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Abstract. Low-resolution magnetic resonance imaging (MRI) may 

reduce visibility of fine anatomical details, motivating 

computational super-resolution (SR) to enhance perceived image 

quality. This study proposes an SR pipeline for 2D brain MRI images 

using a U-Net baseline model and a reinforcement learning (RL) 

agent to automate hyperparameter tuning. Because the selected 

public dataset does not provide paired low-resolution/high-

resolution (LR–HR) images, LR inputs are generated synthetically 

using a controlled degradation process (blur–downsample–

upsample–noise), with deterministic degradation for validation and 

testing to ensure stable evaluation. The baseline U-Net is trained 

using an L1 objective (optionally mixed with differentiable SSIM 

loss), AdamW optimizer, and ReduceLROnPlateau scheduler guided 

by validation PSNR. A Double Deep Q-Network (Double DQN) agent 

then selects discrete action combinations of learning rate and 

SSIM-weighted loss mixing to fine-tune the baseline. For the held-

out test set (n=60), the baseline improves degraded inputs from 

27.04±3.21 dB to 30.10±3.59 dB PSNR and from 0.706±0.132 to 

0.875±0.064 SSIM, respectively. RL fine-tuning yields a modest 

additional PSNR gain to 30.20±3.58 dB and SSIM remains 

comparable at 0.873±0.066. The paired statistical tests confirm that 

the PSNR improvement is significant (p<0.01), while changes in SSIM 

are not statistically significant, suggesting that for the tested 

synthetic degradation setting RL can provide reliable but 

incremental refinement when the baseline is already strong. 

 

Keywords: Medical image super-resolution; Brain MRI; Synthetic 

degradation; U-Net; Reinforcement learning; Hyperparameter 

optimization; PSNR; SSIM; 
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1. INTRODUCTION 

 

Magnetic resonance imaging (MRI) is a favored imaging technique for both clinical and 

research purposes, as it produces excellent contrast for soft tissue and does not expose 

patients to ionizing radiation. However, several real-world factors may lead to MRIs being 

acquired and processed in a way that will decrease the final images’ resolution, such as 

limitations in imaging hardware, time constraints, motion artifacts, and the choice of 

imaging protocols. Loss of spatial resolution can obscure critical anatomical detail and/or 

the presence of specific tissues which may in turn affect subsequent processes such as 

visual assessment, tissue segmentation, or quantitative measurement [1], [2], [3]. 

 

Computational super-resolution (SR) is a technique that aims to generate a higher quality 

image by restoring or hallucinating previously unrecorded high-frequency information 

that is missing from a lower-quality image. While most traditional SR methods are based 

on some type of image interpolation or prior information, the increasing use of complex, 

data-driven deep learning models has signified a shift toward SR methods based on this 

approach as the dominant technique. Particularly in medical imaging, the use of SR as a 

post-processing technique which does not alter the imaging modality is very appealing. 

Early convolutional SR networks, deeper residual SR networks, and adversarial networks 

are representative of the different SR methods for perception-based enhancement, while 

SR methods based on encoder-decoder structures and U-Net designs are dominant in 

the biomedical imaging field as they balance the preservation of spatial detail and the 

extraction of features at multiple scales [3], [4], [5]. 

 

Although SR networks have proven to be successful, their performance is heavily 

contingent upon training configuration, which includes optimization parameters and the 

design of the loss function. In real-world applications, these parameters are frequently 

adjusted manually using trial-and-error, which can be inefficient, and result in less-than-

ideal configurations. Reinforcement learning (RL) offers an alternative in which an agent 

learns to select actions—such as discrete hyperparameter choices—based on the 

observed state of model performance [6], [7]. 

 

This paper focuses on a reproducible SR pipeline using a public 2D brain MRI dataset. 

