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Abstract: Addressing the challenge of efficiently detecting objects in ultra-high-resolution images
during object detection tasks, this paper proposes a novel method called MegaDetectNet, which
leverages foreground image for large-scale resolution image object detection. MegaDetectNet utilizes
a foreground extraction network to generate a foreground image that highlights target regions, thus
avoiding the computationally intensive process of dividing the image into multiple sub-images for
detection, and significantly improving the efficiency of object detection. The foreground extraction
network in MegaDetectNet is built upon the YOLOv5 model with modifications: the large object
detection head and classifier are removed, and the PConv convolution is introduced to reconstruct
the C3 module, thereby accelerating the convolution process and enhancing foreground extraction
efficiency. Furthermore, a Res2Rep convolutional structure is developed to enlarge the receptive
field and improve the accuracy of foreground extraction. Finally, a foreground image construction
method is proposed, fusing and stitching foreground target regions into a unified foreground image.
This approach replaces multiple divided sub-images with a single foreground image for detection,
reducing overhead time. The proposed MegaDetectNet method’s effectiveness for detecting objects
in ultra-high-resolution images is validated using the publicly available DOTA dataset. Experimental
results demonstrate that MegaDetectNet achieves an average time reduction of 83.8% compared to
the sub-image division method among various commonly used object detectors, with only a marginal
8.7% decrease in mAP (mean Average Precision). This validates the practicality and efficacy of the
MegaDetectNet method for object detection in ultra-high-resolution images.

Keywords: ultra-high-resolution images; object detection; foreground extraction network; foreground

image

1. Introduction

With the continuous advancement of photography equipment and image acquisition
technology, obtaining ultra-high-resolution images has become more accessible. These high-
resolution images find extensive applications in various domains, such as remote sensing,
medical imaging, and surveillance. However, due to their complexities and computational
demands, fast object detection in ultra-high-resolution images remains challenging. Directly
inputting such large images into detection models may lead to losing crucial details after
multiple downsampling steps, making it challenging to detect numerous small objects.
Conversely, it would require substantial memory resources during forward propagation to
reduce the downsampling frequency, potentially exhausting GPU resources and hindering
proper training and inference. In light of this, an effective solution to address the object
detection problem in ultra-high-resolution images involves reducing the image resolution
before detection.
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Several methods for object detection in large-resolution images have been proposed.
Some approaches involve dividing the image into multiple sub-images for detection [1-5],
while others employ multiscale fusion strategies to detect features at different resolu-
tions [6-8]. Additionally, attention mechanisms have been incorporated to enhance de-
tection performance by focusing on regions of interest [9-11]. However, both multiscale
strategies and attention mechanisms encounter challenges when applied to ultra-high-
resolution images, as striking a balance between detection accuracy and GPU memory
resources becomes intricate. While these strategies are effective with aerial remote sensing
datasets of resolutions below 2000 x 2000, their efficacy diminishes when dealing with
larger image resolutions, as exemplified by the DOTA dataset [12] (with a maximum image
resolution of 13,383 x 4287). Additionally, subdividing images into sub-images, though
advantageous for enhancing detection precision, brings about substantial computational
overhead in the case of object detection in ultra-high-resolution images. The generation
and retention of numerous sub-images incur storage and time-related costs.

Ultra-high-resolution images typically exhibit low foreground-to-background ratios,
as evident in the DOTA dataset, with an average foreground ratio of only 0.042 [12]. For
images with resolutions of 10,000 x 10,000, the optimal size of the foreground image is
only 420 x 420, which can be directly input into the object detection model. Based on
this characteristic, this paper proposes a novel method for object detection in ultra-high-
resolution images. The approach involves utilizing a foreground extraction network to
obtain approximate target regions of the image, which are then appropriately scaled and
stitched to form a single foreground image for detection. The proposed MegaDetectNet
converts the challenging task of detecting ultra-high-resolution images into foreground
images by eliminating redundant background information. On the DOTA dataset, which
contains diverse high-resolution aerial remote sensing data, MegaDetectNet achieves
an average time reduction of 83.8% compared to mainstream sliding window cropping
methods used in the field of super-resolution object detection, with only a mere 8.7%
decrease in mAP.

