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Abstract: Image detection technology is of paramount importance across various fields. This signifi-
cance is not only seen in general images with everyday scenes but also holds substantial research
value in the field of remote sensing. Remote sensing images involve capturing images from aircraft
or satellites. These images typically feature diverse scenes, large image formats, and varying imaging
heights, thus leading to numerous small-sized targets in the captured images. Accurately identifying
these small targets, which may occupy only a few pixels, is a challenging and active research area.
Current methods mainly fall into two categories: enhancing small target features by improving
resolution and increasing the number of small targets to bolster training datasets. However, these
approaches often fail to address the core distinguishing features of small targets in the original
images, thus resulting in suboptimal performance in fine-grained classification tasks. To address this
situation, we propose a new network structure DDU (Downsample Difference Upsample), which is
based on differential and resolution changing methods in the Neck layer of deep learning networks
to enhance the recognition features of small targets, thus further improving the feature richness of
recognition and effectively solving the problem of low accuracy in small target object recognition. At
the same time, in order to take into account the recognition effect of targets of other sizes in the image,
a new attention mechanism called PNOC (protecting the number of channels) is proposed, which
integrates small target features and universal object features without losing the number of channels,
thereby increasing the accuracy of recognition. And experimental verification was conducted on the
PASCAL-VOC dataset. At the same time, it was applied to the testing of the fine-grained MAR20
dataset and found that the performance was better than other classic algorithms. At the same time,
because the proposed framework belongs to a one-stage detection method, it has good engineering
applicability and scalability, and universality in scientific research applications are good. Through
comparative experiments, it was found that our algorithm improved the performance of the mAP by
0.7% compared to the original YOLOv8 algorithm.

Keywords: image detection; one-stage; small target; fine-grain; attention mechanism

1. Introduction

Target detection in remote sensing images is one of the basic tasks at present, and it
can be subdivided into large target recognition and small target recognition under the
background of detection [1–3]. Table 1 illustrates the size limits for size targets.

Table 1. Defining the size of the target (Adapted from ref. [4]).

Min Rectangle Area Max Rectangle Area

Small object 0 × 0 32 × 32
Medium object 32 × 32 96 × 96

Large object 96 × 96 ∞ × ∞
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Through a large number of algorithm competitions and experimental data, it can be
identified and concluded that the recognition accuracy of small targets is not comparable
to that of large targets. For example, in the proposal of the top-level MS COCO (Microsoft
COCO) [5] strength segmentation process described in Table 2, APS represents the recog-
nition average precision of small targets, while APL represents the recognition average
precision of large targets. It can be seen that in the comparison of AP detection, small
targets are about 2–3 times lower than large targets.

Table 2. AP detection results for large and small targets.

APS APL

Megvil (Face++) 0.343 0.660
UCenter 0.326 0.648
MSRA 0.343 0.627

FAIR Mask R-CNN 0.328 0.627
Trimps-Soushen-QINIU 0.310 0.610

bharat umd 0.312 0.606
DANet 0.283 0.591

BUPT-Priv 0.251 0.566
DL61 0.246 0.551

DENet 0.222 0.584

In the proposal for the MS COCO instance segmentation challenge, the AP detection
tabulation for small targets was 2–3 times lower than for large targets.

The detection of small targets is not available in many branch tasks, such as identifying
different types of aircraft. In a large number of remote sensing images, we can find that it is
not easy to create high-resolution scene photos to detect small or distant objects. Generally
speaking, based on the average resolution of 0.5–5 m per pixel, the object to be detected
is only a few pixels in size. In the process of sampling at the Neck layer of deep learning,
these small pixel objects to be measured are often important features that are ignored and
thus cannot be taken into account. Based on such characteristics, we will find that even
mature samples such as Mask-RCNN predict that small objects will appear even if they can
be identified by human eyes [6]. However, they will still be missed by the system, as shown
in Figure 1.

In the sample prediction of Mask-RCNN in Figure 1, many small targets that can be
recognized by the naked eye will be missed, for example, only six can be detected from
hundreds of flying birds, which is attributed to multiple factors. On the one hand, there is
occlusion among the birds, thus resulting in incomplete recognition. On the other hand,
the size of the birds is also a factor. The birds in the image are small objects, and it has been
observed in practice that they are not recognized as effectively as larger objects. So, how to
improve the accuracy in identifying small objects is an important research topic.

Based on the above problems, some scholars, such as Professor Tiexin Qin, proposed to
replicate small targets several times to improve poor recognition by increasing the number
of training samples through recurring features, and corresponding experiments were set
up and achieved good results. However, this method does not fundamentally solve the
problem of obtaining fewer features for small target objects using conventional feature
extraction methods, so the effect is not stable.