Since the dataset is not designed for SR and does not provide paired LR–HR images, we 
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adopt synthetic degradation, where the original images are treated as pseudo-HR targets 

and degraded inputs are generated in a controlled manner using blur, downsampling, 

upsampling, and noise. This approach supports proof-of-concept SR studies when paired 

acquisitions are unavailable and enables stable benchmarking when the validation and 

test degradations are made deterministic [8], [9]. 

 

Most SR studies emphasize network design or large-scale supervised training on paired 

LR–HR datasets. In small-to-medium data settings, training configuration becomes crucial 

and is often tuned manually, while RL-based controllers remain less explored in 

lightweight SR fine-tuning. Moreover, the chosen public 2D brain MRI dataset does not 

provide paired LR–HR acquisitions, so this work is framed as a proof-of-concept under 

deterministic synthetic degradation rather than a clinical paired benchmark. Accordingly, 

we investigate whether a Double DQN agent can provide measurable improvements over 

a strong U-Net baseline by selecting discrete combinations of learning rate and loss 

mixing during fine-tuning, and we quantify its impact using PSNR, SSIM, and paired 

statistical testing [5], [7], [10], [11]. Our contributions are a deterministic synthetic SR 

pipeline to reduce evaluation noise, a strong U-Net baseline trained with standard 

optimization practices, and an RL fine-tuning framework with a reproducible discrete 

action space and reward design, evaluated with per-image metrics and paired significance 

tests to demonstrate incremental but consistent benefits in the tested synthetic setting 

[3], [12], [13], [14]. 

 

2. METHODS 

 

This part elaborates on the details of the dataset, the synthetic degradation methodology 

for creating pairs of inputs and targets, the U-Net architecture and its training 

methodology which serves as the base, the Double DQN fine-tuning method, as well as 

the evaluation and statistical method descriptions. Overall, the proposed framework 

integrates synthetic degradation, supervised U-Net training, and Double DQN fine-tuning 

for reproducible evaluation. The framework is proposed and evaluated under a 

deterministic synthetic degradation setting. 

 

The overall workflow of this study proceeds as follows. First, the public 2D brain MRI 

dataset is collected, converted to grayscale, resized to 256×256, normalized to [0,1], and 



Vol. 8, No. 2, April 2026 

 
 

Suci Ramadini, Julian Supardi | 1696 

split into training, validation, and test sets using stratified sampling. Second, because 

paired LR–HR acquisitions are unavailable, LR inputs are generated from HR targets using 

a controlled synthetic degradation process (Gaussian blur, ×2 downsampling, bicubic 

upsampling, and additive Gaussian noise), with random degradation for training and 

deterministic degradation for validation and testing.  

 

Figure 1. Overall workflow of the proposed RL-guided U-Net super-resolution 

  

Third, a baseline U-Net SR model is trained in a supervised manner to map LR-up inputs 

to HR targets using L1 loss (optionally mixed with differentiable SSIM), AdamW 

optimization, and PSNR-driven learning-rate scheduling, and the best checkpoint is 

selected by validation PSNR. Fourth, the converged baseline is fine-tuned using a Double 

DQN agent that selects discrete action combinations of learning rate and the SSIM-loss 

mixing coefficient based on the current PSNR/SSIM state, with rewards defined by 

improvements relative to the baseline.  

 

Finally, per-image PSNR and SSIM are reported for the benchmark as well as RL-fine-

tuned models on the held-out test set, as well as paired statistical tests (paired t-test & 
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Wilcoxon signed-rank test) to determine if observed differences are statistically 

significant. 

 

2.1. Dataset and Data Split 

We utilized a publicly available dataset which has been organized into 2D brain MRI 

images, split into two classes (Normal and Tumor). While the dataset has existing labels, 

the SR task in this study concerns image restoration, and thus the labels are solely for 

stratified splitting to preserve the class distribution across the train, validation, and test 

sets. Following the split protocols, the dataset was divided into train/validation/test sets 

in a 70%/15%/15% ratio, whereby the test set had 60 images. Each image was converted 

to grayscale, downsampled to 256 × 256 pixels, and normalized to the [0,1] range using 

the standard tensor conversion [15]. Because this dataset was originally curated for 

classification rather than paired super-resolution, we repurpose it for SR by 

generating synthetic LR–HR pairs via controlled degradation; consequently, the 

results should be interpreted as a proof-of-concept under the specified 

degradation model. 

