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Abstract—Aerial object detection presents challenges from
small object sizes, high density clustering, and image quality
degradation from distance and motion blur. These factors create
an information bottleneck where limited pixel representation can-
not encode sufficient discriminative features. B2BDet addresses
this with a two-stage framework that applies domain-specific
super-resolution during inference, followed by detection using
an enhanced YOLOv5 architecture. Unlike training-time super-
resolution approaches that enhance learned representations, our
method recovers visual information from each input image. The
approach combines aerial-optimized SRGAN fine-tuning with
architectural innovations including an Efficient Attention Module
(EAM) and Cross-Layer Feature Pyramid Network (CLFPN).
Evaluation across four aerial datasets shows performance gains,
with VisDrone achieving 52.5% mAP using only 27.7M parame-
ters. Ablation studies show that super-resolution preprocessing
contributes +2.6% mAP improvement while architectural en-
hancements add +2.9%, yielding +5.5% total improvement over
baseline YOLOv5. The method achieves computational efficiency
with 53.8% parameter reduction compared to recent approaches
while achieving strong small object detection performance.

I. INTRODUCTION

Aerial object detection is important for surveillance, agricul-
ture, urban planning, and disaster response applications [1].
Aerial images pose distinct challenges compared to conven-
tional ground-level imagery: objects appear much smaller
(often ≤ 0.3% of image area), suffer from motion blur and
atmospheric effects, and exist within complex backgrounds [2].
These challenges affect the visual information available for
detection algorithms. When objects occupy only 50-100 pixels
or less in aerial imagery, the limited pixel representation can-
not encode sufficient discriminative features (detailed shape,
texture, and edge information). This creates an information
bottleneck where the primary limitation is insufficient visual
detail in the input imagery, not algorithmic deficiencies.
This information bottleneck manifests as a performance gap
between natural and aerial image detection. As shown in Table
I, state-of-the-art detectors show reduced accuracy on aerial
datasets. For example, YOLOv3 achieves 33.03% mAP on
MS-COCO but only 20.03% on VisDrone2018 [3]. This drop
occurs because natural image datasets like MS-COCO [4] typ-
ically contain large objects against simple backgrounds. Aerial
images instead contain smaller, densely clustered objects with
greater scale variation and complex environmental conditions.
Recent approaches have addressed aerial detection challenges
through specialized architectures [5]–[7], attention mecha-

TABLE I
PERFORMANCE DISPARITY BETWEEN NATURAL AND AERIAL DATASETS.

SOME STATISTICS HAVE BEEN SOURCED FROM [13].

Dataset SSD YOLOv3 RefineDet Faster-RCNN RetinaDet
MS-COCO [4] 26.81 33.03 41.79 41.48 39.13
VisDrone2018 [3] 2.52 20.03 21.07 21.34 31.88

nisms [8], and multi-scale feature fusion [9], [10]. These meth-
ods focus on architectural improvements without addressing
the underlying issue: insufficient visual information in small,
blurred objects. These methods can improve feature extraction
but cannot recover detail absent from the input image.
Super-resolution (SR) techniques can address this information
bottleneck. Zhang et al. [11] developed SR-assisted detection
through training-time super-resolution guidance, where an SR
branch guides backbone learning during training but is dis-
carded during inference for computational efficiency. Their ap-
proach achieves 73.61% accuracy on VEDAI dataset [12] with
18.1× fewer GFLOPs than YOLOv5x by enhancing learned
feature representations without inference overhead. However,
training-time SR approaches have a limitation: they enhance
learned representations but cannot recover visual information
absent in low-resolution test images.

