSIM:


  f  ( r )  =  t 1   ( 1 /  ( 1 +  e  −  ( r /  t 2  )  −  t 3    )  )  ,  



(17)




where   t 1  ,   t 2  ,   t 3   are the model parameters. As the function is a deformation function of a sigmoid function, it has low computational difficulty and is convenient for high-order derivative analysis.



Let   r  i   ( n )    denote the n-th   S N  R  t e s t     value when conducting tests for the i-th model. Let   u  i   ( n )    represent the actual SSIM value, denoted as   S S I  M  a c t    , which is obtained from testing the i-th model under   r  i   ( n )   . According to (17), the relationship between the SNR and SSIM of the proposed models in this paper is defined as   f  ( r )  =  t 1   ( 1 /  ( 1 +  e  −  ( r /  t 2  )  −  t 3    )  )   , where r represents the   S N  R  t e s t    , and   f ( r )   represents the estimated value of the SSIM. Therefore, the   S S I  M  e s t     for the n-th   S N  R  t e s t     of the i-th model can be represented as    f i   (  r  i  n  )   , while the single difference between   S S I  M  a c t     and   S S I  M  e s t     can be calculated as    f i   (  r  i  n  )  −  u  i  n   . Define the total difference over N trials as   L (  t i  )  , which can be expressed as


  L  (  t i  )  =  1 2   ∑  n = 1  N    (  f i   (  r i  ( n )   )  −  u i  ( n )   )  2  .  



(18)







The parameter    t i  =  (  t  i 1   ,  t  i 2   ,  t  i 3   )    that minimizes the objective function   L (  t i  )   can be obtained by the non-linear least squares method. And a different expression of (17) with different parameter values can be obtained.



Different models have different expressions of (17) with different parameter values, which can be obtained by using the aforementioned method. The intersection points of different function curves are used as the basis for choosing different coding schemes, and the intersection points between these function curves can be solved by Algorithm 1. For convenience of analysis, consider the p-th model and the q-th model, where   p = 1 , 2 , … , k − 1   and   q = p + 1  , and look for the intersection points of these two models in the order of increasing SNR. We assume that if the difference between the two   S S I  M  e s t     values is less than or equal to 0.02, it is considered that the two function curves approximately intersect at   S N  R  p q    . If the two function curves do not have such an approximate intersection, denote   S N  R  p q   = + ∞  .   S N  R  p q     represents the SNR threshold for selecting either the p-th model or the q-th model. Assuming that there are k models,   k − 1   SNR thresholds can be obtained, which are   S N  R 12   ,   S N  R 23   , …,   S N  R  ( k − 1 ) k    . Sort these   k − 1   values from smallest to largest to get   S N  R  1  *   ,   S N  R  2  *   , …,   S N  R  k − 1  *   . Since these SNR thresholds can be seen as the basis for choosing different coding schemes, the discriminator can choose the semantic information coding scheme according to the channel quality.






	Algorithm 1 Semantic Adaptive Model Selection Algorithm



	
	1:

	
Input:    f i   (  r  i   ( n )   )  =  t  i 1    ( 1 /  ( 1 +  e  −  (  r  i   ( n )   /  t  i 2   )  −  t  i 3     )  )  , i = 1 , 2 , … , k , n = 1 , 2 , … , N  




	2:

	
initialize the set of model selection thresholds   ϵ =  (  d 1  ,  d 2  , … ,  d  k − 1   )  ,  d i  = 0 ,    i = 1 , 2 , … , k − 1  




	3:

	
for   p = 1   to   k − 1  ,   q = p + 1   do




	4:

	
 for   n = 1   to N do




	5:

	
  repeat




	6:

	
      f p   (  r p  ( n )   )  −  f q   (  r q  ( n )   )  =  △  p q   ( n )   ;  




	7:

	
  until    △  p q   ( n )   ≤ 0.02   or    △  p q   ( n )   > 0.02   for   n = 1   to N