 

2.2. Synthetic Degradation Model 

Given the absence of paired LR-HR images in the dataset, we formulate a supervised SR 

case by considering each downscaled source image as an LR input and each original 

image as an HR target. The LR input is constructed by performing Gaussian blurring, 

downscaling by a constant factor (x2 as reported in the experiments), upsampling by 

bicubic interpolation to 256x256, and the addition of a small amount of Gaussian noise 

to simulate acquisition noise. For each training sample, the blurring and noise to be added 

are selected randomly. For the validation and test phases, the degradation is performed 

deterministically by using fixed indices. Thus, the same degraded input is generated for 

each epoch, which results in more stable estimates for the RL reward [4], [5], [9]. 

 

2.3. Baseline Network Architecture (U-Net) 

Figure 2 illustrates the U-Net architecture used as the baseline SR model for 2D grayscale 

images. It takes as input a 1×256×256 LR-up image and passes it through three encoder 

tiers of DoubleConv blocks, which have progressively larger channel counts, and a 

MaxPool for downsampling after each. The deepest multi-scale representation is 
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captured by a bottleneck block. Each level of the decoder upsamples the features to the 

original resolution, and to maintain spatial resolution, features from the corresponding 

encoder level are concatenated through skip connections. The output is a 1×256×256 

image after the last 1×1 convolution. Skip connections are used to mitigate oversmoothing 

and enhance the reconstruction of edges [16], [17], [18], [19], [20]. 

 

 
Figure 2. U-Net architecture used as the supervised SR baseline for brain MRI 

 

2.4. Baseline Training Strategy 

The baseline model is trained in a supervised way to map the LR-up inputs to HR targets. 

The primary loss is L1Loss (mean absolute error). When differentiable SSIM is available, 

we also consider a mixed objective of the form: L = (1 − α)·L1 + α·(1 − SSIM(ŷ, y)), where α 

∈ [0,1] controls the SSIM contribution. Optimization uses AdamW with an initial learning 

rate of 1e-4 and weight decay of 1e-4. ReduceLROnPlateau monitors validation PSNR 

(mode=max) and reduces the learning rate by a factor of 0.5 after several epochs without 

improvement. The best baseline checkpoint is selected by validation PSNR and used to 

initialize RL fine-tuning [4], [21], [22], [23]. 

 

2.5. Reinforcement Learning Fine-Tuning (Double DQN) 

After the baseline training has converged, we proceed to fine-tune the model with the 

help of a Reinforcement Learning (RL) agent, which chooses some hyperparameters to 

act on. The agent does not alter the U-Net architecture, rather, it determines which 

training configuration is to be applied at which step. The action space comprises six 

combinations of a learning rate (1e-4 and 5e-5) and a loss-mixing coefficient alpha (0.1, 

0.3, and 0.5). Restricted options have been empirically shown to improve the stability of 
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the agent and reduce the probability of it selecting extreme configurations that 

negatively impact performance [7], [24]. 

 

Design rationale: The discrete action space is kept small to help stabilize learning and to 

limit the search into plausible configurations in a small-data setting. The learning-rate 

candidates (1e-4 and 5e-5) correspond to the baseline training scale plus a more 

conservatively set refinement step, while the SSIM-mixing candidates (α = 0.1, 0.3, 0.5) 

give a low-to-high balance between pixel fidelity and structural similarity. 

