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Abstract— Detecting small objects in low-resolution images remains a major hurdle in many real-world settings such as drone 

surveillance, public safety monitoring, and embedded vision systems. Standard object detection models tend to struggle with such 

inputs, especially when images are degraded or compressed. Although image super-resolution (SR) techniques can improve visual 

quality, most existing systems treat SR and detection as separate tasks, which limits their overall effectiveness. In this work, we 

introduce Edge-HiResFusion, a lightweight, end-to-end framework that unifies SR and object detection into a single, optimized 

pipeline. Unlike traditional cascaded approaches, our method learns to enhance image regions that are specifically relevant for 

detection. The model integrates a task-aware SR module, an efficient detection backbone, and an adaptive non-maximum 

suppression (NMS) algorithm designed to better handle overlapping predictions in cluttered or noisy images. We evaluate our 

model on the MS COCO dataset under simulated low-resolution conditions. Compared to existing pipelines, Edge-HiResFusion 

delivers noticeable improvements in both detection accuracy (0.52 mAP) and small-object recall, while maintaining low 

computational overhead — making it a strong candidate for deployment on edge devices. 

Keywords— super resolution, NMS, object detection, MS COCO, object localization, object classification, Deep learning. 

1. INTRODUCTION  

In recent years, AI (artificial intelligence) and DL (deep learning) have significantly transformed the field of computer vision. 

Among its many applications, object detection stands out as one of the most impactful tasks, enabling systems to identify and 

localize objects within images or video streams. From autonomous vehicles and aerial drones to smart surveillance systems 

and industrial inspection, object detection serves as a foundational technology in a wide range of real-world environments. 

Despite the impressive progress made by modern detectors such as YOLOv5[1], Faster R-CNN[2], and SSD[3], these models 

often assume access to high-resolution, high-quality imagery. In practical scenarios, however, this assumption does not hold. 

Surveillance cameras mounted at high altitudes, drones capturing distant objects, or resource-constrained devices with limited 

imaging capabilities often produce low-resolution, degraded images. Under such conditions, the performance of standard 

detection models deteriorates sharply especially when detecting small, overlapping, or partially occluded objects. 

One common solution is to apply image super-resolution (SR) techniques [4] prior to detection. These methods aim to 

enhance image clarity by reconstructing high-resolution outputs from low-quality inputs. Recent advancements like 

ESRGAN [5] and Real-ESRGAN [6] have achieved visually impressive results by generating realistic textures and details. 

However, these methods are typically trained to maximize perceptual quality, not detection performance. As a result, SR-

enhanced images may look better to the human eye, but they don’t always lead to better object detection accuracy. Moreover, 

most existing SR+ Detection pipelines rely on a two-stage approach: first applying SR using a pre-trained model and then 

running a separate detection module. This decoupled strategy fails to optimize both components together. Since the SR model 

is unaware of the detection task, it may enhance irrelevant areas while ignoring features that are crucial for localization. 

Similarly, standard non-maximum suppression (NMS) used in these pipelines often relies on fixed thresholds, which may not 

adapt well to overlapping objects in noisy or crowded scenes. 

These challenges reveal a clear research gap: there is a lack of lightweight, task-aware, and end-to-end frameworks that can 

jointly enhance image resolution and detect objects—especially small ones—in low-quality imagery. Such a model would 

need to be optimized not for image realism, but for detection-specific performance, while remaining efficient enough for real-

world deployment on edge devices. 
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This paper introduces Edge-HiResFusion, a unified deep learning framework that combines image super-resolution and 

object detection into a single, end-to-end trainable model. Unlike traditional two-stage pipelines, where SR and detection are 

treated as separate tasks, our approach jointly learns to enhance and detect, with the goal of improving accuracy in low-

quality visual environments. The key contributions of our work are summarized as follows: 

A Task-Aware Super-Resolution Module: We propose a lightweight SR network that is optimized not just for visual clarity, 

but specifically for object detection. By learning to enhance image regions that are critical for recognizing and localizing 

objects, the model improves the visibility of small or distant targets without unnecessary texture hallucination. 