	8:

	
  make   S N  R  p q   ≜  r p  ( n )   =  r q  ( n )     or   S N  R  p q   = + ∞  ;




	9:

	
 end for




	10:

	
  Sort   S N  R  p q     from smallest to largest




	11:

	
end for




	12:

	
Output: the set of model selection thresholds   ϵ = (   S N R  1 *  , S N  R 2 *  , … , S N  R  k − 1  *  )  














At the same time, the discriminator takes into account the real-time system resources and selects the semantic information encoding and decoding scheme as per the policy S. Optimization of objective (13) can be expressed as:


   (  θ *  ,  ϕ *  ,  φ *  )  = a r g m i  n  θ , ϕ , φ , S   E  [ d  ( x ,  x ^  )  ]  .  



(19)









3. Experiments and Results Discussion


In this section, the network architecture, dataset, and related training settings are introduced in detail. A series of experiments are conducted to evaluate the image restoration performance of the proposed model. In the following discussion, bpp (bit per pixel) is adopted to indicate the information compression rate, and the AMJSCC model performance under fixed bpp and un-fixed bpp under different computing power and different channel conditions is discussed.



3.1. Settings


In end-to-end transmission experiments, 100 k and 1 k pictures in Openimages datasets are chosen as the experimental data for training and testing, respectively. The input images are all resized to 512 × 512, and the Adam stochastic optimization method is adopted. For the loss function settings in Equation (12), we set   α = 0.01  ,   β = 0.001  .



The specific neural network setup of the base layer can be shown in Table 1 and Table 2. The JSCE architecture consists of convolution modules for the image source, as indicated in Table 1. Each convolution module has a convolution layer, an instance norm layer, and a leaky rectified linear unit (Leaky ReLU) activation function except for the last one, which adopts a hyperbolic tangent function. The structure of JSCD corresponds to that of JSCE: the difference is that JSCD adds nine residual blocks after the first module, and the parameters of different models have different settings, which are shown in Table 2. The main difference between base layers is the number of encoding and decoding layers.



The specific neural network setup of the enhance layer is shown in Figure 3. The enhanced model consists of ResNet blocks followed by a convolution block. Each ResNet block consists of the modules, wherein each module has a convolution layer, an instance norm layer, and an activation function ReLU except for the last one, which adopts a sigmoid function. The convolution module following the last ResNet block consists of three modules, where each module has a convolution layer and an activation function ReLU except for the last one, which adopts a sigmoid function. The difference between the enhance models is the number of ResNet blocks.




3.2. The Results of Models with Fixed bpp


The image restoration quality for different channel environments using the deep JSCC with the enhancement layer (EDJSCC) and the deep JSCC (DJSCC) models are discussed in this section.



The EDJSCC model is obtained by adding enhanced models with different numbers of ResNet blocks to the DJSCC model. DJSCC has different number of convolutional layers as well as different training SNRs. Based on this, EDJSCC also has different numbers of ResNet blocks. For example,   E D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 10  dB )   refers to the EDJSCC model with an enhance module for which the JSCE has six convolutional layers and the bottleneck depth C is 16.   E 3   means the enhance module has 3 ResNet blocks, and   S N  R  t r a i n   = 10  dB   refers to the JSCC model trained at   10  dB   SNR. Thus, the corresponding base model of the EDJSCC model   E D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 10  dB )   is   D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 10  dB )  . The dashed line and solid line with regular hexagon symbols in Figure 4a show the relationship between the test SNR and SSIM of the   E D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 10  dB )   model and   D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 10  dB )  , respectively. The bpp of all models in Figure 4 is 0.1875. The following conclusions can be drawn from Figure 4a.



First, it is proved that adding the enhance layer can effectively improve the accuracy of image restoration. Comparing the lines for the EDJSCC model and the corresponding DJSCC model in Figure 4a shows that the two-stage transmission method can further improve the accuracy of semantic information recovery. The EDJSCC model has better semantic recovery accuracy than the DJSCC model, with the recovery performance SSIM above   0.88   when   S N R > 4  dB  , and the SSIM improves more with increasing SNR. This proves that the adoption of the enhance layer can recover the detailed semantic information of the images.