Some scholars, such as Professor Duan K, also proposed setting different styles of
measurement boxes and raising the threshold of small targets by reformulating the calcula-
tion method of similarity. Indeed, through the efforts of a large number of scholars, they
have made good progress in the corresponding fields [7]. However, even if the scheme
proposed by scholars has good robustness in the identification of small targets, the effect of
application in the fine-grained detection of lower layers is not satisfactory.
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Figure 1. Examples of identifying small targets with a large number of missing targets.

Fine-grained classification is a small branch of object recognition, which is the subdivi-
sion that distinguishes a common category, such as the classification of a dog, the model of
a ship, or the identification of aircraft in the same category [8,9]. Although deep learning
has good experimental results for many visual tasks, its application in fine-grained classifi-
cation is not satisfactory, which is largely due to the above-mentioned inability to effectively
come up with enough distinguishing features [10–12]. Moreover, the transformation of
different poses can also obscure many necessary features.

In the common fine-grained recognition idea, some scholars think that the fine-grained
foreground is very similar, but it will be disturbed by the background, which leads to the
problem of recognition. Therefore, their research is on how to separate the foreground and
background to a greater extent. Some scholars believe that we should rely on human prior
knowledge, that is, to classify the poses that humans are good at. Recognition and machine
learning coordinate to form an automatic classification.

Some scholars, such as Professor Kong, T and Sun, F, are also committed to the pooling
layer of machine learning, thus hoping to use higher-order pooling to improve the accuracy
of large recognition. With the popularity of the Transformer, the attention mechanism
becomes hot, constantly focusing on the next feature point based on the existing feature,
to carry out detailed identification [13].

In response to the aforementioned technical issues, this article proposes to design a
new network structure DDU (Downsample Difference Upsample) to enhance the features
of small targets, thus fundamentally solving the problem of recognition difficulties. DDU is
based on differential and resolution changing methods in the Neck layer of deep learning
networks to enhance the recognition features of small targets, thus further improving the
feature richness of recognition and effectively solving the problem of low accuracy in
small target object recognition. The enhanced network approach is based on the effect of
upsampling and downsampling to perform appropriate differentiation, thereby achieving
the effect of shielding irrelevant features and focusing on necessary features. At the same
time, in order to prevent the blocked features from having other factors that are conducive
to recognition, the existing attention mechanism has been improved, thus forming a new
attention mechanism PNOC (preserves the number of channels). In the dimension of
channel attention, the effect of avoiding the common two full connections without losing the
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number of channels has been achieved. While achieving feature fusion, the disadvantage
of avoiding key features caused by dimensionality reduction has been avoided.

We have made the following improvements and extensions in this article:

1. In the network framework of the Neck layer, the DDU network has been designed,
which mainly obtains the features of small targets based on up- and downsampling,
thus enhancing the recognition features of small targets, further improving the feature
richness of recognition, and effectively solving the problem of low recognition accuracy
of small targets.

2. This article also utilizes the improved attention fusion method PNOC to integrate the
small target features extracted by the DDU module with the original feature targets
sampled without differential operation, thereby making the data usable.

3. We compared our proposed method with other common algorithms in the PASCAL-
VOC dataset and completed ablation experiments that incorporated the DDU and
PNOC modules into the algorithm, as well as experiments involving only the DDU
module or only the PNOC module and experiments without either the DDU or PNOC
modules. These experiments aimed to validate the rigor of the algorithm theory. This
paper found that our algorithm has good performance.

4. Subsequent experiments were conducted in the MAR20 [14] fine-grained identification
database, and corresponding comparative experiments were conducted with other
first-order algorithms, and it was found that our algorithm still has good performance
and experimental robustness in the fine-grained database.

2. Related Work

As a hot research topic in the field of computer vision, small target detection has been pro-
posed by many scholars in recent years, which can be divided into the following methods.

Firstly, feature learning based on different dimensions is mainly aimed at solving
the problem of small targets with few features. Based on this, scholars have put forward
feature pyramid-based and receptive field-based methods, in which feature pyramid-based
methods are represented by FPNs (Feature Pyramid Networks). The main idea is to
combine the low-level and high-level semantics with more spatial information to enhance
the characteristics of the target [15]. The receptive field-based approach is represented by
the Trident Network, and the idea is to assign different receptive fields based on the size of
the target. Specifically, the dilated convolution with different dilation rates is used to form
three branches of objects with different receptive fields that are responsible for different
scales [16].