The primary contributions of this paper are as follows:

1. A foreground extraction network is designed based on a YOLOvV5 [13] model of
size S in version 6.0. This network eliminates the large object detection head and
target classification structure. It reconstructs the C3 feature extraction module using
the partial convolution (PConv) structure, thus reducing the foreground extraction
network’s model complexity and computational load while effectively enhancing
its efficiency.

2. A Res2Rep convolutional structure for multiscale feature extraction is constructed
using a cascading residual network and reparameterization method, effectively enlarg-
ing the foreground extraction network’s receptive field and enhancing the precision
of foreground extraction.

3. Anovel greedy strategy for generating foreground images is introduced. This strategy
involves aggregating and extending the results of foreground extraction to delin-
eate foreground regions, which are then scaled and concatenated to construct the
foreground images. The approach circumvents the resource overhead of recurrently
detecting numerous sub-images by shifting from sub-image detection in ultra-high-
resolution images to foreground image-based detection. Simultaneously, this strategy
ensures the precision of object detection in ultra-high-resolution images by accommo-
dating various foreground area sizes.

2. Related Work
2.1. Object Detection

Object detection involves locating objects of interest in images, determining their
categories, and providing bounding box position information. Deep learning-based object
detection algorithms can be categorized into two-stage and one-stage algorithms. Two-
stage algorithms generate and refine candidate regions to obtain detection results, achieving
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higher accuracy but slower detection speeds (e.g., Faster RCNN [14] and Mask RCNN [15]).
One-stage algorithms directly provide detection results without candidate generation,
offering faster detection but potentially lower accuracy (e.g., YOLO [16,17], RetinaNet [18],
SSD [19], and FCOS [20]).

The foreground region used in this paper resembles the candidate regions in two-
stage algorithms. Prior works [21-25] on object detection have utilized foreground regions
or region-of-interest approaches, designing efficient and accurate foreground detectors.
However, these methods solely perform pre-localization for each object position to ensure
more precise detection results without applying foreground regions to address challenges in
ultra-high-resolution image object detection and rapid foreground region extraction tasks.

2.2. Object Detection in Ultra-High-Resolution Images

Object detection in satellite remote sensing and aerial imagery is a significant ap-
plication area of current object detection technologies. However, these images typically
possess enormous resolutions (e.g., 10,000 x 10,000), making direct input into detection
models challenging. Moreover, most objects in these images are tiny (e.g., 10 x 10) and
often clustered together, making recognition difficult.

Currently, three main approaches address object detection in large-resolution images
include: sub-image division, multiscale strategies, and attention-based methods.

The sub-image division approach, initially proposed by Van et al. [1], involves dividing
the ultra-high-resolution image into multiple sub-images and merging the detection results
of each sub-image to obtain the final detection results for the entire image. This approach
includes sliding window cropping and random center point cropping. Random center
point cropping segments sub-images based on the center points of object bounding boxes,
resulting in many duplicated sub-images when objects are densely distributed, making it
less suitable for detecting objects in ultra-high-resolution images. Sliding window cropping
has been widely used in object detection tasks for ultra-high-resolution images, typically
employing a crop size of 1024 [2-4]. However, the sub-image division approach may
encounter issues such as missed or duplicated object detections when objects span across
sub-image boundaries, and high computational and memory costs, making it unsuitable
for fast object detection scenarios.

Multiscale strategies involve scaling the image to different resolutions to create an
image pyramid, extracting features from each scale, and performing object detection using
features from each scale. SNIP [26] proposes detecting small objects with enlarged feature
maps and large objects with downscaled feature maps to reduce resource consumption in
feature detection. PANet [27] enhances the feature pyramid by incorporating bidirectional
connections between scales. RDN [7] and ThunderNet [28] merge features from different
scales to reduce computation costs. GiraffeDet [29] introduces cross-scale connections to
fuse features from the previous and current layers to cope with extreme scale variations.
QueryDet [30] predicts the rough positions of small objects on low-resolution features and
computes accurate positions on high-resolution features.