This raises the research question: Can domain-specific
super-resolution preprocessing combined with architectural
adaptations overcome the information bottleneck in aerial
object detection? Furthermore, can inference-time processing
achieve this more effectively than training-time guidance? We
hypothesize that enhancing visual information through aerial-
optimized super-resolution before detection can improve per-
formance compared to architectural improvements alone. This
approach addresses the information bottleneck by recovering
visual detail that is absent in low-resolution inputs.
To test this hypothesis, we present B2BDet (Blurry to Brilliant
Detection), which uses inference-time super-resolution prepro-
cessing combined with domain-specific optimization. Unlike
training-time SR guidance that enhances learned representa-
tions, our approach recovers visual information in each input
image during detection. Our key contributions that distinguish
B2BDet from existing SR-assisted detection methods are:

1) Inference-time SR preprocessing: Unlike training-time
SR guidance [11], we apply super-resolution to each in-
put image during detection, enhancing visual information
rather than learned representations.

2) Domain-specific SRGAN optimization: We develop an
aerial-optimized SRGAN fine-tuned on aerial imagery
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with edge-preserving loss functions specifically designed
for small object detection. This addresses the limitation
of generic SR models that fail to preserve spatial details
for aerial imagery.

3) Post-SR architectural enhancements: We introduce
EAM and CLFPN modules designed to leverage infor-
mation from super-resolved inputs, providing improve-
ments to the preprocessing enhancement.

4) Comprehensive evaluation across four diverse aerial
datasets with systematic ablation studies show that
inference-time super-resolution contributes +2.6% mAP
improvement, while architectural enhancements provide
additional +2.9% mAP improvement, total system im-
provement of +5.5% mAP over baseline methods.

II. RELATED WORK

A. Super-Resolution Assisted Object Detection

Super-resolution and object detection combinations have
been explored to improve small object detection performance.
Zhang et al. [11] proposed SuperYOLO, where the approach
uses an SR branch to guide feature learning during training,
then discards it during inference to avoid computational
overhead. However, training-time approaches enhance learned
representations but cannot recover visual information absent
in low-resolution test images. The information bottleneck
persists at inference time since no actual visual enhancement
occurs during detection.
Our approach applies super-resolution directly to input images
during inference, recovering visual detail rather than relying
solely on enhanced training representations. We also fine-tune
the SR model specifically for aerial imagery characteristics,
whereas existing approaches use more general remote sensing
optimization. Table II summarizes the key methodological
differences between our approach and related works.
B. Aerial Object Detection Architectures

Aerial object detection presents challenges including small
object sizes, high density clustering, and complex backgrounds
[15], [16]. Researchers developed architectures to address these
issues. DSSD [9] introduces deconvolution layers for enhanced
feature resolution, while MSA-YOLO [6] and SCA-YOLO [5]
employ attention mechanisms to focus on relevant features,
with SCA-YOLO achieving 47.4% mAP on VisDrone.
Transformer-based approaches like TPH-YOLOv5 [7] inte-
grate transformer prediction heads for global context modeling,
achieving 48.9% mAP on VisDrone. Multi-scale feature fusion
techniques combine features from different scales to handle the
scale variation common in aerial imagery.
These architectural improvements enhance feature processing
but do not address the underlying issue where small objects
lack sufficient pixel detail. Our EAM and CLFPN modules
complement these approaches by leveraging enhanced visual
information available after super-resolution preprocessing.
C. Super-Resolution for Aerial Imagery

Traditional super-resolution methods for natural images of-
ten fail on aerial imagery due to different challenges: scale

(a)

(b)

Fig. 1. [Zoom-in Requested] Sample aerial image with highlighted regions
for super-resolution comparison. (b) Detailed comparison showing original
crop (left), pretrained ESRGAN [14] result with artifacts and blurring (mid-
dle), and our fine-tuned model producing sharper results with better edge
preservation and detail recovery optimized for aerial imagery (right).

variation, complex textures, and overhead perspective patterns.
SRGAN [17] and ESRGAN [14] have shown promise for
high-quality image upscaling, but generic pretrained models
fail to preserve high-frequency details needed for aerial object
detection.
Generic SR models optimize for perceptual quality in natu-
ral images rather than preserving fine-grained spatial details
needed for small object boundaries in aerial imagery. Domain-
specific optimization should instead prioritize edge preserva-
tion and spatial detail recovery over general perceptual quality.
Our approach uses aerial-specific SRGAN fine-tuning with
edge-preserving loss functions designed to enhance small
object detectability rather than general image quality. Figure
1 illustrates the quality of our domain-specific approach com-
pared to generic pretrained models on aerial imagery.