Secondly, some scholars put forward the GAN-based method, which solves the prob-
lem that the small target itself has few identification features, and its thinking and practice
are also simple and plain: using GANs (Generative Adversarial Networks) to generate
high-resolution pictures or high-resolution features. They are not limited to SOD-MTGAN
methods for generating high-resolution features, and the general idea is to use the trained
detector to obtain subgraphs containing targets. For example, Faster R-CNN then uses
the generator to generate the corresponding high-definition image, and based on the dis-
criminator, it is responsible for whether the generated image is real or fake [17–19]. At the
same time, this part is carried out from the detector to further predict the category and
position of the object. Common ways to generate high-resolution features are Perceptual
GANs and BFFBB GANs (Better to Follow, Follow to Be Better Generative Adversarial
Networks) [20,21]. Its core ideological history takes the input image shrunk by two times
and the features extracted through feature extraction as the low-resolution feature and
the features extracted from the original image as the corresponding real high-resolution
feature; the generator based on a low false high-resolution feature is generated by the
resolution feature. The discriminator is responsible for distinguishing the false and true
high-resolution features.

Thirdly, some scholars put forward context-based thinking, which uses the dependency
between the environmental information of small objects and other easily detected objects
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to enhance detection visibility. The essence of problem solving is to make up for the lack of
features of small objects [22,23]. Common methods are inside-OutsideNet and Pyramid
box, where inside-OutsideNet extracts information about the global context of an object
through four inverted RNN (Recurrent Neural Network) pyramid boxes [24,25]. Pyramid
box aims to use the prior information that the head and body always appear together with
the face, because the first two are relatively easier to detect than the face, and then use the
detected head and body to position the face for further detection. The highly dependent
relationship is based on the currently hot attention mechanism Transformer combined with
implicit modeling of the relationship between two objects and the use of this dependency
relationship to strengthen the characteristics of each objective target.

Next, some scholars have proposed certain solutions for specific datasets, but this
method is only useful for specific datasets, such as MS COCO datasets. In image-level and
instance-level imbalance, the image-level imbalance is that only 51.8% of pictures in MS
COCO have small objects [26]. Therefore, the outcome is to set a Stitcher as the feedback
signal for the proportion of loss of small objects in the total loss. When the proportion
is lower than the threshold, the four pictures are stitched together into one picture for
input, thus increasing the number of small objects. Instance-level imbalance means that
the pixel area of small- and medium-sized objects in the MS COCO only accounts for 1%,
and augmentation is solved using the copy–paste method. However, these two thoughts
do not fundamentally solve the problem, which has strong limitations [27].

Last, some scholars put forward the improvement for the current targets. Special
design for small objects refers to the method that has a special processing method for the
small objects. Specifically, a way to describe how dense the anchor is on the original image
is defined for the FaceBoxes. Specifically, it is defined as follows:

Adensity = Ascale/Ainterval (1)

Ascale represents the scale of the anchor, Ainterval is the distance between the central
points of the anchor, and as for Adensity, the larger of the size, the denser the anchor in the
original image [28].

The authors calculated the density of objects of different sizes and found that the dis-
tribution of anchors for small objects was too sparse, thus increasing the number of anchors.
However, S3FD’s approach is more direct, thus directly reducing the IoU (Intersection over
Union) threshold of the positive sample of the object. If the matched anchors still cannot be
effectively increased, the previous N anchors are selected as the matched anchors among all
the anchors whose IoU is greater than 0.1. Some scholars also designed a new evaluation
standard, DotD, to replace IoU as a positive and negative assignment. This method mainly
calculates the function of the distance between the center point of a bbox and makes use
of the insensitivity of the index to the migration of the bbox so that a small amount of
migration will not lead to a drastic decline of the index. At the same time, some scholars
have developed a new way to detect small objects by using a specially trained guess path,
specifically the SNIP (Selective Kernel Pruning) algorithm, which is proposed based on
the training method of the image pyramid. The method of detecting large objects using
small-size images and small objects using multiscale images ensures that the objects in
the input classifier are close to 224 × 224. Thus, it is consistent with the training scale on
ImageNet to improve the detection performance of small objects [29].

3. Textual Method

The algorithm framework in this paper is divided into four system parts, namely
Backbone, Neck, Head, and Loss. As shown in Figure 2, the Neck layer extracts the DDU
structure of small target features, and the optimized attention mechanism PNCO module
of feature fusion is the innovation point of this paper.

The following part will briefly introduce the Backbone and Head layer and then focus
on the Neck layer optimized in this paper as follows:
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The network mechanism proposed in this method is based on the universality and real-
time consideration of engineering applications, so the thinking of first-order object detection
has been adopted. Therefore, a new deep learning network structure for target recognition
has been proposed based on YOLOv8 [30,31]. The Backbone of this network uses the CSP
(CrossStagePartial) framework. The existence of this framework not only improves the
learning ability of the CNN but also reduces the calculation cost of the model to a certain
extent. At the same time, different from other combinations of three convmodules and n
DarkNets, its network is composed of two convmodules and n Darknets and connected
through Split and Concat. Meanwhile, the ConvModule here is composed of Convn-Bn-
Relu. Compared to the ConvnModule composed of Convn-Relu-Bn, the structure adopted
in this paper is more reasonable.