 

The state uses PSNR and SSIM because they capture complementary aspects of 

reconstruction quality (fidelity and structure); PSNR is normalized by 50 so both state 

components lie on comparable numeric ranges. The reward is defined relative to the 

baseline on the same data to measure incremental improvement and reduce sensitivity 

to absolute metric scale; SSIM is up-weighted to encourage structure preservation in 

addition to PSNR gains [7], [12], [25]. 

 

Table 1. The six discrete actions (index, learning rate, alpha) 

Action index Learning rate (lr) Loss-mixing coefficient (α) 

0 1e−4 0.1 

1 1e−4 0.3 

2 1e−4 0.5 

3 5e−5 0.1 

4 5e−5 0.3 

5 5e−5 0.5 

 

The state is defined as s = [PSNR/50, SSIM], where PSNR is scaled by 50 to keep it on a 

comparable numeric range to SSIM. The RL reward is defined relative to the baseline 

model and is computed from the change in PSNR and SSIM between the baseline and the 

next iteration, i.e., R = (PSNR_next − PSNR_base) + 2 * (SSIM_next − SSIM_base). We utilize 

Double DQN to learn the action-value function Q(s,a). While the online Q-network 

determines the next action, a different target network assesses the chosen action to 

mitigate the overestimation of Q-values. Experience tuples (s, a, r, s_next) are kept in a 

replay buffer and are randomly sampled to update the Q-network [10], [13], [26]. 
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2.6. Evaluation Metrics 

We evaluate image quality using PSNR and SSIM. PSNR summarizes pixel-level fidelity, 

where higher values indicate lower mean squared error between prediction and target. 

SSIM summarizes structural similarity, where higher values indicate more similar 

luminance, contrast, and structure. Metrics are computed per image on the test set and 

summarized as mean ± standard deviation [4], [9], [22], [27], [28]. 

 

2.7. Statistical Testing 

Because baseline and RL outputs are produced for the same test images, we use paired 

statistical tests to assess whether differences are reliable. We report the paired t-test 

for mean differences and the Wilcoxon signed-rank test as a non-parametric alternative. 

Statistical significance is reported using p-values [3]. 

 

2.8. Implementation Details 

All models and training loops are implemented in PyTorch. Images are processed as 

single-channel grayscale tensors normalized to the [0,1] range. The HR target size is fixed 

at 256×256. Synthetic SR uses a scale factor of ×2, meaning that images are downsampled 

to 128×128 and then upsampled back to 256×256 before being fed to the network. 

Gaussian blur and Gaussian noise are applied as part of the synthetic degradation. In the 

implementation, blur sigma is sampled within approximately 0.8 to 1.6 and the noise 

standard deviation is sampled within approximately 0.00 to 0.05. These values define the 

restoration difficulty and should be explicitly reported because they affect absolute 

PSNR and SSIM. 

 

The baseline U-Net is trained for 40 epochs using AdamW with an initial learning rate of 

1e-4 and weight decay of 1e-4. ReduceLROnPlateau monitors validation PSNR and reduces 

the learning rate by a factor of 0.5 if PSNR does not improve for several epochs. To 

improve stability, predicted outputs are clamped to [0,1] during training and evaluation 

so that PSNR and SSIM are computed consistently with a data range of 1.0. Gradient 

clipping is applied with a modest norm threshold to reduce the risk of instability from 

occasional gradient spikes. 
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Figure 3. Train loss, validation PSNR, validation SSIM, and learning rate schedule over 40 

epochs.  

 

 
Figure 4. RL RewardSum per epoch, validation PSNR/SSIM during RL fine-tuning, greedy 

exploration decay, and mean Q-loss across updates. 
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For RL fine-tuning, the model is initialized from the best baseline checkpoint. The Double 

DQN controller uses a small fully connected Q-network with two hidden layers of 64 

units and ReLU nonlinearities. A replay buffer stores experience tuples and is sampled in 

mini-batches to update the Q-network. The discount factor is set to 0.99 and the target 

network is updated by soft updates with tau set to 0.01. Exploration is controlled by an 

epsilon-greedy strategy in which epsilon starts at 1.0 and decays gradually toward a 

minimum of 0.05. In the reported configuration, RL fine-tuning is run for 20 epochs, using 

the same dataset and deterministic validation evaluation [6], [13]. 