An End-to-End Architecture for Joint Learning: Edge-HiResFusion integrates the SR   module with a detection backbone 

into a unified framework. Both components are trained together using a combined loss function, ensuring that the super-

resolved images are directly beneficial for the downstream detection task. 

Incorporation of Adaptive Non-Maximum Suppression (NMS): We implement a class-aware, confidence-weighted NMS 

mechanism that adapts suppression thresholds based on context. This approach is especially effective in handling overlapping 

objects in crowded or degraded scenes, where standard NMS may remove correct detections. 

Edge-Efficient Design for Real-Time Use: The model is designed with computational efficiency in mind. It maintains a low 

inference footprint, making it suitable for deployment on edge devices such as UAVs, surveillance cameras, and embedded 

systems with limited processing capabilities. 

Comprehensive Evaluation on Low-Resolution COCO Dataset: We evaluate our method on a degraded variant of the MS 

COCO dataset [7], simulating real-world conditions. Results show noticeable improvements in mean average precision 

(mAP), particularly for small objects, compared to both baseline detectors and SR + Detection pipelines. 

This work's remaining sections are arranged as follows: The following section 2 offers a Related Work of Super-Resolution 

models (SRCNN[4], ESRGAN, Real-ESRGAN) Object Detection (YOLOv5, FPN, SSD, Faster R-CNN, Mask RCNN [8]), 

Lightweight & embedded models, Adaptive and learned NMS techniques and Existing SR Detection hybrid approaches. 

Section 3 present the proposed methodology of Edge-HiResFusion for enhancing object detection accuracy. In Section 4, 

provide and discuss the experimental findings from proposed research. Section 5 closes by reviewing the key conclusions and 

how they affect the field. 

2. Related Work 
Super-resolution (SR) techniques have gained substantial attention in recent years for their ability to restore high-resolution 

details from low-quality inputs. Early CNN-based methods like SRCNN[4] demonstrated the feasibility of learning end-to-

end mappings from low- to high-resolution images using deep networks. Later, more advanced architectures such as EDSR 

[9]and ESRGAN[5] introduced residual learning and perceptual loss functions to improve both fidelity and visual quality. 

Real-ESRGAN[6] is designed to handle complex degradations and real-world noise, making it highly suitable for practical 

low-resolution scenarios. While these methods have shown impressive results in restoring image clarity, they are often 

optimized for human perception, rather than task-specific goals like object detection. 

Object detection has evolved significantly with the emergence of deep convolutional architectures. Faster R-CNN [2] and 

Mask R-CNN+SVM [10] introduced region proposal networks for two-stage detection with high accuracy. On the other hand, 

YOLOv5 and SSD[3] represent single-stage detectors optimized for real-time performance. Feature fusion mechanisms such 

as Feature Pyramid Networks (FPN) [11] and PANet [12] have also improved multi-scale detection, particularly for small 

objects. Despite their robustness on high-resolution datasets, these models tend to underperform when applied to degraded or 

low-resolution inputs — a common occurrence in embedded and real-world systems. 

As the demand for mobile and embedded vision systems grows, there has been a shift toward creating lightweight models that 

can operate efficiently on constrained hardware. Approaches like MobileNet [13], Tiny-YOLO [14], Inception-ResNetV2 

[15] and ShuffleNet[16] focus on reducing parameter count and inference latency while maintaining accuracy. However, 

many super-resolution and detection models remain computationally intensive and are not suitable for real-time deployment 

on edge devices. This presents a need for joint optimization strategies that can maintain detection performance while 

respecting device limitations. 

Non-Maximum Suppression (NMS) is a critical post-processing step in object detection that helps eliminate redundant 

bounding boxes. Traditional NMS applies a fixed IoU threshold [17], which often fails in crowded scenes or with small, 

overlapping objects. Soft-NMS [18] and Learning NMS techniques have been proposed to address these limitations by 

modifying the suppression logic based on box confidence scores or learned representations. Despite these improvements, 

adaptive NMS methods [19] are rarely integrated into end-to-end detection pipelines, especially in the context of degraded 

imagery. 