Figure 2. The algorithm framework diagram of this article.

For the detection head of this network, the decoupled head was selected, which is
embodied in that the classification and detection head are separate. For the loss function,
positive and negative samples were allocated. We used the Task-Aligned One-Stage Object
Detection Task-Aligned Assigner in the training model to select positive samples according
to the weighted scores of classification and regression. The formula is shown as follows:

t = sα × uβ (2)

The s represents the prediction of tags in the class big score. The u represents the pre-
diction of the IoU and the ground truth bounding box. In addition, our model classification
uses binary crossentropy, whose equation is as follows:

Lossn = −w[yn log xn + (1 − yn) log(1 − xn)] (3)

where w is the weight, yn is the annotation value, and xn is the model prediction value.
The regression branch adopts the distributed Focal Loss DFL and the Complete IoU

CIoU, where the DFL is used to expand the probability around the object y, and the specific
equation is as follows:

DFL(φn, φn+1) = −((yn+1y) log(φn) + (y − yn−1) log(φn+1)) (4)
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The formulas for φn and φn+1 are shown below:

φn =
yn+1 − y
yn+1 − yn

φn+1 =
y − yn

yn+1 − yn
(5)

The CIoU and DIoU involved here add an impact factor on the basis of Loss while
considering the predicted aspect ratio and ground truth boundary box, and the specific
equation is as follows:

CIoULoss = 1 − IoU +
Distance2

2
Distance2

C
+

v2

(1 − IoU) + v
(6)

where v is the parameter to measure the consistency of the aspect ratio, which is defined as
follows:

v =
4

π2

(
arctan

wgt

hgt − arctan
wp

hp

)2

(7)

where w is the weight of the bounding box, and h is the height of the bounding box.
For the network at the Neck layer, generally speaking, the deeper the network is,

the more feature information it obtains. However, the deeper network will reduce the
position information of objects, and too much convolutional behavior will lead to the loss
of large information of small objects. Therefore, it is crucial to merge the necessary feature
pyramid with the features that enhance the small target information and classify them
into target features. In this model, the FPN is used for upsampling from top to bottom.
The purpose of such convolution is to increase the feature information in the bottom feature
graph. At the same time, a DDU network designed by ourselves was added to resample
the features of small target objects, and then the two features were truly combined, thus
ensuring the accurate prediction of all kinds of small images. For the fused part, a new
attention mechanism fusion method different from Resnet was adopted. This method takes
into account other image information while retaining the features of small objects. This
increases universality.

3.1. DDU Network Structure

Assuming that the data processed by SPPF is 20 × 20 × 512 × w × r, first downsample
the data to obtain an easily identifiable feature set, and then complement the feature with
the SPPF set so as to obtain the features of small targets that are not easy to obtain. This
feature is fused with the original SPPF feature using the attention mechanism of PNOC
(preserves the number of channels), and the obtained data are upsampled so that the output
data of 20 × 20 × 512 × w are obtained [32–34].

The core function of DDU (Downsample Difference Upsample) is to spare no effort to
retain the features of small targets and use this as the fundamental basis for detecting small
targets. Usually, when constructing image pyramids, we will find that the downsampled
images have strong robustness against noise, and at the same time, the risk of overfitting
can be reduced in deep learning training. At the same time, the operation is simplified.
Although the size of the receptive field is increased, the actual experiment proves that
the simple downsampling will not greatly improve the actual detection performance.
On the contrary, in the detection of small targets, features based on upsampling are easy to
lose their detailed features, thus making features that are not easy to extract more scarce.
Therefore, the DDU method designed in this paper first performs subsampling to obtain
obvious features of large target objects, which play a small role in the detection process of
small targets and even cause interference. Therefore, this part of the features obtained are
compared with the original image that has not been subsampled so as to obtain features
of small targets that are not suitable for extraction. In simple terms, the feature of the
original image is a large set B, and in simple terms, the feature of the original image is
a large set F. Through downsampling, the feature set BF of the large target is extracted,
which is relatively easy to extract. Then, F and BF are supplemented to obtain features that
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can be used for small targets. Next, in order to unify the size of the image, upsampling is
performed, as shown in Figure 3.

Figure 3. Graphic representation of extracting small target feature sets under DDU framework.

3.2. PNOC Network Structure

Through the above DDU network structure, the features of small targets can be directly
obtained, and then how to integrate its features well with the features originally used to
identify good results is the key to our experiment. Taking into account many methods
proposed by previous scholars, the fusion algorithm of this time is intended to achieve
an overall consideration. Under the condition of ensuring the stability of the features
originally used for identification, the new features were reasonably fused to reduce the
negative interference of the new features on the old features. The fusion method designed
in this paper adopts the fusion method of attention mechanism, which is very popular now.