 

2.9. Baselines for Comparison 

We compare three conditions: (i) the degraded input (LR-up) as a no-restoration baseline; 

(ii) the supervised baseline U-Net; and (iii) RL-UNet (the baseline fine-tuned using Double 

DQN-selected hyperparameters).  

 

3. RESULTS AND DISCUSSION 

 

3.1. Quantitative Results on the Test Set 

Table 2 provides an overview of the mean results (plus standard deviation) for each image 

in the given dataset (n=60). The results of the degraded inputs show PSNR 27.04 ± 3.21 

dB and SSIM 0.706 ± 0.132, representing the quality decrease expected with blur–

downsample–upsample–noise degradation. Post supervised training, the baseline U-Net 

shows an increase in the quality of the images to PSNR 30.10 ± 3.59 dB and SSIM 0.875 ± 

0.064. This increase shows that the baseline restores an important amount of the lost 

high frequency detail and improves the structural coherence, which is consistent with 

the performance of encoder-decoder architectures and skip connections for restoration 

tasks. 

Table 2. Quantitative reconstruction performance on the test set (n=60).  

Method PSNR (dB) mean 

± SD 
SSIM mean ± SD ΔPSNR vs 

Baseline (dB) 
ΔSSIM vs 

Baseline 
LR-up (Degraded 

input) 
27.04 ± 3.21 0.706 ± 0.132 — — 

Baseline U-Net 30.10 ± 3.59 0.875 ± 0.064 — — 
RL-UNet (Double 

DQN fine-tuned) 
30.20 ± 3.58 0.873 ± 0.066 +0.102 ± 0.268 −0.0022 ± 0.0131 
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The RL-UNet achieves PSNR 30.20 ± 3.58 dB and SSIM 0.873 ± 0.066 on the test set. 

Relative to the baseline, the average paired change is small (ΔPSNR ≈ +0.102 dB and ΔSSIM 

≈ −0.0022), which is expected when the baseline has already converged to a strong 

solution and the RL controller is restricted to a small, safe action space. Overall, the 

results indicate that the RL agent can slightly refine pixel-level fidelity without 

meaningfully changing structural similarity under this configuration [14], [24]. Standard 

deviations can be interpreted as an indication of how difficult the images in the dataset 

are. Higher PSNR/SSIM are results of samples that are more easily segmented or provide 

high contrast, while lower results are of samples that have more difficult to identify 

edges or complex textures. The 3 dB PSNR variation across methods is evidence of this 

spread and demonstrates that the improvement is not consistent across all images.  

 

3.2. Distribution of Improvements (ΔPSNR and ΔSSIM) 

As shown in Figure 5, the ΔPSNR histogram exhibits a mild shift toward positive values 

with many samples clustered near zero, indicating small improvements distributed across 

a large portion of the test set. In contrast, the ΔSSIM histogram is tightly centered near 

zero with a slightly negative mean, suggesting that structural similarity is largely 

unchanged under the tested configuration and that observed gains are primarily 

reflected in pixel-level fidelity (PSNR). 

 

  
Figure 5. Distributions of per-image paired differences between RL-UNet and the 

baseline U-Net across the test set (n=60): (a) ΔPSNR and (b) ΔSSIM. 
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Negative differences can still occur on individual images. Fine-tuning may slightly over-

specialize to characteristics of the synthetic degradation or introduce minor trade-offs 

between pixel-level and structural measures for specific samples. However, the overall 

distributions indicate that most per-image changes are small in magnitude, with only a 

limited number of larger outliers. 