III. METHODOLOGY

A. Problem Formulation

Let I = {I1, I2, ..., IN} denote aerial images where each
image Ii ∈ RH×W×3 contains objects Oi = {o1, o2, ..., oKi

}.
Each object ok is characterized by its bounding box coordi-
nates (xk, yk, wk, hk) and class label ck.
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TABLE II
METHODOLOGICAL COMPARISON WITH RELATED WORKS

Characteristic SuperYOLO TPH-YOLOv5 SCA-YOLO DSSD B2BDet
SR Enhancement Training ✗ ✗ ✗ Inference
Attention Mechanism ✗ Transformer Spatial ✗ Efficient
Multi-scale Fusion Standard Enhanced Standard Deconv Adaptive
Input Enhancement ✗ ✗ ✗ ✗ ✓
Domain-specific SR ✗ ✗ ✗ ✗ ✓

The aerial object detection problem has a key constraint: object
area ratio ρk = wk·hk

H·W < τ where τ = 0.003 for the majority of
instances in aerial datasets. This small object constraint creates
an information bottleneck.
The information bottleneck in aerial object detection arises
when objects contain insufficient pixels to encode discrimi-
native visual features. For an object with area Aobj pixels, the
theoretical information capacity is bounded by log2(Aobj) bits.
When Aobj < 100 pixels, which is common in aerial imagery,
this capacity becomes limited.
The challenge of object detection can be formally characterized
using the concept of mutual information I(X;Y ) between
visual features X extracted from the object region and object
labels Y : I(X;Y ) = H(Y )−H(Y |X)
For small aerial objects, the conditional entropy H(Y |X)
remains high because the limited visual features X provide
insufficient information to distinguish between object classes.
When objects are heavily downsampled, such as a car reduced
to 8×8 pixels, the visual features become nearly uninformative:
H(Y |X) ≈ H(Y ) = log2 |O|
This yields I(X;Y ) ≈ 0, indicating minimal discriminative
information. The information bottleneck comes from the basic
limitation that small objects cannot encode sufficient visual
detail. Our approach addresses this: super-resolution prepro-
cessing increases the information capacity by enhancing visual
detail before detection.

B. Aerial-Optimized Super-Resolution Framework

We formulate aerial super-resolution as a constrained opti-
mization problem. Given low-resolution aerial image ILR ∈
Rh×w×3, we seek to recover high-resolution image ISR ∈
Rrh×rw×3 where r is the scaling factor.
The generator network Gθ : Rh×w×3 → Rrh×rw×3 is
optimized via:

θ∗ = argmin
θ

EILR∼paerial
[Ltotal(Gθ(ILR), IHR)] ,

where paerial represents the distribution of aerial imagery,
assumed distinct from natural image distributions.
The total loss combines pixel fidelity, perceptual quality, and
edge preservation:

Ltotal = LMSE+λadvLadv+λedgeLedge+λperceptualLperceptual,

where the edge loss term Ledge = 1
N

∑N
i=1 ||∇I

(i)
HR −

∇Gθ(I
(i)
LR)||1, is crucial for aerial imagery as edge information

carries high-frequency details essential for object boundaries
and shapes. For small objects, the relationship between edge
clarity and detectability can be expressed as: Detectability ∝
Edge_Sharpness×Perimeter

Area

Fig. 2. B2BDet framework overview showing the two-stage approach: Stage
1 applies aerial-optimized super-resolution using custom SRGAN, Stage 2
performs object detection using enhanced YOLOv5 with EAM and CLFPN
modules for improved multi-scale feature processing.

