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Abstract 

 

Input image resolution plays a critical yet often underexplored role in the performance and efficiency of 

modern object detection systems. While YOLO architectures support flexible input sizes, models are 

typically trained at fixed resolutions, making resolution selection a key deployment decision. This paper 

presents a systematic investigation of image resolution sensitivity in YOLOv11 across multiple model 

scales. Using the Aerial Sheep dataset, five YOLOv11 variants (Nano to Extra Large) are fine-tuned at 

three training resolutions 320×320, 640×640, and 1280×1280 under identical training conditions. 

Detection performance is evaluated using mAP@50, mAP@50-95, precision, and recall, alongside a 

detailed analysis of inference latency. Results demonstrate that input resolution is a dominant factor 

influencing detection accuracy, often exceeding the impact of model scaling. Substantial performance 

gains are observed when increasing resolution from 320×320 to 640×640, while improvements beyond 

640×640 show diminishing returns for coarse detection metrics. Inference analysis reveals that model 

size and training resolution primarily govern runtime, with inference time resolution and image content 

exerting secondary effects. These findings provide practical guidance for balancing accuracy and 

efficiency in real-world YOLO deployments. 
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1. Introduction 

 

Object detection is a foundational task in computer vision, enabling a wide range of applications 

including autonomous driving, medical image analysis, intelligent surveillance, retail analytics, and 

human computer interaction [1-4]. Recent advances in deep learning have significantly improved 

detection accuracy and efficiency, particularly through one-stage architectures such as YOLO and SSD, 

which offer real-time inference with competitive performance [5-7]. These gains are largely attributed to 

advances in convolutional neural networks, feature pyramid representations, and optimized training 

strategies. 

 

Despite this progress, the influence of input image resolution on object detection performance remains 

insufficiently characterized. In real-world deployment scenarios, input images originate from 

heterogeneous sources such as smartphones, CCTV systems, embedded cameras, and aerial platforms, 
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each producing images with different native resolutions, compression characteristics, and noise profiles 

[8,9]. To satisfy bandwidth, memory, or latency constraints, images are frequently resized prior to 

inference [10,11]. Although YOLO architectures permit variable input sizes, models are typically trained 

at a fixed resolution, requiring all incoming data to be rescaled regardless of its original fidelity. 

Image resizing directly affects visual characteristics such as texture granularity, edge sharpness, and 

spatial detail, which are critical for convolutional feature extraction [12]. Higher resolutions may 

preserve fine-grained information but incur greater computational cost, while aggressive downsampling 

can eliminate small objects entirely or distort their spatial structure [13]. As a result, selecting an 

appropriate image resolution becomes a trade-off between detection accuracy, robustness, and inference 

efficiency. While prior studies have examined resolution effects alongside factors such as compression 

artifacts, camera distance, or image quality degradation [14], these confounding variables make it 

difficult to isolate the pure effect of spatial resolution alone. 

 

Modern YOLO architectures further complicate this relationship through extensive use of multi-scale 

feature extraction mechanisms, including Feature Pyramid Networks (FPN) and Path Aggregation 

Networks (PAN). These structures are designed to capture objects across multiple spatial scales by 

fusing low-level and high-level features. However, their effectiveness depends implicitly on the 

resolution of the input image. Reduced resolutions may weaken fine-scale features critical for small 

object detection, while excessively high resolutions may introduce diminishing returns relative to the 

increased computational burden. 

 

Motivated by these considerations, this paper presents a controlled experimental study of image 

resolution sensitivity in modern YOLO architectures. Identical models are fine-tuned on the same 

dataset resized to multiple spatial resolutions, with all other training parameters held constant. Detection 

performance is evaluated using precision, recall, mAP@50, mAP@50-95, and inference time to 

determine how accuracy and efficiency scale with resolution. By isolating resolution as the sole variable, 

this work provides a clear empirical understanding of how YOLO models respond to changes in input 

fidelity and identifies resolution ranges that offer an effective balance between performance and 

computational cost. 

 

2. Dataset 

 

The experiments in this study were conducted using the Aerial Sheep dataset [15], which consists of 

RGB images captured from an aerial viewpoint containing instances of sheep. The dataset presents 

realistic challenges for object detection, including large variations in object scale, sparse and dense 

object distributions, complex natural backgrounds, and changes in illumination and terrain. Such 

characteristics make the dataset particularly suitable for evaluating small object detection performance in 

aerial imagery. 

 

The dataset is divided into 1,203 training images, 350 validation images, and 174 test images, with all 

sheep instances annotated using bounding boxes. To systematically analyze the impact of input spatial 

resolution on detection performance, the entire dataset was resized into three fixed resolution versions: 
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320×320, 640×640, and 1280×1280. Resizing was performed using bilinear interpolation while 

preserving the original bounding box annotations. 