Recent works have explored the use of SR as a pre-processing step to enhance object detection, particularly in low-resolution 

scenarios. However, these pipelines are often modular and disconnected, where the SR model is trained independently from 

the detection module. This separation limits task-specific enhancement and can result in sub-optimal performance. Some joint 

models have been proposed, but they either use large SR architectures not suitable for deployment, or they lack adaptive 

mechanisms like dynamic NMS. Furthermore, most prior studies focus on synthetic downscaling and do not generalize well 

to real-world degradations such as noise, blur, or compression. 
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Given the gaps in the current literature, there is a strong motivation to develop a framework that is both lightweight and task-

aware, capable of enhancing low-quality visual input specifically for detection tasks. Edge-HiResFusion addresses this by 

integrating super-resolution, deep detection, and adaptive NMS into a single, end-to-end pipeline. Unlike traditional methods, 

our approach is trained holistically, making it more effective for real-world applications involving low-resolution, cluttered, 

or noisy scenes — while remaining efficient enough for edge deployment. 

3. Proposed Method: Edge-HiResFusion 

3.1 Overview 

The goal of the Edge-HiResFusion framework is to improve object detection in degraded or low-resolution images using a 

lightweight, fully trainable deep learning architecture. The entire system is designed as a single end-to-end model that 

performs three key tasks: image enhancement through super-resolution, feature extraction and object detection, and refined 

prediction through adaptive Non-Maximum Suppression (NMS). 

 
Figure 1: Edge-HiResFusion Full Architecture Diagram 

As illustrated in the model flow diagram in figure 1, the low-resolution input image first passes through a task-aware super-

resolution module[11] that selectively enhances relevant image regions. The super-resolved image is then fed into a backbone 

network that extracts spatial and semantic features. These features are fused across multiple scales to enable robust detection 

of objects at varying sizes, especially small ones. Finally, an adaptive NMS unit filters redundant predictions based on 

contextual awareness, helping to refine the detection output. Each component of the system contributes to a more accurate 

and efficient detection pipeline, particularly suited for real-world and resource-limited environments. Each module in the 

system is optimized to either enhance, extract, or refine information that contributes directly to better detection outcomes. 

Unlike traditional pipelines, all components are trained together, allowing the network to learn a joint representation that 

aligns super-resolution output with detection relevance. 

 

3.2 Task-Aware Super-Resolution Module 

The first stage of the pipeline involves enhancing the input image using a lightweight super-resolution module. Unlike 

traditional SR methods that prioritize visual quality (e.g., sharpness or texture realism), this module is trained to enhance only 

the areas that matter for object detection — such as edges, contours, and texture gradients that help in localizing small or 

distant objects. We define the SR loss in equation 1 as: 

LSR = || ISR – IHR ||₁ + α × || φ(ISR) - φ(IHR) ||²                                                                                                                            (1)                           

Where:  

• ISR = Super-resolved image 

• IHR = Ground-truth high-resolution image 

• φ = Perceptual feature extractor (e.g., VGG) 

• α = Weight for perceptual loss. 

The first term is an L1 loss that ensures pixel-level accuracy. The second term is the perceptual loss, encouraging SR to 

preserve high-level features important for detection. 

 

3.3 Feature Extraction and Detection Head 

Once the image is super-resolved, it is passed through a feature extractor — either a lightweight convolutional network 

MobileNet. These networks extract semantic and spatial features necessary for object localization and classification. To 

enable robust detection of objects at different scales, we integrate a Feature Pyramid Network (FPN). These modules combine 

low-level detail-rich features with high-level semantic context across layers, which is crucial for detecting small or partially 

visible objects. The detection head then performs two main tasks: 

 Predicts bounding box coordinates (object location) 

 Assigns class probabilities (object category) 

The detection loss is defined in equation 2 as:  

£Det = £cls + £bbox                                                                                                                                                                                                                                                                     (2)                                                                                                                                         