Attention-based methods leverage spatial or channel-wise attention mechanisms to
weigh the input features and enhance their perception capabilities in spatial and channel
dimensions to recognize small objects in large-resolution images. To detect subtle small
objects in large-resolution images, MViTv2 [31] proposes a pooling attention mechanism,
DESTR [31] introduces cross-attention for both classification and regression branches, and
Zhu et al. [32] propose a bidirectional cross-attention mechanism.

However, both multiscale strategies and attention-based methods have limited capa-
bilities in handling ultra-high-resolution images, demonstrating excellent performance at
relatively high resolutions (e.g., 2000 x 2000) but still needing help to handle even larger
resolution images (e.g., 10,000 x 10,000).
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High-res Image

3. Methodology

This framework aims to enhance the detection performance of object detection models
on ultra-high-resolution images. As described in Figure 1, the detection process involves
using a foreground extraction network to generate a foreground image and subsequently
performing object detection on this map using a general detector. The detection results are
returned to the original ultra-high-resolution image to obtain the final detections.

Foreground

Extractor Detector

Foreground Image l

Coordinate
mapping

—>

Foreground Image
Detection Result

>

Figure 1. Pipeline of MegaDetectNet.

3.1. Foreground Extraction Network

We designed a network based on YOLOVS5 version 6.0 [13] to ensure efficient fore-
ground extraction, as illustrated in Figure 2. The foreground extraction network consists of
three main components: Backbone, Neck, and Head. The Backbone component is respon-
sible for extracting image features, the Neck component fuses shallow and deep features
to obtain comprehensive feature representations, and the Head component focuses on
detecting target positions. Both the CBS and SimSPPF modules are integral constituents
of the YOLO series algorithms. The CBS module embodies a fundamental convolutional
structure encompassing convolutional layers, batch normalization layers, and activation
functions. Meanwhile, the SImSPPF module is a spatial pyramid module designed to
facilitate multi-scale feature fusion.
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Figure 2. Architecture of the foreground extraction network. The blue square represents the detection
head of the foreground extraction network. Below each module, the shapes of the respective output

feature maps are indicated.
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To address the challenges of foreground region extraction in ultra-high-resolution
images, we made the following design choices:

1. Weremoved the detection head and classifier for large objects to reduce computational
complexity and improve foreground region extraction efficiency.

2. To further enhance the extraction efficiency, we introduced the C3Faster module,
which uses the PConv convolution structure to achieve rapid feature map dimen-
sion reduction.

3. To effectively increase the receptive field and enhance foreground region extraction
accuracy, we designed the Res2Rep convolution structure based on the Res2Net network.

3.1.1. Removal of Large Object Detection Head and Classifier

Ultra-high-resolution images have enormous object sizes, and objects are often clus-
tered together, as shown in Figure 3. After multiple downsampling operations, large objects
become medium-sized, and small objects may become difficult to detect or even disappear.
The detection head for large objects struggles to detect targets. When the foreground ex-
traction network detects medium-sized and small objects, the merged sub-regions already
encompass most small objects. Expanding the object regions outward from their center
points ensures that the foreground image includes more small objects. Since small objects
are usually clustered with large or medium-sized objects in ultra-high-resolution images,
appropriately enlarging the foreground regions ensures the coverage of most objects. There-
fore, we removed the large object detection head from YOLOVS5 and retained the detection
heads for medium-sized and small objects, as shown in Figure 2.

Figure 3. Some ultra-high-resolution images from the DOTA dataset.

After removing the large object detection head, we significantly reduced the model
size of the foreground extraction network, saving computational resources while covering
most small objects in the foreground regions. Additionally, since foreground extraction
only requires object localization without object classification, we removed the classifier to
improve foreground extraction efficiency.

3.1.2. C3Faster Structure

In YOLOVS, the C3 module is the primary module for learning residual features. It
consists of two branches: one with multiple stacked bottlenecks and three basic convolution
modules, and the other with a single basic convolution module. The outputs from both
branches are concatenated. The bottleneck module, composed of two convolutional layers,
one 1 x 1 convolutional layer and one 3 x 3 convolutional layer, reduces parameter count
while deepening the network, resulting in faster computational speeds.