Common attention mechanisms are divided into channel attention mechanisms, spatial
attention mechanisms, and mixed attention mechanisms. The new attention mechanism
designed in this paper belongs to the mixed attention mechanism. Considering that
the features applied by this attention mechanism are the integration of purified small
target features and global features, dimensionality reduction in the traditional attention
mechanism should be avoided as much as possible so as to improve the protection of
learning channels and further optimize the effect of the attention mechanism on channels.
At the same time, because the features processed are highly functional, therefore, regardless
of the negative effects brought by efficiency and effectiveness and based on this, the channel
attention mechanism network has been designed as follows:

1. The input features through the global average pooling: the features will evolve from
H*W*C matrix to H*W*1 vector.

2. Perform Softplus operation on the obtained H*W*1 vector, thus obtaining the weight
of each channel.

3. Multiply the normalized weights and the original input feature channels to generate
the weighted feature map.

On the one hand, selecting the Softplus curve can alleviate the problem of gradient
disappearance; on the other hand, it can make each channel have a weight so as to avoid
the existence of a large number of limit values when there is an input of large or small data
under extreme conditions. The specific channel attention network is shown in Figure 4.
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Figure 4. Channel attention module in PNOC network.

Different from the channel attention mechanism, where spatial attention is concen-
trated in the part of effective information, which is a strong supplement to channel atten-
tion [35], the specific network construction has been as follows:

1. Create attention graph MS(F) = R ∗ W ∗ H using convolutional layers to gener-
ate space.

2. Perform two pooling operations to aggregate mapping information of features and
record them as FS

avg and FS
max, both of which belong to R*H*W, where FS

avg represents
average pooling feature and crosschannel feature.

3. Then, using standard convolution layers to connect and convolution, a spatial attention
graph of two-dimensional space is generated. In short, the formula is

MS(F) = σ( f 7×7([AvgPool(F); MaxPool(F)])) (8)

= σ( f 7×7([FS
avg; FS

max])) (9)

where σ denotes the sigmoid function, and f 7×7 represents a convolution operation
with the filter size of 7 × 7. The specific structure is shown in the Figure 5.

Figure 5. Spatial attention module in PNOC network.

The integrated mixed attention mechanism: Through the above channel attention
mechanism, we can clearly focus on where, and through the spatial attention mechanism,
we can clearly focus on what. How to superposition the two is a problem that needs to be
discussed; the common superposition method is the parallel arrangement or sequential
arrangement. Through previous experiments, we found that this algorithm is more suitable
for sequential sorting, and in the sequential sorting, we found that when the priority of
the space lags behind the priority of the channel, the effect is more excellent. Therefore,
the mixed attention mechanism was formed based on the superposition of the sequential
ordering of the channel attention and then the space attention, as shown in Figure 6.
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Figure 6. PNOC network structure.

4. Experiment and Analysis

In this chapter, we introduce the process of model training, verification, and testing on
the dataset, including the architecture of the model and the data enhancement technology
used in the training process. Figures 7 and 8 show the training process and evaluation flow
chart of the PASCAL-VOC dataset and the MAR20 dataset.

The PASCAL-VOC dataset [36], with the full name Pattern Analysis, Statical Modeling
and Computational Learning, is a large-scale data set of object detection, segmentation,
key point detection, and caption. VOC is divided into two versions: voc2007 and voc2012,
with VOC2007 including 9903 images divided into training sets (5011 images) and test sets
(4952 images) [37,38]. In addition, the 2012 version has added 17,125 additional training
images as a supplementary training set. Common usage methods include:

1. Only train with VOC2007 and test with VOC2007.
2. Only train with VOC2012 and test with VOC2012. This usage is rarely used, as it is

commonly used in conjunction with VOC2007.(Train with VOC2007’s train+val and
VOC2012’s train+val, and then use VOC2007’s test. This usage is commonly seen in
papers as 07+12, and researchers can test the results on VOC2007 themselves, because
VOC2007’s test is public).

3. Use VOC2007’s train+val+test and VOC2012’s train+val training, and then use
VOC2012’s test, which is commonly seen in papers as 07++12. This method needs to
be submitted to the VOC official server for evaluation results, as the VOC2012 test has
not been published.

Figure 7. Application of PASCAL-VOC dataset in our network.
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Figure 8. Application of MAR20 dataset in our network.

The method used in this experiment is 07 + 12. The experiment has 20 classes
and contains 22,136 training images (voc2007 and 2012 trianval), as well as 4952 test
images (voc2007test). We chose the average precision (AP) and average recall (AR) as
evaluation indicators.

The specific experimental data of the proposed algorithm and other comparison
algorithms in the PASCAL-VOC dataset are shown in Table 3.

Table 3. The experimental data of this algorithm and other algorithms are compared in the
PASCAL-VOC dataset (IOU = 0.5) [1].