 

These multi-resolution variants enable a controlled investigation of how image resolution affects 

detection accuracy under realistic aerial imaging conditions. Figure 1 illustrates representative samples 

from the Aerial Sheep dataset across varying environmental conditions and object scales. 

 

 

   
 

   
Figure 1: Sample images from the Aerial Sheep dataset 

 

3. Methodology 

 

This study investigates the impact of input image resolution and model scale on detection accuracy and 

inference efficiency using real-world aerial imagery. The Aerial Sheep dataset was resized to three fixed 

spatial resolutions: 320×320, 640×640, and 1280×1280, producing three resolution specific dataset 

variants while preserving original annotations. 

 

Five YOLOv11 model variants Nano (N), Small (S), Medium (M), Large (L), and Extra Large (X) were 

independently fine-tuned on each resolution specific dataset, resulting in a total of 15 trained models. All 

models were initialized with publicly available COCO pretrained weights and trained using the 

Ultralytics framework under identical conditions, including learning rate schedules, data augmentation 

strategies, batch sizes, and optimization settings. Each model was trained for 100 epochs to ensure stable 

convergence and fair comparison across configurations. 

 

Detection performance was evaluated on the corresponding test sets using standard object detection 

metrics, including mAP@50, mAP@50-95, precision, and recall. These metrics enable a systematic 

analysis of accuracy trends as a function of input resolution and model capacity. 

 

To assess inference efficiency, 10 test images were randomly selected and resized to each of the three 

resolutions. All resized images were evaluated using the 15 trained models, allowing controlled 
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comparison of inference latency across resolution and model combinations under identical input 

conditions. 

 

Model training was performed on an NVIDIA GeForce RTX 4090 GPU with CUDA acceleration, while 

inference timing experiments were conducted on an Intel i5 CPU with 16 GB RAM. By maintaining 

consistent training and evaluation protocols, observed performance differences can be attributed 

primarily to variations in input resolution and YOLOv11 model scale. 

 

4. Results and Discussions 

 

4.1 Detection Performance Across Resolutions and Model Variants 

 

Table 1 summarizes the detection performance of YOLOv11 model variants trained at different input 

resolutions on the Aerial Sheep dataset. Across all variants, detection accuracy exhibits a strong and 

consistent dependence on training image resolution. 

Table 1: Detection performance of YOLOv11 model variants trained at different input resolutions on 

the Aerial Sheep dataset. 

 

Model Variant Resolution mAP@50 mAP@50-95 Precision Recall 

YOLOv11-N 320x320 0.790 0.370 0.823 0.724 

YOLOv11-N 640x640 0.967 0.593 0.955 0.937 

YOLOv11-N 1280x1280 0.979 0.635 0.974 0.963 

YOLOv11-S 320x320 0.850 0.437 0.883 0.769 

YOLOv11-S 640x640 0.970 0.605 0.948 0.940 

YOLOv11-S 1280x1280 0.981 0.635 0.972 0.964 

YOLOv11-M 320x320 0.833 0.415 0.862 0.755 

YOLOv11-M 640x640 0.971 0.610 0.958 0.947 

YOLOv11-M 1280x1280 0.979 0.636 0.971 0.964 

YOLOv11-L 320x320 0.812 0.390 0.844 0.742 

YOLOv11-L 640x640 0.969 0.601 0.948 0.942 

YOLOv11-L 1280x1280 0.980 0.638 0.974 0.969 

YOLOv11-X 320x320 0.676 0.266 0.759 0.614 

YOLOv11-X 640x640 0.971 0.610 0.965 0.947 

YOLOv11-X 1280x1280 0.975 0.620 0.970 0.956 

 

To further illustrate these trends, Figures 2 and 3 present a graphical comparison of detection 

performance across training resolutions and model variants. These visualizations complement the 

numerical results in Table 1 by highlighting how accuracy scales with input resolution and model 

capacity. 
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(a)                                                                     (b) 

Figure 2: Detection accuracy as a function of training resolution for different YOLOv11 model variants: 

(a) mAP@50 and (b) mAP@50-95. 

 

Strong Resolution Sensitivity Across All YOLOv11 Variants 

Across all YOLOv11 variants, detection performance shows a strong and consistent dependence on 

training image resolution. Figures 2 and 3 provide complementary visual interpretations of the results in 

Table 1. Figure 2 illustrates the variation of mAP@50 and mAP@50-95 with training resolution for each 

YOLOv11 model variant, while Figure 3 presents performance trends across model variants at fixed 

resolutions. Increasing the resolution from 320×320 to 640×640 results in a substantial improvement in 

accuracy for every model size, with smaller additional improvements at 1280×1280.  