Next, it is proved that the proposed EDJSCC models can reconstruct the original images with different SNRs well and can reduce communication overhead as well as save memory space. Performance improvement produced by the enhanced model is more effective in two cases. One of them is the model with higher SNR when the JSCC structures are the same, and the other is the model with a smaller number of convolutional layers while the JSCC structures are different. Typically, the performance of a model trained at a certain specified SNR will be degraded at a test SNR different from this training SNR, but as Figure 4a shows, the model trained at a low SNR yields better performance than the model trained at a high SNR when   S N R < 6  dB  . However, with the proposed EDJSCC, the model trained at a high SNR achieved similar performance to the model trained at a low SNR when   6  dB < S N R < 21  dB  . It can also be observed in Figure 4a that the performance of EDJSCC models with four convolutional layers is better than EDJSCC models with six convolutional layers when   S N R > 21  dB  . The above results demonstrate that the proposed EDJSCC models that can deal with different SNRs only need to be trained on a few specific SNRs, which can effectively reduce the memory space of the system.



The above conclusions about SSIM are also applicable to PSNR, as shown in Figure 4b.




3.3. The Results of Models with Un-Fixed bpps


In order to further improve the performance of the model, unfixed bpps are adopted. The performance of models with different compression factors, different channel conditions, different computing power requirements, and different training SNRs are considered. The architecture of the basic models is shown in Table 1 and Table 2.



The three DJSCC models have four encoding layers, five encoding layers, and six encoding layers, respectively, which are the same as the settings in Table 1 and Table 2. The training SNRs are 10 dB, 5 dB, and 0 dB, respectively, and the bpps are 0.1875, 0.375, and 0.75, respectively. Correspondingly, three EDJSCC models are obtained by adding different enhancement layers on the basis of the DJSCC model mentioned above: that is, by adding one, two, and three ResNet blocks to the three DJSCC models with four, five, and six coding layers, respectively. The three EDJSCC models are, namely,   E D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 0  dB )  ,   E D J S C C _ L 5 _ C 8 _ E 2 + ( S N  R  t r a i n   = 5  dB )  , and   E D J S C C _ L 4 _ C 16 _ E 1 + ( S N  R  t r a i n   = 10  dB )  . For convenience of discussion, we call these three models the ‘high-complexity model’, ‘medium-complexity model’, and ‘low-complexity model’, respectively. The performance of three different DJSCC models and three different EDJSCC models on the Openimages test set are compared using the metrics of SSIM and PSNR, as shown in Figure 5.



First, it is proved that decreasing the compression rate of the EDJSCC model can further improve the system performance. By comparing the lines of   E D J S C C _ L 4 _ C 16 _ E 1 + ( S N  R  t r a i n   = 10  dB )   in Figure 5 and the line of   E D J S C C _ L 4 _ C 4 _ E 1 + ( S N  R  t r a i n   = 10  dB )   in Figure 4, for which the bpps are 0.1875 and 0.75, respectively, it can be found that the image restoration performance of the model increases with the increase in bpp. Comparing the lines of   E D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 0  dB )   and   E D J S C C _ L 4 _ C 16 _ E 1 + ( S N  R  t r a i n   = 10  dB )   in Figure 5, for which the bpps are 0.187 and 0.75, respectively, it can be found that when   S N R > 24  dB  , the low-complexity model can achieve almost the same performance as the high-complexity model. However, in Figure 4, the lines of   E D J S C C _ L 6 _ C 16 _ E 3 + ( S N  R  t r a i n   = 0  dB )   and   E D J S C C _ L 4 _ C 4 _ E 1 + ( S N  R  t r a i n   = 0  dB )   with the same bpps still have a difference of about 0.02 when   S N R > 24  dB  . This indicates that transmitting more semantic features can effectively improve the performance of image restoration when the channel condition is good.