Method Backbone Input Size mAP

Two-Stage Network

OHEM VGG16 1000 × 600 74.6
IPG RCNN IPGNet101 1000 × 600 84.8
CoupleNet ResNet101 1000 × 600 82.7

FPN-Reconfig ResNet101 1000 × 600 82.4
Fast-RCNN Faster RCNN101 None 68.4

Faster-RCNN Faster RCNN101 None 70.4

One-Stage Network

SSD300 VGG16 None 72.4
SSD512 VGG16 512 × 512 74.9
YOLO GoogLeNet 448 × 448 57.9

YOLOv2 Dark-Net19 352 × 352 44.0
YOLOv3 Dark-Net53 320 × 320 51.5

YOLO-ultralytics YOLOv8 640 × 640 75.1
Ours YOLOv8 640 × 640 75.8
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The statistical data in the table reflect an objective fact: the algorithm proposed in
this paper demonstrates excellent performance in recognizing small targets within the
PASCAL-VOC dataset. Compared to some of the two-stage networks, despite having a
smaller input size, our algorithm exhibited a significant increase in accuracy. For example,
in comparison with the OHEM algorithm, this results in an improvement of 1.2%. Among
the enumerated one-stage network methods, our algorithm demonstrated a more precise
recognition effect compared to the closest-performing SSD512 algorithm across different
backbone frameworks, thus leading to an enhancement of 0.9%. The reason SSD512 is
considered the method closest in performance to ours is because of two main factors: First
and foremost, both algorithms belong to the category of one-stage methods, which enhances
the credibility of the comparison. From the results, it is evident that our algorithm’s
improvement is indeed significant. However, it is important to note that the input size
of the SSD512 algorithm is smaller than that of our algorithm, thus giving our algorithm
an advantage. Therefore, based on the conventional way of comparing state-of-the-art
methods, disregarding the input image size and focusing solely on the results, our algorithm
is considered advanced. On the other hand, the reason SSD512 is considered the method
closest in performance to ours is also attributed to its smaller input size compared to our
algorithm. Additionally, since our paper is derived from the YOLO-ultralytics framework,
it falls under the same line of thought as YOLO-ultralytics. However, it is crucial to mention
that the method mentioned in the paper as the closest is based on a completely different
approach or computational method. Therefore, despite YOLO-ultralytics outperforming
SSD512, the authors still refer to SSD512 as the method closest in performance to ours in the
conclusion. The reason this paper innovates on top of YOLOv8 is that even the unoptimized
YOLOv8 algorithm still demonstrates advancement in accuracy compared to previous
versions. Therefore, this paper chooses to build upon the already excellent framework
and innovate further, thus aiming to advance accuracy. The conclusions drawn from the
comparison are as follows: In comparison with other frameworks within the YOLO series,
our algorithm exhibits varying degrees of improvement, thus notably achieving a 0.7%
enhancement compared to the YOLOv8 algorithm. Based on these data, the performance
enhancement is primarily attributed to the design of the small target feature module DDU
and the integration of the novel attention mechanism PNOC algorithm that fuses features.

For this purpose, we conducted corresponding ablation experiments under the ex-
perimental conditions of 100 epochs, with image dimensions fixed at 640 × 640 and other
parameters unchanged. The experiments were aimed at verifying the impact of the DDU
module and PNOC module on accuracy, recall, mAP50, and mAP(50-95). The results,
as shown in the Table 4, demonstrate the effectiveness of the DDU and PNOC modules.

Table 4. The ablation experiment of the algorithm in this paper.

Method P R mAP50 mAP50-95

YOLOv8 71 59.2 66 46.5
YOLOv8+DDU 72.4 59 66.4 46.9

YOLOv8+PNOC 70.6 58.4 65.6 46.1
YOLOv8+DDU+PNOC 71.9 59.3 66.7 47.1

Through the data statistics of the ablation experiment, it can be concluded that the
designed algorithm does have corresponding effects, which are specifically as follows: In
terms of small target detection item mAP50 alone, the accuracy of adding DUU and PNOC
modules increased by 0.3% over the module only adding DUU, 1.1% over the module only
adding PNOC, and 0.7% over the baseline. It should be noted that the results of Table 4 are
based on Table 3, but Table 3 shows the values determined without any change in accuracy
after multiple iterations, while Table 4 shows the comparative data of the relevant ablation
experiments conducted after 100 epochs.

The number of epochs for this experiment was set to 100, and through experimental
comparisons, it was observed that the network performance significantly improved with
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the addition of the DDU and PNOC modules compared to the original code or the case
of adding only one new module. Additionally, in this experiment, it was noted that the
results of adding only the PNOC module decreased by 0.4 compared to the results of the
original code. This suggests that attention mechanisms are more suitable for being used in
conjunction with sets that have clear features of small targets. Otherwise, the meaningless
stacking of attention mechanisms on the original feature set may have a counterproductive
effect on the results.