Research [33-35] indicates that features from different channels exhibit high similarity.
A new convolution structure called PConv (Partial Convolution) was introduced [33], which
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addresses the challenge of high computational complexity in conventional convolution
(Conv) by leveraging the redundant characteristics of feature maps. It applies conventional
convolution only to some input channels, effectively representing the entire feature map
with reduced FLOPs. Typically, PConv achieves similar effectiveness as conventional
convolution but with only 1/4 of the FLOPs. Experimental results [33] demonstrate the
effectiveness of PConv in extracting spatial features.

Considering the imperative for a faster feature extraction process and lighter model
weights within the foreground extraction network, we have designed the FasterBlock
module based on the PConv convolutional structure. This module aims to replace the
bottleneck section within the C3 module, giving rise to the C3Faster architecture, as depicted
in Figure 4.
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Figure 4. Comparison of C3 and C3Faster architectures. (a) C3 structure; (b) C3Faster structure.

Specifically, the PConv convolution performs a 3 x 3 convolution on input feature
maps with a channel ratio 1/4. The convolution result is then concatenated with the remain-
ing 3/4 feature channels, yielding the convolutional output of PConv. We have omitted the
second non-linear transformation within the FasterBlock module to alleviate the computa-
tional burden, retaining only the convolution operation. By enhancing the feature extraction
capability of the FasterBlock module without compromising detection accuracy, we have
successfully accelerated detection speed while diminishing computational overhead.

3.1.3. Res2Rep Structure

The RepVGG [36] structure is a reparameterized architecture with multiple branches
during training, which can be merged into a single 3 x 3 convolution during deployment, as
shown in Figure 5. RepVGG effectively utilizes the computational power of GPUs through
3 x 3 convolutional structures. Experiments show that YOLOV6 [37] reduces hardware
delays and significantly improves the algorithm’s precision by adopting RepVGG.
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Figure 5. RepVGG structure reparameterization from training to inference.

Res2Net [38] replaces conventional 3 x 3 convolutions with multi-level residual con-
nections to output multiscale features and increase the receptive field, as shown in Figure 6.
Each level of 3 x 3 convolution takes the feature information output by the previous level
as part of its input, increasing the receptive field for each convolution. As a result, Res2Net
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obtains features with different sizes of receptive fields, enabling simultaneous extraction
of detailed and global features. Experimental results [38] demonstrate significant perfor-
mance improvements after integrating the Res2Net module into various models, verifying
its effectiveness.
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Figure 6. Architecture of Res2Rep.

Based on Res2Net and RepVGG, we propose a Res2Rep module, redesigning the
3 x 3 convolution structure in the Res2Net module through structural reparameterization,
as shown in Figure 6. Incorporating the Res2Rep module into the foreground extraction
network increases the effective receptive field, enhances the model’s representational
capability and foreground extraction accuracy, and fully leverages hardware computational
power, significantly reducing inference latency.

3.2. Foreground Image Processing
3.2.1. Foreground Image Generation

Since the coverage of small and medium-sized objects in the detection results of the
foreground extraction network is relatively low, the detected bounding boxes are expanded
by a particular ratio to form new target regions, denoted as B.oarse. This approach aims to
maximize the coverage of all objects in the original image. A greedy foreground region
generation algorithm, as described in Algorithm 1, is proposed in this paper to merge the
target regions.

Specifically, the expanded target region Beoarse is taken as input, and the first target
region to be merged is selected as A. For each target region B in Beogyse, if there is an inter-
section between A and B, the boundary information of the merged region C is calculated.
Then, the region information of A is updated to match that of C, and B is removed from
the remaining target regions in Bearse. This process is repeated until all target regions to
be merged have been processed, resulting in a foreground sub-region denoted as A. The
above process is iteratively performed until no target regions are left for merging.