Next, it is proved that with the increase in stored EDJSCC model types, the computing power required for image transmission can be further reduced. From Figure 5, it can be found that the medium-complexity model can achieve similar performances to the high-complexity model in most channel conditions. Therefore, if there are more models to choose from during training, we can further refine the application scenario of the model so as to select fewer trained semantic transmission models suitable for this scenario for storage. Meanwhile, since different EDJSCC models produce similar recovery performance in some channel cases, there is no need to train the network on each SNR.



At the same time, it can be found that the worse the channel conditions are, the better the image restoration performance of the high-complexity model is compared to that of the low-complexity model. Therefore, the target transmission performance can be achieved by consuming more computing power at low SNRs. This corresponds to the conclusions of the models with same bpp and different computational complexity in Figure 4.



The above results demonstrate that the three proposed EDJSCC models can adapt the model to the changes in SNR and can effectively reduce the computing power consumption of the system.




3.4. The Results of the AMJSCC Model Compared with the Baselines


Let k = 3,    f 3   ( r )   ,    f 2   ( r )   ,    f 1   ( r )    mean the function of the relationship between the SNR and SSIM belonging to the high-complexity model, medium-complexity model, and low-complexity model, respectively. Applying the non-linear least squares method to expression (17), the parameters of these three functions can be obtained, which are    t 3  =  (  t 31  ,  t 32  ,  t 33  )   ,    t 2  =  (  t 21  ,  t 22  ,  t 23  )   , and    t 1  =  (  t 11  ,  t 12  ,  t 13  )   , respectively. The parameter values are shown in Table 3.



The sum of squared error (SSE) is used to evaluate the fitting effect of the function value calculated with this parameter to the corresponding points of the original data: SSE values closer to zero indicate better fitting performance. The SSE values of the three fitting curves are 0.000029, 0.000063, and 0.002037 respectively, indicating that the proposed fitting functions can effectively capture the relationship between channel quality and image transmission quality, as shown in Figure 6.



Then,   S N  R 1 *  = 6  dB   and   S N  R 2 *  = 21  dB   are obtained by Algorithm 1. The performance of the AMJSCC model is shown in Figure 7. Figure 7 compare the performance of three different DJSCC models, three different EDJSCC models, the proposed AMJSCC model, JPEG, JPEG2000, DeepJSCC, and LSCI on the Openimages test set using the metrics of SSIM and PSNR. JPEG2000 and JPEG use half-rate LDPC coding in 4QAM and are all set at a bpp of roughly 0.75. The settings for the DJSCC models and EDJSCC modes are the as same as those for the models in Figure 5. The settings for LSCI with the channel-slice model are the same as in reference article [26].



As Figure 7 shows, the performance of the AMJSCC model is not less than the performance of any EDJSCC models for the same   S N  R  t e s t     and is higher than any of the other comparison models in this paper. SSIM outperforms the DeepJSCC model (  S N  R  t r a i n   = 5  dB  ) by a margin of at most 16.5%, as shown in Figure 7c, and PSNR outperforms the DeepJSCC model (  S N  R  t r a i n   = 5  dB  ) by a margin of at most 16.3%, as shown in Figure 7d. Meanwhile, The AMJSCC model effectively relieves the cliff effect and is more efficient in the low-SNR regime than JPEG and JPEG2000. In this case, the AMJSCC model can effectively improve the reconstruction quality of the transmitted images.



In Figure 7c,d, we can observe that the AMJSCC model can adapt to all channel transmission environments even though only three models are used for training. It is worth noting that despite the fact that the AMJSCC model is only trained on a few specific training SNRs   ( S N  R  t r a i n   = 0  dB , 5  dB , 10  dB )  , the AMJSCC model still obtains high and stable target recovery performance on all   S N  R  t e s t     by setting models with different computational complexities and different compression ratios. Specifically, as shown in Figure 7c, the SSIM value of AMJSCC is above 0.86; the highest value reaches 0.94. The reason is that in the AMJSCC scheme, the high-complexity model that has a lower compression ratio and consumes more computing power is selected for the high noise interference environment to obtain higher recovery effect, while the low-complexity model with high compression ratio that consumes less computing power is selected in the low noise interference environment to reduce the computational complexity. In conclusion, AMJSCC can balance the relationship between channel quality and computing resources consumed: thus, not only achieving the target communication effect but also saving computational power resources, which can also be shown in Figure 8.