Figure 9 is a selection of some noticeable differences in the visual detection results.

Figure 9. Visualization results of the VOC dataset.

Through visual comparison of the test graphs in different scenarios, we have demon-
strated the advanced nature of the algorithm presented in this paper while also identifying
some issues. Based on this, we have chosen to describe in detail certain situations in which
the performance was good yet with unresolved issues, thus providing a meaningful back-
ground for future research. Specifically, we verified the algorithm using an image named
“Cars” to test its recognition performance in complex backgrounds with multiple identical
target objects overlapping and interacting. The experiments showed that the original
YOLOv8 code and YOLOv8+PNOC missed some targets, while the algorithm proposed in
the paper and YOLOv8+DDU performed better. We also tested the “People & Car & Horse”
image to assess the recognition performance when cars are in the distant background and
to test the recognition of both people and horses when they overlap and obstruct each other.
The results show that although the four scenarios had different recognition accuracies
for distant objects, they all showed good outcomes. However, in the case of obstruction
between people and horses, the YOLOv8 original code and YOLO+DDU could not dis-
tinguish between the two types of objects. In contrast, YOLOv8+PNOC with attention
mechanisms and the proposed algorithm were able to recognize features more compre-
hensively, but further optimization is needed to effectively recognize heavily obscured
people. The verification of images such as “Dog,” “Cows,” and “tv-monitor” was based
on the exploration of recognition performance for nonhuman faces and objects without
prominent features. The experiments proved that the proposed algorithm performed well
in nonhuman face categories, thus achieving high precision when successfully identifying
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objects. Choosing the “Computer” image for testing was done to verify how different
algorithms performed when encountering objects not in the training set. The experiment
showed that the proposed paper mistook a computer screen for a “tv-monitor,” which,
given their similarities, is an understandable misclassification for objects not learned before.
Overall, from a subjective visual evaluation, the proposed algorithm performed well in
other scenario comparisons of the ablation experiment and unearthed some issues that
provide meaningful directions for further research.

The MAR20 dataset has the following characteristics [39]: (1) MAR20 is the largest mil-
itary aircraft target recognition dataset with remote sensing images, including 3842 images,
20 types of military aircraft models, and 22,341 instances, and each target instance has two
labeling methods—horizontal boundary box and directed boundary box. (2) Because all
fine-grained categories belong to the aircraft category, different types of aircraft often have
similar characteristics, thus resulting in the higher similarity between different types of
targets. (3) Due to the influence of factors such as climate, season, illumination, occlusion,
and even atmospheric scattering in the process of remote sensing image acquisition, there
are large intraclass differences among the targets of the same model. This feature is consis-
tent with our fine-grained application testing. In the MAR20 dataset, the specific aircraft
models referred to as A1–A20 are listed as shown in Table 5.

Table 5. Aircraft models A1–A20 in the MAR20 dataset.

A1 A2 A3 A4 A5 A6 A7 A8

SU-35 C-130 C-17 C-5 F-16 TU-160 E-3 B-52

A9 A10 A11 A12 A13 A14 A15 A16

P-3C B-1B E-8 TU-22 F-15 KC-135 F-22 FA-18

A17 A18 A19 A20

TU-95 KC-1 SU-34 SU-24

This test verified the algorithm through 20 different types of accuracy in the statistical
data set and compared it with other classical algorithms as Table 6:

Table 6. The experimental data of this algorithm and other algorithms are compared in the
MAR20 dataset [14].

Method Our
Paper FCOS ATSS Faster

R-CNN TSD Cascade
R-CNN

Double-
Head

One-Stage Network Two-Stage Network

A1 84.9 71.1 69.9 79.7 87.2 79.6 82.3
A2 96.2 79.4 83.7 81.6 86.7 81.4 81.2
A3 96.0 67.1 70.3 84.7 93.9 82.2 79.0
A4 94.5 46.4 50.2 72.0 71.8 66.7 63.4
A5 77.9 65.1 59.1 75.0 75.7 76.5 76.8
A6 95.9 84.8 85.1 88.0 93.6 87.9 87.9
A7 97.8 72.1 82.6 87.1 96.5 88.7 85.5
A8 96.0 83.3 80.0 89.7 91.3 86.9 83.6
A9 94.8 80.5 84.8 89.6 89.2 89.2 85.0

A10 98.0 84.5 90.0 90.6 98.1 90.7 90.5
A11 85.2 57.8 61.4 82.5 87.3 81.8 79.9
A12 91.1 71.3 82.7 86.4 87.8 85.1 85.4
A13 85.4 58.5 68.1 66.6 67.1 66.5 66.0
A14 95.7 75.3 78.1 85.8 89.6 78.6 84.6
A15 54.9 33.8 40.5 45.8 34.5 42.7 42.2
A16 94.7 87.0 87.8 91.0 91.0 88.2 88.4
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Table 6. Cont.