 

3.3. Statistical Significance of RL Improvements 

Although the improvements from RL are practically incremental, paired statistical tests 

show that the PSNR gain is statistically reliable. Across the 60 test images, the paired 

differences are ΔPSNR 0.102 ± 0.268 dB and ΔSSIM −0.0022 ± 0.0131. For PSNR, the paired 

t-test yields p=0.004572 and the Wilcoxon signed-rank test yields p=0.001199, indicating 

a consistent improvement. For SSIM, neither test indicates a significant difference (paired 

t-test p=0.1997; Wilcoxon p=0.1239). These results support the interpretation that RL 

provides a small but dependable PSNR refinement when the baseline is already strong, 

while SSIM remains statistically unchanged. 

 

Table 3. Paired statistical tests for RL improvements relative to the baseline U-Net 

(n=60). Mean paired differences are reported as mean ± standard deviation. 

Metric Mean Δ (RL−Baseline) 

± SD 
Paired t-test p-value Wilcoxon signed-

rank p-value 
PSNR (dB) +0.102 ± 0.268 0.004572 0.001199 
SSIM −0.0022 ± 0.0131 0.1997 0.1239 

 

This conclusion is consistent with the histogram analysis: when small changes occur 

consistently across many paired samples, they can yield statistically significant results, 

as observed for PSNR. No stronger interpretation is warranted; under the present setup, 

RL mainly provides a dependable and automated mechanism to obtain small PSNR 

refinements when a strong supervised baseline is already available. Table 3 reports p-

values alongside mean ΔPSNR and mean ΔSSIM. From a practical medical-image 

perspective, a ~0.1 dB PSNR gain without a significant SSIM gain suggests that the RL 

stage functions mainly as automated, conservative hyperparameter refinement rather 

than a qualitatively transformative enhancement of perceived structure. 
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Figure 6. Qualitative comparison on representative test slices.  

 

 
Figure 7. Top-5 test images by metric improvement after RL fine-tuning, shown as HR 

target, LR-up input, baseline output, and RL output: (a) ranked by ΔPSNR and (b) ranked 

by ΔSSIM (RL−Baseline). 
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Figure 8. Bottom-5 (worst) test images by metric change after RL fine-tuning: (a) 

ranked by ΔPSNR and (b) ranked by ΔSSIM (RL−Baseline). 

 

3.4. Discussion 

The results indicate that the primary reconstruction gain in this study comes from the 

supervised U-Net baseline, while the Double DQN fine-tuning stage contributes a smaller 

but statistically reliable refinement in pixel-level fidelity rather than a broad structural 

improvement. As shown in Table 2, the degraded input starts at 27.04 ± 3.21 dB PSNR and 

0.706 ± 0.132 SSIM, whereas the baseline U-Net improves performance substantially to 

30.10 ± 3.59 dB and 0.875 ± 0.064, confirming that the encoder-decoder architecture 

restores much of the lost high-frequency detail and structural coherence. The RL-UNet 

then increases mean PSNR slightly further to 30.20 ± 3.58 dB, but SSIM changes 

marginally to 0.873 ± 0.066. This interpretation is reinforced by the paired statistical 

analysis in Table 3, where the PSNR gain is significant (p = 0.004572 by paired t-test; p = 

0.001199 by Wilcoxon), while the SSIM difference is not statistically significant. Taken 

together, these findings suggest that under the present synthetic degradation setting, 

the RL stage should be interpreted as a conservative optimization layer rather than a 

qualitatively transformative reconstruction method [14], [24]. 
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The distribution plots in Figure 5 further clarify the nature of this gain. The ΔPSNR 

histogram shows a mild shift toward positive values, with many samples clustered close 

to zero, indicating that improvements are generally small but widespread rather than 

dramatic and isolated. By contrast, the ΔSSIM histogram is tightly centered around zero 

with a slightly negative mean, which shows that the RL stage does not systematically 

improve structural similarity across the test set. This pattern is important because it 

explains why the PSNR improvement can be statistically significant even though the 

visual changes are subtle: when many images experience a small positive shift, the 

average effect can still be dependable. At the same time, the narrow spread around zero 

also shows that the RL policy does not destabilize the model or produce erratic behavior 

across the dataset. The overall effect is therefore best understood as incremental 

refinement, not a second-stage reconstruction that changes the qualitative character of 

the output. 