3.5. Complexity Analysis


A brief discussion of the computational complexity of the proposed AMJSCC is provided in this section. The number of floating-point operation per second (FLOPs) and parameters of the proposed base models, enhance models, EDJSCC models, and AMJSCC model when dealing with a 512 × 512 × 3 image are shown in Table 4.



According to   S N  R 1 *  = 6  dB   and   S N  R 2 *  = 21  dB  , which were obtained from Algorithm 1, the number of FLOPs or parameters can be expressed by the following formula.


  v =  ∑  n = 1  3   p i  ·  v i  ,  



(20)




where v is the weighted number of FLOPs or parameters for the adaptive model, and   v 1  ,   v 2  , and   v 3  , respectively, are the number of FLOPs or parameters for different models with different convolutional layers. For example, in the JSCE module,   v 1   represents the number of FLOPs or parameters of the JSCE module with four convolutional layers,   v 2   represents the number of FLOPs or parameters of the JSCE module with five convolutional layers, and   v 3   represents the number of FLOPs or parameters of the JSCE module with six convolutional layers. Further,    p 1  =  1 5   ,    p 2  =  1 2   , and    p 3  =  3 10    are the probabilities of selecting adaptive models with different convolutional layers. The number of parameters for the adaptive model can also be obtained by (20), and the calculation results are shown in Table 4.



Table 4 and Figure 8 show that the computing power required by the maximum model reaches   7.25   times that required by the minimum model, which indicates that AMJSCC can be applied to most channel environments and has a large span of model computing power.





4. Conclusions


In this paper, we have proposed a novel, semantic-driven, end-to-end image transformer method named AMJSCC. A semantic adaptive model selection (SAMS) module is proposed to reduce the communication consumption caused by model propagation and to enable flexible model selecting under the different requirements of model performance, channel situation, and transmission goals. Then, an adaptive enhancement model is adopted to retransmit the residual information obtained from the base layer to further improve the quality of image restoration. Experimental results show that, compared with the deep JSCC method, the AMJSCC method’s SSIM performance improved by up to 16.5%, and the PSNR performance improved by up to 17.3%. Meanwhile, our proposed AMJSCC method has a wide range of computing power usage interval, and the computing power required by the minimum model is only 0.14 times that of the maximum model. It is worth noting that the AMJSCC method consumes more computing power than the deep JSCC method in exchange for higher image restoration quality. In conclusion, the proposed semantic communication framework is adaptive to channel conditions and system computing power and also achieves highly stable image transmission quality while saving network computing complexity.
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Figure 1. Overall structure of the proposed deep AMJSCC with two stages. 
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Figure 2. The structure of the proposed policy network. 






Figure 2. The structure of the proposed policy network.
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Figure 3. The structure of the enhance layer with ResNet blocks. 






Figure 3. The structure of the enhance layer with ResNet blocks.
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Figure 4. Performance comparison of EDJSCC and DJSCC with fixed bpp 0.1875. (a) The SSIM performance comparison of EDJSCC models and DJSCC models with fixed bpp. (b) The PSNR performance comparison of EDJSCC models and DJSCC models with fixed bpp. 
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Figure 5. Performance comparison of EDJSCC and DJSCC with unfixed bpps of 0.1875, 0.375, and 0.75 with the number of convolution layers as 4, 5, and 6, respectively. (a) The SSIM performance comparison of EDJSCC models and DJSCC models with unfixed bpps. (b) The PSNR performance comparison of EDJSCC models and DJSCC models with unfixed bpps. 
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Figure 6. Curve-fitting results: (a) The model corresponding to the graph is a model trained with   S N R = 0  dB  , 6 encoding layers of base model, 3 ResNet blocks of enhance model, and with   b p p = 0.1875  . (b) The model corresponding to the graph is a model trained with   S N R = 5  dB  , 5 encoding layers of base model, 2 ResNet blocks of enhance model, and with   b p p = 0.375  . (c) the model corresponding to the graph is a model trained with   S N R = 10  dB  , 4 encoding layers of base model, 1 ResNet block of enhance model, and with   b p p = 0.75  . 