Where, £cls = Classification loss (e.g., Cross-Entropy or focal loss), £bbox= Bounding box regression loss (e.g., CIoU for better 

geometric accuracy). 
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3.4 Adaptive Non-Maximum Suppression 

In dense scenes or when objects are close together, traditional Non-Maximum Suppression (NMS) may suppress valid 

detections due to static IoU thresholds. To mitigate this, Edge-HiResFusion introduces a confidence-aware adaptive NMS 

technique that adjusts the suppression criteria based on context. This formulation ensures that overlapping boxes are not 

aggressively suppressed when they have high confidence, helping retain true positives in crowded or noisy scenes. The 

adjusted confidence score for each predicted bounding box is calculated in equation 3 as: 

ŝᵢ = sᵢ × exp(- (IoU(bᵢ, bmax)² / σ))                                                                                                              (3) 

Where:  sᵢ = Original confidence score, bᵢ = Predicted Bounding box, bmax = Box with max confidence or highest score, σ = 

Smoothing parameter controlling decay. 

 

3.5 Joint Optimization 

One of the core strengths of Edge-HiResFusion lies in its ability to be trained in a joint end-to-end fashion. The super-

resolution and detection modules are not treated separately, but rather optimized together using a combined loss. The full 

system is trained end-to-end with a total loss is calculated in equation 4 as: 

Ltotal = λ₁ × LSR + λ₂ × LDet                                                                                                                                      (4) 

Where, λ₁, λ₂ = Weights for SR and detection loss 

This allows the SR module to learn enhancements that directly improve detection performance, especially on small or low-

visibility objects. By training all components together, the system learns a consistent representation that aligns image 

enhancement with detection outcomes, resulting in improved performance on small, blurry, or partially occluded objects — 

all while keeping the model compact and efficient for edge deployment. 

 

4. Experimental Setup and Evaluation 
To evaluate the performance of Edge-HiResFusion, we conducted extensive experiments on a low-resolution variant of the 

MS COCO dataset[7], where input images were downsampled and blurred to simulate real-world degradation conditions such 

as compression artifacts and motion blur. The aim was to assess the model’s ability to recover and detect small or obscured 

objects under challenging visual scenarios. The network was trained using the Adam optimizer with a batch size of 16. The 

initial learning rate was set to 1e-4 for the super-resolution module and 1e-3 for the detection backbone. We trained the model 

for 100 epochs with early stopping based on validation performance. Loss functions included a combination of L1 and 

perceptual loss for SR, and a classification + CIoU loss for detection. We compared our method against several baselines: 

 YOLOv5 (Low-Res): A standard detector trained directly on low-res inputs 

 SR + YOLOv5: A two-stage pipeline using a basic SR network followed by detection 

 Real-ESRGAN + YOLOv5: Using perceptual SR enhancement with a pre-trained detector 

 Edge-HiResFusion (Ours): Our fully end-to-end task-aware system 

Evaluation was performed using standard object detection metrics: 

 mAP@0.5: Mean Average Precision at IoU threshold of 0.5 

 Recall: Ratio of correct detections to ground truth 

 FPS: Frames per second to measure inference speed 

 Small Object Accuracy: Emphasis on detecting small-sized objects, where SR plays a critical role 

As shown in Table 1 and the accompanying graph, Edge-HiResFusion consistently outperforms the baselines in both 

detection accuracy and small object recall, while maintaining real-time processing speeds suitable for edge deployment. 