The foreground region generation algorithm merges the detection results of the fore-
ground extraction network into foreground aggregation regions. This paper adjusts the size
of all foreground aggregation regions by scaling them by factors of 4, 2x, 1, and 0.7 x
to control the size of the foreground image and improve the accuracy of small object recog-
nition. The areas smaller than a threshold are enlarged, while those more significant than
another are reduced (the thresholds are set to 32 x 32, 96 x 96, and 288 x 288, respectively).
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Algorithm 1: Foreground Region Generation

Input: Bounding boxes Beoarse
Output: Merged regions Biegjon
1: Initialize The list of Merged regions Bcoarse
2: while Bgygrse # @ do
3: Beoarse <= Beoarse — {A}
for all B € Byygrse do
if (JA| +|B|) > |C| then
A=C
Beoarse <= Beoarse — { B}
end if
end for
10:  Byegion < Bregion U {A}
11: end while
12: return Brggion

Finally, the scaled foreground regions are concatenated into a foreground image using
a greedy strategy. The foreground regions are sorted in descending order of their height.
Based on the current available space, the foreground regions to be concatenated are divided
into four priority levels: fully matching in height and width, slightly smaller width with
matching height, slightly smaller height with matching width, and slightly smaller in both
height and width. The priority is determined, and the foreground region with the highest
priority is selected and concatenated into the available space. If multiple regions have the
same priority, the one with the greatest height is chosen. This process is repeated until no
foreground regions are left to be concatenated. The width of the blank space is adjusted
based on the height of the concatenated result to generate the foreground image. The
process is repeated until the foreground image with the smallest area is obtained.

3.2.2. Foreground Coordinate Mapping

The foreground image is used as input for the general detector to obtain the detection
results of the foreground image. By mapping the position information of the sub-regions,
the detection results can be transformed into the detection results of the original ultra-high-
resolution image.

After concatenating the foreground image, the information of each foreground sub-
region is represented as r = [xregn, Yregl1, Xreg22, Yreg22, Scale, x! ,ggll,y’ reg11/ x! reg22/ y ,egzz],
where (Xyeg11, Yreg11) and (Xreg22, Yreg22) are the coordinates of the upper-left and lower-right
corners of the sub-region in the original ultra-high-resolution image, and (x’ regll, Ve gll)
and (x';eg20, Y reg22) are the coordinates of the upper-left and lower-right corners of the sub-
region in the foreground image, with scale representing the scaling factor of the foreground
region. In the detection results of the foreground image, (x'opj11,y’ objll) and (X' gpj22, ¥’ obj22)
are the coordinates of the upper-left and lower-right corners of the detection box in the
foreground image.

We compute the intersection area between the bounding box and each foreground
region to find the corresponding region for each bounding box. The region containing the
bounding box is the region with the largest intersection area. To address cases where the
bounding box boundary exceeds the boundary of the foreground region, we adjust the
boundary to match the boundary of the corresponding foreground region. Subsequently,
we employ Equation (1) to calculate the position of the bounding box in the ultra-high-
resolution image.

{ tob]ill i tregll i‘ (t:Obj:ll : t:regll) x scale te {xl]/} 1)
tob]22 = trega2 (t 0bj22 t reg22) X scale
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4. Experimental Results and Analysis
4.1. Experimental Data

This study evaluates the effectiveness of the proposed model on the DOTA remote
sensing dataset [12]. The DOTA dataset is currently the largest and most diverse dataset
in aerial object detection, containing 2806 high-resolution aerial images. The images have
a maximum resolution of 13,383 x 4287 and a minimum resolution of 475 x 547, with a
median resolution of 4000 x 4000. The dataset is divided into validation, test, and training
sets in a 1:2:3 ratio.

The dataset includes 15 common object categories with a total of 188,282 instances.
The dataset is characterized by numerous small objects, as nearly all object sizes are within
5% of the image dimensions [12]. In alighment with convention [12], the object pixel size
was evaluated using the height of the bounding boxes in HBB format. The statistical
distribution of pixel values for specific object bounding boxes in the DOTA dataset is
presented in Table 1.

Table 1. Object size distribution in the DOTA dataset.

Object Size 10-50 Pixel 50-300 Pixel Above 300 Pixel
Ratio 0.57 0.41 0.02

The downscaling factor of the input image is estimated based on the general image
resolution of 4000 x 4000. Assuming the input image is downscaled to 1024 x 1024 before
input to the foreground extraction network, and the network performs three downsampling
convolutions on the input image, the final two feature maps have sizes of 256 x 256 and
128 x 128, respectively. The 256 x 256 feature map is responsible for detecting small objects.
At this point, the receptive field size of each feature map in the original ultra-high-resolution
image is 15.6 x 15.6 pixels, meaning the network may have difficulty learning relevant
features to detect objects with widths or heights smaller than 15.6 pixels. Based on the
statistical results in Table 1, 15.6 pixels are sufficient to detect most objects, so this paper
downsamples the ultra-high-resolution images in the DOTA dataset to 1024 x 1024 before
inputting them to the foreground extraction network.