 

The qualitative examples in Figure 6 are consistent with this reading of the quantitative 

results. The degraded inputs show the expected effects of the synthetic pipeline, 

including blurred anatomical boundaries, softened edges, and reduced local contrast. The 

baseline U-Net restores most of the visible improvement, producing sharper contours 

and more coherent tissue structures. Relative to this baseline, the RL-UNet output is 

usually visually very similar, with only localized differences such as slightly reduced 

residual blur, mild sharpening of fine boundaries, or small contrast adjustments in 

selected regions. In other words, almost all of the obvious visual recovery comes from 

the supervised model, while the RL stage acts mainly as a fine adjustment mechanism. 

This is fully consistent with the statistical outcome: a small average gain in PSNR, paired 

with no significant improvement in SSIM, implies that the RL stage refines pixel fidelity 

in ways that are measurable but not consistently strong enough to alter perceived 

structural similarity. Thus, the qualitative comparison should be interpreted as 

confirming, rather than contradicting, the statistical findings. 

 

The Top-5 cases in Figure 7 provide additional insight into where RL appears to help 

most. These cases often involve slices in which degradation has weakened thin 

boundaries or where the baseline remains slightly oversmoothed in localized regions. In 

such examples, RL fine-tuning appears to recover minor edge sharpness or improve local 

contrast just enough to yield measurable gains in ΔPSNR, and in some cases, modest 
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improvements in ΔSSIM. This suggests that the RL controller is most beneficial when the 

baseline has already produced a strong reconstruction but still leaves small correctable 

errors in fine detail representation. The pattern also aligns with the restricted action 

space used in this study. Because the RL agent is allowed only a small, safe set of 

hyperparameter adjustments, it is unlikely to produce radical changes; instead, it nudges 

the optimization process toward slightly better local solutions. This helps explain why 

the improvements are real yet limited in scale. In practical terms, the RL component 

seems most useful as an automated fine-tuning policy that extracts marginal additional 

quality from a strong baseline without requiring repeated manual hyperparameter 

search. 

 

The Bottom-5 cases in Figure 8 highlight the boundaries of this benefit and help explain 

why the SSIM gains were not significant. In these underperforming samples, RL fine-

tuning can introduce subtle over-sharpening, minor texture amplification, or small 

structural trade-offs that slightly reduce similarity to the ground truth. These failure 

modes are not catastrophic, but they show that the RL policy does not help every image 

equally. Negative paired differences are therefore not surprising, especially in a setting 

where the baseline is already strong and the remaining room for improvement is small. 

In such conditions, some images may be more sensitive to slight shifts in learning rate 

or loss-mixing behavior, causing the policy to over-specialize to characteristics of the 

synthetic degradation rather than improve general structural fidelity. This observation 

matches the histogram behavior in Figure 5, where most changes are near zero and only 

a limited number of images show larger positive or negative deviations. It also explains 

why the RL stage can improve PSNR on average while leaving SSIM statistically 

unchanged: the policy is refining certain intensity-level details, but not doing so uniformly 

enough to produce a reliable gain in global structural similarity. 

 

In relation to the research objectives, the findings show that the proposed RL framework 

succeeds in its intended role, but that role is narrower than that of the supervised 

reconstruction network. The objective was not to replace the baseline U-Net with 

reinforcement learning, but to test whether Double DQN-based hyperparameter control 

could provide additional performance gains once a strong supervised solution had 

already been established. Under that interpretation, the results are encouraging. The RL 

stage delivered a small, consistent, and statistically significant PSNR improvement, which 
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indicates that the agent was able to learn useful fine-tuning behavior from the reward 

signal. At the same time, the absence of a significant SSIM improvement shows that the 

practical impact of that learned behavior is limited mainly to pixel-level fidelity. This 

distinction is important. It suggests that RL is most valuable here as an automation 

mechanism for conservative optimization, reducing the burden of manual tuning rather 

than serving as a standalone source of major reconstruction improvement. The 

constrained discrete action space also appears to have contributed positively by 

preventing unstable or excessively large hyperparameter changes, thereby keeping the 

fine-tuning process safe and controlled. 