Model mAP@0.5 Recall FPS 

YOLOv5 (Low-Res)  0.41 0.53 45 

SRCNN + YOLOv5 0.44 0.57 34 

ESRGAN + YOLOv5 0.46 0.59 30 

Real-ESRGAN + YOLOv5 0.49 0.62 29 

Soft-NMS + YOLOv5 0.45 0.58 44 

Task-Aware SR + YOLOv5 0.5 0.65 35 

Edge-HiResFusion (Ours) 0.52 0.68 33 

Table 1: Comparison of our method against several baseline models 

 

5. Results and Analysis 
 

5.1. QUANTITATIVE COMPARISON WITH BASELINES AND SOTA MODELS 

We evaluated Edge-HiResFusion against multiple baselines and state-of-the-art pipelines on a low-resolution variant of the 

MS COCO dataset. Table 1 and Figure 1 show the comparison results across three key metrics: mean Average Precision 

(mAP@0.5), Recall, and Frames Per Second (FPS). Compared to standard YOLOv5 and even SR-enhanced pipelines such as 
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Real-ESRGAN + YOLOv5, our method consistently achieves higher detection accuracy while maintaining a competitive 

inference speed suitable for edge deployment 

To comprehensively evaluate detection performance, we compared eight different models across three primary metrics: mean 

Average Precision at IoU threshold 0.5 (mAP@0.5), Recall, and Frames Per Second (FPS). These metrics represent detection 

accuracy, sensitivity to true positives, and inference efficiency respectively. The following figures illustrate how each model 

performs under degraded image conditions. 

 
Figure 2: mAP@0.5 comparison across models (higher is better). 

 
Figure 3: Recall comparison across models (higher is better). 

 
Figure 4: Inference speed (FPS) across models (higher is better). 

5.2 ABLATION STUDIES 

To better understand the contribution of each component, we conducted ablation experiments: 

• Without the SR module, detection accuracy dropped by over 9%, indicating its importance for small object recovery. 

• Removing the adaptive NMS led to a higher false positive rate, especially in crowded scenes. 

• Disabling joint training resulted in less task-aligned image enhancement and poorer detection scores. These results confirm 

the importance of integrating super-resolution, adaptive suppression, and joint optimization in a unified model. 

5.3 QUALITATIVE RESULTS 

Visual inspections further validate our model’s effectiveness. As shown in Figure 2, Edge-HiResFusion is able to recover fine 

object details and localize small objects that standard detectors either miss or misclassify. This is particularly evident in 

blurry, compressed, or cluttered environments where baseline models typically struggle. 

We evaluated the super-resolution component of Edge-HiResFusion using six widely adopted image quality metrics: PSNR, 

SSIM, SRER, MAE, SCC, and UIQI. These metrics offer complementary insights into both pixel-level and perceptual 

quality. The following figures illustrate how Edge-HiResFusion compares to baseline and SR-integrated object detection 
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pipelines. We evaluated the super-resolution component of Edge-HiResFusion using six widely adopted image quality 

metrics: PSNR, SSIM, SRER, MAE, SCC, and UIQI. These metrics offer complementary insights into both pixel-level and 

perceptual quality. The following figures illustrate how Edge-HiResFusion compares to baseline and SR-integrated object 

detection pipelines. 

 
Figure 5: PSNR Comparison (Higher is better)                  Figure 6: SSIM Comparison (Higher is better) 

    
Figure 7: SRER Comparison (Higher is better)       Figure 8: MAE Comparison (Lower is better) 

    
Figure 9: SCC Comparison (Higher is better)    Figure 10: UIQI Comparison (Higher is better) 

5.4 PERFORMANCE-SPEED TRADEOFF FOR EDGE DEPLOYMENT 

While accuracy is critical, runtime efficiency is equally important for practical applications. Despite integrating super-

resolution and adaptive suppression, Edge-HiResFusion maintains near real-time speed at 33 FPS, only marginally slower 

than lightweight baselines like YOLOv5. Given its detection boost, this tradeoff is acceptable for many edge computing 

scenarios such as surveillance drones or embedded smart cameras. 

5.5 REAL-WORLD APPLICATION SCENARIO 

Edge-HiResFusion is particularly well-suited for real-world deployments in scenarios where low-resolution imaging is 

unavoidable. Examples include UAV-based aerial surveillance, low-cost public safety monitoring systems, and embedded 

smart cameras in traffic environments. Its compact design and real-time inference speed make it ideal for applications 

requiring lightweight yet accurate detection in degraded conditions. 