4.2. Implementation Details and Evaluation Metrics

We implement the foreground extraction network on Pytorch 1.10.2. All of our experi-
ments use an NVIDIA RTX3090 GPU for training and testing. The training settings for the
general detector are consistent with those in the original literature. In the experimental
section of this paper, the training configurations for the general detectors remain consis-
tent with the original literature. The foreground extraction network is trained based on a
YOLOvVS5 model with a dimension of S [13]. Specific training settings entail a batch size
of 8 and 300 epochs. Training employs the SGD optimizer, with an initial learning rate of
3 x 10~* and a learning rate decay factor of 0.12.

The loss curve is illustrated in Figure 7. Within YOLOVS5, three loss functions are
employed: classification loss, bounding box localization loss, and object confidence loss.
The localization loss quantifies the positional error between predicted and annotated
boxes, the classification loss assesses the precision of predicted class assignments, and the
confidence loss determines the presence of objects. Given that the foreground extraction
network eliminates the target classification component of YOLOV5, we depict the curves
for localization loss and confidence loss while omitting the classification loss curve.

To evaluate the effectiveness of our proposed method, we select the following evalua-
tion metrics: parameter (parameter count), FLOPs (floating-point operations), mAP (mean
average precision), FPS (frames per second), FR (foreground ratio), FOR (foreground object
number ratio), and FAR (foreground area ratio).
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Figure 7. Visualization of training and validation loss curves for foreground extraction network.
(a) Training localization loss; (b) training confidence loss; (c) validation localization loss; (d) validation
confidence loss.

FLOPs quantify the floating-point operations the model requires, providing a measure
of model complexity. FPS denotes the number of images processed per second, serving as a
pivotal indicator of processing speed. Mean average precision (mAP) is the mean value of
the average precisions (AP) across all classes, which measures the detection performance
of the model. AP, in turn, is the area under the precision-recall curve. Both AP and mAP
are computed using Equations (2) and (3), where ¢ represents the number of classes in the
dataset, and P and R denote precision and recall, respectively.

1

AP = /0 P(R)dR 2)
1 C

mAP = E; AP; 3)

The foreground ratio describes the proportion of foreground object area to the total area
of the image, the foreground object ratio describes the ratio of the number of objects in the
foreground image to the number of objects in the original image, and the foreground area
ratio describes the ratio of the area of the foreground image to the area of the original image.

4.3. Experiment on Bounding Box Scaling Factor

Foreground extraction is a pivotal step in our object detection methodology, where
the selection of different scaling factors can notably impact the generation of foreground
images, consequently influencing object detection performance. In our investigation, we
conducted comprehensive experiments on varying scaling factors, analyzing the changes
in FR, FOR, and FAR, as presented in Table 2.
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Table 2. Experiment on the bounding box scaling factor.
Scaling Factor Foreground Image Size ! FR FOR FAR
1.1 777 x 817 0.20 0.44 0.33
1.3 913 x 963 0.21 0.66 0.47
1.35 942 x 1001 0.21 0.68 0.48
1.4 971 x 1038 0.20 0.70 0.52
15 1024 x 1107 0.19 0.72 0.58
1.7 1091 x 1204 0.16 0.75 0.73

! The width and height of foreground images were computed as the average of all individual foreground image
widths and heights, respectively.