Small objects with well-preserved edges provide higher infor-
mation density than blurred objects of the same size. Thus,
preserving edge gradients through super-resolution directly
addresses the information bottleneck by recovering high-
frequency spatial details lost in low-resolution imagery.
Fig. 1 shows the results of our domain-specific fine-tuning
approach. Pretrained ESRGAN models exhibit artifacts and
blurring when applied to aerial imagery. Our fine-tuned model
produces sharper, clearer results with better preservation of
edge information and fine details for aerial imagery.
C. Enhanced YOLOv5 Architecture

Our custom YOLOv5 architecture has two key architectural
enhancements designed to improve feature representation and
multi-scale object detection.
Efficient Attention Module (EAM): We reformulate tradi-
tional attention mechanisms for aerial imagery constraints.
Given feature map F ∈ RH′×W ′×D, our EAM computes:

EAM(F) = F+ σ (Wv · Attention(F)) ,

Attention(F) = Softmax
(
(WqF)(WkF)

T

√
dk

)
(WvF),

where Wq,Wk,Wv ∈ RD×d are learned projection matrices
with d = D/4 for computational efficiency, achieving 4×
reduction compared to standard attention while maintaining
representational capacity.
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TABLE III
PERFORMANCE AND EFFICIENCY COMPARISON ON VISDRONE DATASET

Method mAP50 APS Params FLOPs FPS
(%) (%) (M) (B)

Cascaded Zoom-in [18] 58.3 26.1 - - 8.4
TPH-YOLOv5 [7] 48.9 33.8 60.0 207.0 18.5
SCA-YOLO [5] 47.4 32.1 65.1 142.3 24.2
MSA-YOLO [6] 34.7 21.2 58.3 - 25.6
YOLOv4 [19] 30.7 18.5 64.2 - 22.8
B2BDet (Ours) 52.5 38.9 27.7 109.5 27.3

Cross-Layer Feature Pyramid Network (CLFPN): Tradi-
tional FPN assumes linear feature combination, insufficient
for aerial imagery’s extreme scale variation. Our CLFPN
implements adaptive cross-scale fusion:

Yi = WFi




L⊕

j=i

αi,j · Ui←j(Lj)


 ,

αi,j =
exp(wT

i,j · GAP(Lj))∑L
k=i exp(w

T
i,k · GAP(Lk))

,

where
⊕

denotes element-wise addition, Ui←j represents
upsampling from layer j to resolution of layer i, αi,j are
learned attention weights, and GAP is Global Average Pooling.
For objects with scale sk, the optimal feature resolution r∗

minimizes the detection error:

r∗ = argmin
r

Esk [Ldetection(sk, r)] .

Our CLFPN approximates this by adaptively weighting fea-
tures from multiple resolutions based on content analysis. Fig.
2 illustrates the complete B2BDet framework, showing the
integration of our aerial-optimized super-resolution with the
enhanced YOLOv5 architecture.

D. Training Protocol

The components are trained separately. Stage 1 trains SR-
GAN using alternating gradient descent:

θt+1 = θt − ηG∇θLtotal(θt, ϕt),

ϕt+1 = ϕt − ηD∇ϕLadv(θt, ϕt).

Stage 2 data augmentation techniques include mosaic augmen-
tation with probability 1.0, mixup with probability 0.2, random
affine transformations, and color space augmentations.

IV. EXPERIMENTAL EVALUATION

A. Datasets and Implementation

We evaluate B2BDet on four aerial datasets:
VisDrone: 6,471 drone-captured images with 343,205 object
instances, emphasizing small object detection with majority of
objects smaller than 0.3% of image area [3].
SeaDroneSee: 2,900+ maritime images annotated with search
and rescue objects like swimmers, boats, and buoys [20].
VEDAI: 1,433 images focusing on vehicle detection with
annotations for 8 vehicle classes [21].
NWPU VHR-10: 800 geospatial images with 10 classes at
very high resolutions of 0.5-2m per pixel [22].
The super-resolution model was trained on NVIDIA A100

TABLE IV
COMPREHENSIVE ABLATION STUDY ON VISDRONE DATASET

Method SR EAM CLFPN mAP50 APS

(%) (%)
Baseline YOLOv5 × × × 47.0 28.3
+ Generic SRGAN ✓ × × 48.1 32.1
+ Fine-tuned SRGAN ✓ × × 49.6 35.8
YOLOv5 + EAM × ✓ × 48.2 30.1
YOLOv5 + CLFPN × × ✓ 48.7 31.5
YOLOv5 + EAM + CLFPN × ✓ ✓ 49.1 32.2
B2BDet (Full) ✓ ✓ ✓ 52.5 38.9