 

From a practical standpoint, the study implies that the largest performance gains in 

small-data super-resolution pipelines still come from building a strong supervised 

baseline, including the choice of architecture, loss formulation, optimizer configuration, 

and learning-rate strategy. Once that baseline is near convergence, RL can provide 

additional benefit, but the magnitude of that benefit is likely to be modest. In this sense, 

RL should be viewed as an incremental refinement tool that can automate part of the 

tuning process and recover small improvements that might otherwise require repeated 

trial-and-error experimentation. The use of deterministic degradation for validation and 

testing is also justified in this context, because it stabilizes PSNR/SSIM measurement and 

makes it easier to detect subtle gains. This is especially relevant when the expected 

improvement is on the order of 0.1 dB, where noisy evaluation conditions could easily 

obscure the signal. The current findings therefore support a workflow in which 

supervised learning delivers the dominant restoration effect, while RL is layered on top 

as a controlled and efficient fine-tuning strategy. 

 

Several limitations should temper the interpretation of these results. The LR-HR pairs are 

synthetically generated, so the findings primarily reflect the defined blur-downsample-

upsample-noise process rather than naturally paired clinical acquisitions. The dataset is 

also small and 2D, which limits generalizability and leaves open the question of whether 

the same refinement pattern would hold in larger, more heterogeneous, or volumetric 

medical imaging settings. In addition, the RL agent operates over a restricted action 

space, selecting only the learning rate and loss-mixing coefficient. While this was useful 

for stability, it also limits the scope of what the agent can optimize. A richer action space, 

more task-aware reward formulation, or evaluation against downstream clinical tasks 
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could potentially reveal stronger or more meaningful benefits. Accordingly, future work 

should validate the approach on larger datasets, realistic degradations, and possibly 3D 

reconstruction settings, while also exploring broader RL control policies and task-level 

metrics beyond PSNR and SSIM. 

 

4. CONCLUSION 

 

Synthetic degradation is used in this study to construct paired input–target images and 

enable a reproducible super-resolution pipeline for 2D brain MRI under a deterministic 

synthetic evaluation setting. A strong supervised U-Net baseline trained with L1 loss 

(optionally mixed with differentiable SSIM), AdamW optimization, and PSNR-driven 

learning-rate scheduling provides the main reconstruction gains, improving PSNR from 

27.04 ± 3.21 dB to 30.10 ± 3.59 dB and SSIM from 0.706 ± 0.132 to 0.875 ± 0.064 on the 

held-out test set. Building on this baseline, Double DQN fine-tuning is used as a 

constrained hyperparameter controller that selects from a finite set of learning rates 

and loss-mixing coefficients, yielding a modest PSNR refinement to 30.20 ± 3.58 dB 

(ΔPSNR 0.102 ± 0.268 dB) while SSIM remains comparable at 0.873 ± 0.066 (ΔSSIM −0.0022 

± 0.0131); paired tests indicate the PSNR gain is statistically significant whereas SSIM 

changes are not. Overall, these results support the conclusion that RL can reduce manual 

trial-and-error by providing a stable, automated fine-tuning mechanism that delivers 

small but reliable PSNR improvements when the supervised baseline is already strong, 

while broader clinical generalizability will require evaluation under more realistic MRI 

degradation conditions and, when available, paired clinical LR–HR acquisitions and larger 

datasets, as well as downstream task-based assessments (e.g., segmentation or 

classification) with clinically aligned reward definitions. 
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