Figure 6. Curve-fitting results: (a) The model corresponding to the graph is a model trained with   S N R = 0  dB  , 6 encoding layers of base model, 3 ResNet blocks of enhance model, and with   b p p = 0.1875  . (b) The model corresponding to the graph is a model trained with   S N R = 5  dB  , 5 encoding layers of base model, 2 ResNet blocks of enhance model, and with   b p p = 0.375  . (c) the model corresponding to the graph is a model trained with   S N R = 10  dB  , 4 encoding layers of base model, 1 ResNet block of enhance model, and with   b p p = 0.75  .
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Figure 7. Performance comparison of AMJSCC, EDJSCC with different layers, DeepJSCC, LSCI with channel-slice model, JPEG with LDPC coding in 4QAM, and JPEG2000 with LDPC coding in 4QAM. (a) The SSIM performance comparison of the DJSCC, EDJSCC and AMJSCC. (b) The PSNR performance comparison of the DJSCC, EDJSCC and AMJSCC. (c) The SSIM performance comparison of the AMJSCC, DeepJSCC, LSCI, JPEG and JPEG2000. (d) The PSNR performance comparison of the AMJSCC, DeepJSCC, LSCI, JPEG and JPEG2000. 
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Figure 8. The FLOPs and parameters of the base models, enhance models, and the EDJSCC models. (a) The number of FLOPs of the base models, enhance models, and the EDJSCC models. (b) The number of parameters of the base models, enhance models, and the EDJSCC models. 
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Table 1. JSCE Structure of the Base Model.
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Table 2. JSCD Structure of the Base Model.
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Convent Configuration
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Table 3. The parameter values of the SNR and SSIM relationship function for the high-complexity model, the medium-complexity model, and the low-complexity model, and the values with 95% confidence bounds for these parameters.






Table 3. The parameter values of the SNR and SSIM relationship function for the high-complexity model, the medium-complexity model, and the low-complexity model, and the values with 95% confidence bounds for these parameters.





	95% Confidence Bounds
	Value
	Parameter





	(0.9388, 0.9425)
	0.94
	   t 31   



	(3.288, 4.022)
	3.66
	   t 32   



	(2.06, 2.158)
	2.11
	   t 33   



	(0.9295, 0.9345)
	0.93
	   t 21   



	(2.552, 3.061)
	2.81
	   t 22   



	(1.443, 1.538)
	1.49
	   t 23   



	(0.9021, 0.9336)
	0.92
	   t 11   



	(2.812, 3.653)
	3.23
	   t 12   



	(−0.81, −0.5082)
	−0.66
	   t 13   










 





Table 4. The number of FLOPs and parameters for the different proposed models.
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	Model
	FLOPs (GMac)
	Params (M)





	DJSCC_L4_C16
	57.86
	7.22



	DJSCC_L5_C8
	91.05
	7.91



	DJSCC_L6_C16
	116.12
	31.73



	Enhance model_E1
	226.04
	0.84



	Enhance model_E2
	593.33
	2.26



	Enhance model_E3
	1944.95
	7.42



	EDJSCC_L4_C16_E1
	283.90
	8.06



	EDJSCC_L5_C8_E2
	684.38
	10.17



	EDJSCC_L6_C16_E3
	2061.07
	39.15



	AMJSCC
	839.57
	15.33
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