 
(a)                     (b) 

Figure 3: Detection accuracy across YOLOv11 model variants for different training resolutions: (a) 

mAP@50 and (b) mAP@50-95. 

 

Similarly, mAP@50-95 exhibits even greater sensitivity to resolution, often increasing by nearly 60-100% 

when comparing 320×320 to 1280×1280 training resolutions. These improvements indicate that higher 

training resolutions preserve fine-grained spatial information that is essential for precise object 

localization, especially under stricter IoU thresholds. Overall, the results demonstrate that input 
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resolution is a first-order determinant of YOLOv11 performance, frequently exerting a stronger 

influence than architectural scaling alone.  

 

Diminishing Returns Beyond 640×640 for mAP@50 

Although increasing the resolution from 320×320 to 640×640 leads to marked performance 

improvements, further gains from 640×640 to 1280×1280 are modest for mAP@50. Across most 

variants, mAP@50 already exceeds 0.96 at 640×640, with absolute improvements below 1.5% at higher 

resolution. In contrast, mAP@50-95 continues to benefit from increased resolution, indicating that larger 

inputs primarily enhance localization precision rather than object presence detection. These results 

suggest that 640×640 offers an effective performance efficiency trade-off, while 1280×1280 is most 

beneficial for applications requiring high localization accuracy. 

 

Resolution Scaling Can Outperform Model Scaling 

At higher training resolutions, smaller YOLOv11 variants can rival or even outperform larger models 

trained at lower resolutions. For example, YOLOv11-N trained at 1280×1280 achieves substantially 

higher performance than YOLOv11-L trained at 320×320 across all evaluated metrics, including 

mAP@50, mAP@50-95, precision, and recall. Similarly, YOLOv11-S trained at 640×640 matches or 

exceeds the performance of YOLOv11-M and YOLOv11-L trained at 320×320. These results indicate 

that input resolution contributes more strongly to detection performance than model parameter count, 

particularly for small object detection and precise localization. From a practical perspective, this finding 

implies that for compute constrained deployments, prioritizing higher input resolution can be more 

effective than increasing model size. Figure 3(a) and Figure 3(b) further demonstrate that resolution 

scaling often yields larger gains than increasing model size alone. 

 

Anomalous Behavior of YOLOv11-X at Low Resolution 

YOLOv11-X demonstrates unexpectedly poor performance when trained at a resolution of 320×320. At 

this resolution, it records the lowest mAP@50 (0.676) and mAP@50-95 (0.266) among all evaluated 

YOLOv11 variants, with precision and recall also showing substantial degradation. This behavior 

suggests that the representational capacity of very large models is under utilized when spatial detail is 

insufficient, limiting their ability to learn discriminative features effectively. In contrast, at higher 

resolutions (640×640 and 1280×1280), YOLOv11-X becomes competitive and achieves strong detection 

performance. The key implication is that very large models require adequately high input resolution to 

fully exploit their capacity. 

 

Precision-Recall Balance Improves with Resolution 

Precision and recall improve consistently with increasing training resolution across all YOLOv11 

variants. Precision gains indicate reduced false positives, while recall improves markedly from 320×320 

to 640×640, reflecting enhanced detection of small or challenging objects. At 1280×1280, most models 

achieve precision and recall values above 0.96, indicating stable and reliable detection behavior. Overall, 

higher training resolutions strengthen both classification confidence and object coverage, leading to 

more dependable real-world performance. 
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4.2 Inference Time Analysis Across Resolutions and Model Variants 

 

To assess the inference time implications of model and resolution scaling, inference latency was 

evaluated for all fifteen fine-tuned YOLOv11 models. Ten images were randomly selected from the test 

set and independently resized to three inference resolutions: 320×320, 640×640, and 1280×1280. Each 

resized image was then processed by every YOLOv11 variant, irrespective of its training resolution. 

Table 2 reports the per image inference time (in milliseconds), where each column denotes a specific 

YOLOv11 model fine-tuned at a given training resolution (e.g., YOLOv11n_320, indicating the 

YOLOv11-N model fine-tuned on 320×320 images), and each row corresponds to a test image evaluated 

at a particular inference resolution (e.g., 1_640.jpg, where image 1.jpg was resized to 640×640 before 

inference). 

 

Table 2: Image inference times (ms) for YOLOv11 variants trained at different resolutions and 

evaluated on images of various test resolutions. 
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Influence of Model Size on Inference Time 

 

 
Figure 4: Average inference time across YOLOv11 model variants. 