5.6 MODEL COMPLEXITY AND INFERENCE SPEED 

To further validate the feasibility of edge deployment, we compare the total parameter count, model size, and inference speed 

across different models: 

Model   Parameters 

Model 

Size FPS 

YOLOv5 (Low-Res) 7.5M 14.5MB 45 

Real-ESRGAN + 

YOLOv5 50 M 105 MB 29 

Edge-HiResFusion  11.2 M 24.1 MB 33 

TABLE 2: COMPARISON OF PARAMETERS, MODEL SIZE AND FPS.  

5.7 DETAILED ABLATION STUDY 

To isolate the impact of individual modules in Edge-HiResFusion, we conducted an ablation study: 
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| Configuration             | mAP@0.5 | Recall | FPS | 

| Without SR Module         | 0.44          | 0.56   | 39  | 

| Without Adaptive NMS     | 0.48          | 0.60   | 36  | 

| Without Joint Optimization | 0.49        | 0.61   | 34  | 

| Full Model (Ours)           | 0.52          | 0.68   | 33  | 

5.8 ENVIRONMENTAL AND ETHICAL CONSIDERATIONS 

One of the benefits of Edge-HiResFusion is its reduced computational overhead compared to traditional pipelines. This 

translates into lower energy consumption, enabling deployment in power-constrained environments and promoting greener 

AI systems. Furthermore, the model's edge compatibility expands access to effective AI tools in regions with limited cloud 

infrastructure. 

 

6. Conclusion 
In this paper, we introduced Edge-HiResFusion, a lightweight and unified deep learning framework designed to improve 

object detection performance in low-resolution and visually degraded environments. Unlike conventional pipelines that 

separate super-resolution and detection tasks, our approach integrates these components into a single, end-to-end trainable 

system. The framework is further enhanced by a confidence-aware adaptive Non-Maximum Suppression (NMS) mechanism 

that improves prediction refinement in cluttered or low-contrast scenes. Through comprehensive experiments on a degraded 

version of the MS COCO dataset, we demonstrated that Edge-HiResFusion consistently outperforms both traditional 

detection models and two-stage SR + detection pipelines in key metrics such as mAP@0.5, recall, and small object 

accuracy. Notably, these gains are achieved without sacrificing real-time performance, making the model well-suited for 

deployment on edge devices like drones, surveillance systems, and mobile cameras. One of the core advantages of our 

approach is the ability to jointly train the super-resolution and detection modules, allowing the model to learn feature 

enhancements that are directly beneficial for object localization. Additionally, the incorporation of adaptive NMS helps 

retain valid predictions that would otherwise be suppressed in dense or overlapping object scenarios. Together, these 

contributions lead to a more intelligent, efficient, and deployable solution for real-world object detection challenges. 

 

7. Future Work 
While Edge-HiResFusion has shown promising results for static image-based object detection in low-resolution conditions, 

there remain several opportunities to extend this work further. One natural progression is to explore a video-based extension 

of the framework. By incorporating temporal super-resolution and object tracking, the model can take advantage of frame-to-

frame continuity, which can help stabilize predictions and reduce redundancy over time. This would be particularly beneficial 

for surveillance and autonomous navigation systems that rely on continuous video streams rather than individual frames. 

Another promising direction is the integration of reinforcement learning for region-specific super-resolution. Rather than 

uniformly enhancing the entire image, a reinforcement agent could learn to focus computational resources on regions that are 

more likely to contain objects of interest. This would not only improve detection accuracy but also reduce unnecessary 

processing, making the system even more efficient for edge deployment. Finally, cross-domain generalization remains a key 

challenge. While Edge-HiResFusion performs well on degraded versions of natural imagery (e.g., COCO), applying it to 

domains such as thermal imaging, medical scans, or satellite imagery would require adaptation to new visual patterns and 

noise characteristics. Future work could explore domain adaptation techniques or multi-modal training strategies to make the 

model more versatile across a wider range of applications. Together, these directions offer exciting pathways to build on the 

foundation of Edge-HiResFusion and advance the state of the art in efficient, low-resolution object detection. 
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