Component Analysis
Component mAP50 Gain APS Gain
Super-Resolution +2.6% +7.5%
EAM +1.2% +1.8%
CLFPN +1.7% +3.2%
Total System +5.5% +10.6%

GPU with batch size 16 and 4000 iterations using ADAM with
learning rate 1e−4. SR-YOLOv5 was trained for 100 epochs.
We used cosine scheduling and early stopping.

B. Evaluation Metrics

We evaluate our method using standard object detection
metrics following the COCO evaluation protocol [4]. The
primary metric is mean Average Precision (mAP), calculated
as: mAP = 1

|C|
∑|C|

c=1 APc, where |C| is the number of classes
and APc is the Average Precision for class c, computed as:
APc =

∫ 1

0
Pc(R) dR, where Pc(R) is the precision-recall

curve for class c. Precision and recall are defined as:

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

,

where TP, FP, and FN denote true positives, false positives,
and false negatives, respectively. A detection is considered a
true positive if the Intersection over Union (IoU) with ground
truth exceeds a threshold τ :

IoU =
Area(Bpred ∩Bgt)

Area(Bpred ∪Bgt)
.

We report mAP@0.5 with IoU threshold τ = 0.5 as the
primary metric, along with APS for small objects with area
< 322 pixels. Given the prevalence of small objects in aerial
imagery, APS serves as an important indicator of method
effectiveness for aerial applications.
C. Comparison with State-of-the-Art

Table III compares B2BDet with recent methods on perfor-
mance and efficiency. Figure 3 shows detection in a sample
image. Our method does not achieve the current state-of-
the-art of 58.3% by Cascaded Zoom-in. However, B2BDet
achieves good efficiency with 53.8% fewer parameters than
comparable methods. It also achieves the best small object
detection performance with APS of 38.9%.
D. Ablation Study and Analysis

We evaluate each component’s contribution through ablation
studies on VisDrone. Table IV shows the impact of super-
resolution preprocessing and architectural enhancements.
Individual module testing shows EAM provides +1.2% im-
provement with stronger benefits for small objects (+1.8%
in APS). CLFPN contributes +1.7% improvement with more
balanced improvements across object sizes. Super-resolution
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TABLE V
CROSS-DATASET PERFORMANCE COMPARISON

Dataset Baseline YOLOv5 B2BDet Improvement
mAP50 (%) mAP50 (%) (%)

VisDrone 47.0 52.5 +5.5
SeaDroneSee 67.8 76.0 +8.2
VEDAI 71.2 77.5 +6.3
NWPU VHR-10 83.7 90.5 +6.8

preprocessing alone achieves +2.6% improvement. This im-
provement is largest for small objects (+7.5% in APS). The
complete B2BDet framework achieves +5.5% improvement
over baseline.
E. Cross-Dataset Evaluation

We evaluate B2BDet across all four aerial datasets in Table
V. The improvements range from +5.5% to +8.2% across
different imaging conditions, showing that our approach works
well across datasets. The method shows strong performance
on maritime scenarios with SeaDroneSee achieving +8.2%
improvement. It also performs well on high-resolution imagery
with NWPU VHR-10 achieving +6.8% improvement. This
indicates that the domain-specific super-resolution handles
various aerial imaging challenges.
F. Efficiency Analysis

Table III shows that architectural optimizations achieve
computational efficiency with large parameter reduction.