 

An analysis of the YOLOv11 model variants reveals a strong linear relationship between model size and 

inference latency, which can be observed in Figure 4. Across all evaluated input resolutions in Table 2, 

the speed hierarchy remains consistent: YOLOv11n is the fastest, followed sequentially by YOLOv11s, 

YOLOv11m, YOLOv11l, and finally YOLOv11x, which exhibits the highest latency. This trend 

confirms that architectural complexity driven by parameter count and network depth is a primary 

determinant of inference time. 

 

Influence of Image Resolution during Training on Inference Time 

 

 
Figure 5: Effect of training image resolution on inference time for YOLOv11 models. 
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To evaluate the effect of training resolution on model performance, consider the example image 

1_320.jpg. The recorded inference times for the three variants are as follows: YOLOv11n_320 achieves 

61.84 ms, YOLOv11n_640 records 182.37 ms, and YOLOv11n_1280 reaches 340.31 ms. These results 

indicate a clear trend: the model trained at 320×320 resolution exhibits the lowest inference latency, 

whereas the model trained at 1280×1280 resolution incurs the highest latency, with the 640×640 model 

positioned between the two. 

 

Overall, Figure 5 shows that inference time increases monotonically with higher training image 

resolutions, suggesting that models trained on larger input sizes require more computational effort 

during prediction. This behavior suggests that higher training resolutions lead to models with increased 

internal feature map sizes and computational pathways, which persist during inference and result in 

higher execution time. 

 

Effect of Inference-Time Image Resolution on Inference Latency 

Varying the inference image size while keeping model weights fixed shows that inference resolution has 

a comparatively weaker impact on latency. For smaller models (YOLOv11n and YOLOv11s), increasing 

inference resolution results in modest and sometimes non-monotonic latency changes, with similar 

runtimes observed at 640×640 and 1280×1280. For larger models (YOLOv11m, YOLOv11l, and 

YOLOv11x), inference time remains consistently high across all inference resolutions, suggesting that 

runtime is dominated by model depth rather than input size. Overall, inference resolution plays a 

secondary role compared to model scale and training resolution. 

 

Influence of Input Image Content on Inference Time 

An examination of inference times across different images of the same resolution, as shown in Table 2, 

indicates that input image content has minimal effect on prediction latency. For example, using the 

yolov11n_320 model, the recorded times for five distinct images are: 1_320.jpg with 61.84 ms, 

2_320.jpg with 81.29 ms, 3_320.jpg with 58.90 ms, 4_320.jpg with 86.64 ms, and 5_320.jpg with 57.85 

ms. The variation across these samples remains relatively small, generally within 30 ms. 

 

These fluctuations appear to be random rather than systematic, indicating that YOLO inference time is 

largely independent of the visual content within the input image. The computational workload is driven 

primarily by model architecture and input resolution, not by the specific objects or scene complexity 

present in a given image. 

 

Effect of Image Resolution on Larger YOLO Models 

Large models, particularly YOLOv11x, exhibit poor scaling with high resolution inputs. As shown in 

Table 2, average inference time for YOLOv11x increases sharply from approximately 400-550 ms at 

320×320 to 1250-1750 ms at 640×640, and further to 5300-6000 ms at 1280×1280. This nonlinear 

growth arises from the interaction between deep architectures and increasing spatial resolution, which 

amplifies computational cost through larger intermediate feature maps at every network stage. 

In summary, inference latency in YOLOv11 is dominated by model scale and training resolution, while 

inference-time image resolution and input content exert comparatively secondary effects. 
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Conclusion 

 

This study presented a comprehensive evaluation of image resolution sensitivity in YOLOv11 across 

multiple model scales using a controlled experimental setup. The results clearly demonstrate that 

training image resolution is a first-order factor governing detection performance, frequently exerting a 

stronger influence than model scaling. Increasing resolution from 320×320 to 640×640 yields substantial 

gains in accuracy, particularly for small object detection and localization, while further scaling to 

1280×1280 provides diminishing returns for coarse metrics such as mAP@50 but continues to improve 

localization precision measured by mAP@50-95. The analysis further reveals that resolution scaling can 

outperform architectural scaling, enabling smaller models trained at higher resolutions to rival or exceed 

larger models trained at lower resolutions. Inference experiments show that runtime is dominated by 

model size and training resolution, whereas inference-time resolution and image content have 

comparatively minor effects. Overall, these findings provide practical guidance for selecting appropriate 

resolution and model combinations, enabling more informed trade-offs between accuracy and 

computational efficiency in real world YOLOv11 deployments. 
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