Based on our experimental findings, we discerned increased detection accuracy and
number of target objects within the foreground image as the scaling factor augmented.
When the scaling factor reached 1.35, the foreground ratio achieved its peak value, and
the count of target objects in the foreground image also approached its maximum. In
contrast, the relative area ratio of the foreground region remained moderate. This implies
that we could effectively extract foreground targets from the image while maintaining
a relatively high detection accuracy. Conversely, as the scaling factor exceeded 1.35, the
area of the foreground region surged dramatically. However, the increase in the count of
target objects within the foreground image remained limited, resulting in a decrease in the
foreground ratio. Considering that the objective of foreground extraction is to encompass
more objects while maintaining a smaller image size, our experimental results advocate
for 1.35 as a balance point that can effectively enhance the foreground ratio. By judiciously
considering both target detection accuracy and foreground ratio, the utilization of 1.35 as
the boundary box scaling factor yields optimal performance for our approach in addressing
the foreground extraction task in ultra-high-resolution images.

4.4. Ablation Experiment

To evaluate the impact of each component in the foreground extraction network on
foreground region extraction, we use the YOLOvVS5 [13] model with a size of S from version
6.0 as the baseline model and gradually add components to demonstrate their effectiveness.
The results are shown in Table 3.

Table 3. Ablation experiment of the foreground extraction network.

w/o PH w/o Classifier =~ C3Faster Res2Rep  Parameter FLOPs Model Size FR FOR FAR FPS
7,235,389 165G 13.8 M 0.22 0.64 0.44 172

v v 604,600 128G 1.78M 0.21 0.62 0.44 188
v v v 509,944 105G 1.60 M 0.22 0.61 0.42 196

4 v v 879,032 20.6 G 2.73M 0.21 0.68 048 107

1“4 denotes the method or module indicated in the table’s header is used.

The ablation experiment yields the following conclusions: with only 12.1% of the
parameter count of the YOLOV5 baseline model and a 24.8% increase in floating-point
calculations, the foreground image extraction method decreases the foreground ratio by 1%
and increases the foreground object ratio and foreground area ratio by 4%.

Removing the large object detection head and classifier reduces the model parameter
count by 91.6%. After incorporating the C3Faster module, the parameter count is reduced
by 15.7%, resulting in improved foreground extraction speed and a 1% decrease in extracted
foreground objects. The addition of the Res2Rep module, despite increasing floating-point
calculations and decreasing FPS, significantly enhances foreground extraction performance
compared to the baseline.
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The experimental results demonstrate the following:

1.  Removing the large object detection head and classifier has little effect on foreground
extraction while effectively reducing the model size and computational complexity,
thus enhancing foreground extraction efficiency;

2. The C3Faster module further accelerates foreground extraction speed;

3. The Res2Rep module effectively improves foreground extraction performance.

4.5. Comparison Experiment

To verify the processing speed of the foreground extraction method for ultra-high-
resolution images, we conducted comparative experiments on the DOTA dataset using
sliding window cropping to different sizes and the foreground extraction method, as shown
in Table 4.

Table 4. Comparison of processing results and processing time for ultra-high-resolution images using
sliding window cropping and foreground image methods.

Average Resolution

Method Original Image Result Overlap Total Average Image Count Mean Speed
o 2048 x 2048 200 6380 3.41 058 s
Shdgf‘f Willrl‘dow 2398 x 2910 1024 x 1024 200 21,046 11.26 051s
pping x 600 x 600 150 65,644 35.12 049 s
Foreground Image 942 x 1001 — 1865 1 012s

When cropping the DOTA dataset using the sliding window method, two cropping
settings are employed: the image is cropped into 1024 x 1024 patches with an overlap
of 200 pixels or into 600 x 600 patches with an overlap of 150 pixels, as described in
references [2-5,9]. Additionally, although the general detection network cannot handle
images of size 2048 x 2048, the original images are also cropped into 2048 x 2048 patches
for comparison purposes.

After foreground extraction on the DOTA dataset, the average resolution of the fore-
ground image is 942 x 1001, slightly smaller than the commonly used cropping size of
1024 x 1024. However, cropping the image into 1024 x 1024 patches would result in
21,046 images, with an average of 11.26 patches per original image, while foreground
extraction generates only one foreground image for each original image. Consequently,
the sliding window cropping method requires the model to detect 11.26 images for each
original image, while the foreground image method only needs to detect one image. Even
when the cropping size is set to 2048 x 2048, the average number of detection images is
3.41 times higher than that of the foreground image extraction method.