V. DISCUSSION

Our approach demonstrates the effectiveness of combining
domain-specific super-resolution with architectural optimiza-
tions for aerial object detection. The +5.5% mAP improvement
over baseline YOLOv5 shows that preprocessing enhancement
and architectural innovation can work combinedly.
However, our method does not achieve the current state-of-the-
art performance on VisDrone (58.3% by Cascaded Zoom-in
Detector). Our contribution lies in providing an efficient alter-
native with significantly fewer parameters (27.7M vs 60M+)
while maintaining competitive accuracy. The approach offers
a favorable trade-off between accuracy and computational
efficiency, important for real-time aerial applications.
Key Findings: The +2.6% mAP improvement from super-
resolution preprocessing validates domain-specific fine-tuning
over generic SR models. EAM and CLFPN architectural
enhancements complement super-resolution effectively, pro-
viding +2.9% additional improvement. Improvements on chal-
lenging small object classes confirm the method’s effectiveness
for difficult aerial detection scenarios.
Theoretical Insights: For small aerial objects, the conditional
entropy H(Y |X) remains high because limited visual fea-
tures X provide insufficient information to distinguish be-
tween object classes. Our domain-specific SRGAN with edge-
preserving loss functions addresses this information scarcity
by recovering high-frequency spatial details that increase de-
tectability before detection.
Training Data Distribution Impact: We observe a notable
correlation between the number of training instances per
object class and detection performance. On VisDrone, the car
category with over 200,000 training instances achieves high

Ground Truth Predicted

Unannotated Detected

Fig. 3. Example from VisDrone dataset where ground truth annotations (left)
fail to label certain objects, while our B2BDet (right) successfully detects
them, leading to underestimation of actual performance in standard evaluation
metrics.

performance (87.8% AP), while the awning tricycle category
with only 4,000 instances results in significantly lower perfor-
mance (31.7% AP). This relationship follows an approximate
logarithmic trend:

APclass = α log(Ninstances) + β,

where empirical analysis yields α ≈ 8.3 and β ≈ −12.7
across VisDrone classes. The data imbalance is challenging for
aerial detection where certain object types (vehicles) naturally
appear more frequently than others (specialized equipment).
Our method shows improved robustness to this imbalance
compared to baseline approaches, with smaller performance
gaps between well-represented and under-represented classes,
though the fundamental data distribution challenge remains.
Evaluation Challenges in Aerial Detection: An interesting
observation during our evaluation concerns incomplete an-
notations in aerial datasets, where our model detects valid
objects that are not marked in the ground truth, as illustrated
in Fig. 3. This phenomenon is observed for small or distant
objects like vehicles and pedestrians, where manual annotation
can be challenging due to their size and visual similarity to
background elements. These detections are counted as false
positives in standard evaluation metrics. This suggests that
quantitative improvements may be underestimated and high-
lights the need for more comprehensive annotation protocols
in aerial detection benchmarks.
Limitations: Performance degrades for extremely small ob-

jects (≤10 pixels) and heavily occluded instances. The two-
stage pipeline introduces computational overhead compared
to single-stage methods. Performance may degrade on aerial
imagery from different domains without additional fine-tuning.
Additionally, the method’s sensitivity to image quality means
that heavily compressed or noisy input images can negatively
impact both super-resolution and detection performance.
Broader Research Implications: This research demonstrates
that preprocessing enhancement combined with domain-
specific architectural adaptation can address fundamental lim-
itations in challenging computer vision applications. The
method may also be useful for other small object detection
domains, such as medical imaging or microscopy.
Future Research Directions: Directions include end-to-end
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optimization of super-resolution and detection components,
real-time optimization for resource-constrained drone plat-
forms, and integration of advanced super-resolution techniques
such as diffusion models. Adding contextual information could
further improve detection in dense, occluded scenarios.

VI. CONCLUSIONS

This work establishes inference-time super-resolution as an
effective paradigm for addressing the fundamental information
bottleneck in aerial object detection. B2BDet recovers visual
detail from input images rather than relying on enhanced
training representations. This shows that preprocessing en-
hancement can work together with architectural innovation to
improve small object detection performance. Comprehensive
evaluation across four diverse datasets validates the method’s
generalization capability and establishes a practical paradigm
for aerial object detection when computational resources are
constrained. As drones become more widespread in surveil-
lance, agriculture, and disaster response operations, the de-
mand for efficient and accurate small object detection contin-
ues to grow. Our approach provides a practical solution for
deployment in these expanding drone-based applications.
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