Method Our
Paper FCOS ATSS Faster

R-CNN TSD Cascade
R-CNN

Double-
Head

One-Stage Network Two-Stage Network

A17 97.2 87.1 89.5 90.2 95.5 90.1 89.8
A18 82.3 38.6 36.1 54.2 58.5 42.6 44.1
A19 80.6 69.2 67.7 76.6 79.6 78.3 74.4
A20 86.5 66.4 77.5 78.6 80.1 76.7 77.2
mAP 89.3 68.8 72.2 79.6 82.7 78.0 77.4

Through the data analysis in the table, it can be seen that the proposed algorithm
has a better effect than other classical algorithms at the fine-grained application level,
for example, compared to the TSD (task-aware spatial disentanglement), which was closest
to its accuracy algorithm, the mAP accuracy was improved by 6.6%.

Figure 10 is a selection of some obvious differences in the visual detection results.

Figure 10. Visualization results of the MAR20 dataset. The results from part of the test set of the
Mar20 dataset are shown in (a–j).

In summary, through the visual experiments in Figure 10, we have not only verified
the superiority of our algorithm but also provided thought-provoking insights for future
fine-grained detection. There are some shortcomings in Figure 10f–j that require further
improvement. The specific analysis is as follows:

In Figure 10, there is a phenomenon where A1 was incorrectly recognized as A19.
However, considering the similar morphology of A1 and A19 themselves and the low
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resolution of the image, this error can be explained. Nevertheless, it suggests room for
improvement through a combination of super-resolution and recognition. Both Figure 10f,j
exhibit cases of missed detection. Upon analyzing the specific reasons, it was found that
the majority of missed models were A5. By comparing the dataset, it can be observed that
the training data for A5 are relatively limited. This issue can be effectively addressed by
expanding the database. Figure 10g,i have reasons for incorrect recognition, especially in
the case of i, where traces of aircraft having stopped were recognized as aircraft. Apart
from resolution, the contrast between the recognition target and its surroundings also plays
a role. This provides valuable background support for future research.

However, it is worth noting that the cases listed from a to e demonstrate accurate
recognition without omissions. This portion serves as evidence of the superiority of our
algorithm in fine-grained detection. Moreover, even in the case of profiles of aircraft that
are prone to erroneous recognition, like the one in Figure e, no significant interference with
aircraft recognition occurred when there was an adequate amount of training data. Based
on these findings, our algorithm shows promising practical applications in the field of
engineering for fine-grained detection.

5. Conclusions

In this paper, we proposed a new network structure called DDU (Downsample Dif-
ference Upsample), which utilizes the methods of upsampling and downsampling, as
well as complementary thinking, in the Neck layer of a deep learning network to enhance
the recognition features of small targets and further improve the richness of recognition
features. As a result, it addresses the issue of low accuracy in recognizing small target
objects and effectively enhances the feature richness of recognition. Additionally, in order
to address the recognition of objects of different sizes in image recognition, we introduced
a new attention mechanism called PNOC (protecting the number of channels) to ensure
that small target features and common objects were not lost during the channel integra-
tion process, thereby improving the recognition accuracy. We conducted experimental
validation on the PASCAL-VOC dataset. Through experimental comparisons, we found
that our accuracy surpassed other one-stage classical algorithms. Ablation experiments
demonstrated positive improvements in recognition for both of the designed modules.
Compared to the original YOLOv8 code, our approach achieved a 0.7% increase in accuracy.
Furthermore, we applied our method to the fine-grained MAR20 dataset and observed
superior performance compared to other classical algorithms, with a notable 6.6% improve-
ment over the closely related TSD algorithm. Additionally, our proposed framework falls
under the category of hierarchical detection methods, which exhibit excellent timeliness
and demonstrate good adaptability and universality in scientific research applications.

This paper proposed a simple sampling algorithm to address the issue of easily lost
small target features by comparing multilayer information discrepancies. It then focused
on obtaining specific features for these features and utilized the attention mechanism
to increase the weight of easily lost parts, thereby partially overcoming the problem of
feature loss. The algorithm explores work that predecessors have not attempted in the
feature extraction part while also leveraging existing prior knowledge. Benefiting from the
accumulation of previous research achievements, the algorithm demonstrates feasibility
and interpretability during the theoretical reasoning phase prior to experimental imple-
mentation. Through experiments comparing algorithms with the PASCAL-VOC dataset
and MAR20 dataset, the theory and experiments have been correspondingly validated,
thereby enhancing the interpretability of deep learning. It is evident that this paper exhibits
a certain degree of innovativeness in the overall model.
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