To evaluate the detection performance of the foreground image, Table 5 compares detec-
tion results using different detection algorithms for both foreground and cropped images.

Table 5. Comparison experiment of different detection algorithms.

Method Image Type mAP FPS
Two-stage
cr! 69.6
Rol Trans. [39] FI2 64.6 18
o CI 75.0
Gilding Vertex [40] FI 66.2 21
. CI 75.9
Oriented R-CNN [41] I 66.3 20
QPDet [2] ¢l 76.3 21

FI 66.7
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Table 5. Cont.

Method Image Type mAP FPS
One-stage

CI 74.1

S2ANet [42] I 66.5 20
CI 75.7

MDCT [43] I 66.8 13
CI 75.6

G-Rep [3] FI 66.2 19
CI 77.2

CoF-Net [44] I 66.7 18

1“ CI” indicates use of cropped image detection. 2 “ FI ” indicates use of foreground image detection.

The state-of-the-art detection algorithm CoF-Net is used as the general detector to eval-
uate the detection performance of the foreground image extraction method and the sliding
window cropping method. Cropping the original DOTA images into 1024 x 1024 patches
and detecting each patch takes 1.14 s, while the proposed foreground image extraction
method takes only 0.18 s to detect each original image. Therefore, using the foreground
image extraction method reduces the detection time per original image by 83.8% compared
to the sliding window cropping method with a 1024 x 1024 patch.

The experimental results show that on the DOTA dataset with ultra-high-resolution
images, the proposed foreground image method achieves an average mAP of 8.7% lower
than the cropping method with patches. However, the average detection time is reduced
by 83.8%. This validates the effectiveness of the proposed method for fast object detection
in ultra-high-resolution images. Due to the low foreground ratio and object aggregation
characteristics of ultra-high-resolution images, many patches in the cropping method do
not contain any objects, resulting in a waste of resources in background image object
detection. The foreground image method significantly increases the foreground ratio and
is more efficient in object detection, making it more suitable for fast object detection in
ultra-high-resolution images.

4.6. Visualization Analysis

Some foreground image results are visualized in Figure 8. To analyze the impact of
the foreground map approach on object detection performance, we selected two types of
sample images from the DOTA test set: one with small objects close to large objects and the
other with small objects far from large objects. We used the current state-of-the-art rotation-
based object detector, CoF-Net, as the baseline detector for comparison. The detection
results are shown in Figures 9 and 10.

The foreground map approach involves scaling and merging the extracted target
regions to obtain the foreground region, which is then concatenated to form the foreground
map. During the extraction of the foreground region, some sparsely distributed small object
regions may be omitted, making it challenging for the foreground map approach to detect
targets in these sparse regions. On the other hand, since the foreground map approach
enlarges the small object clusters during the generation of the foreground map, it is more
likely to identify targets in regions with clustered small objects than the standard method.
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(b)

Figure 8. Visualization of foreground images. (a) Original image; (b) foreground extraction network’s
recognition result; (c) foreground image generated from the original image.

(b)

Figure 9. Detection results of images with small objects near large objects. (a) Foreground extraction

network’s recognition result; (b) final recognition result.
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(b)

Figure 10. Detection results of images with small objects far from large objects. (a) Foreground

extraction network’s recognition result; (b) final recognition result.

5. Conclusions

In this study, we introduced a novel object detection framework named MegaDe-
tectNet, tailored specifically to object detection in ultra-high-resolution images. With a
thorough consideration of the characteristics of foreground extraction and building upon
the foundation of YOLOVS5, we devised an efficient foreground extraction network to
delineate foreground regions within ultra-high-resolution images. Leveraging a greedy
foreground region fusion and concatenation algorithm, we successfully generated fore-
ground images which supplanted the original ultra-high-resolution images as input for
object detection, resulting in a marked enhancement in detection efficiency.

Our experimental findings unequivocally underscore the superiority of the MegaDe-
tectNet approach. On the DOTA dataset, compared to conventional sub-image splitting
methods, our approach demonstrated an average time saving of 83.8%. This outcome not
only underscores the practicality of the MegaDetectNet approach in the realm of object
detection for ultra-high-resolution images but also validates the efficacy of our foreground
extraction strategy.
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