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Abstract: YOLOv5 remains one of the most widely used real-time detection models due to its
commendable performance in accuracy and generalization. However, compared to more recent
detectors, it falls short in label assignment and leaves significant room for optimization. Particularly,
recognizing targets with varying shapes and poses proves challenging, and training the detector to
grasp such features requires expert verification or collective discussion during the dataset labeling
process, especially in domain-specific contexts. While deformable convolutions offer a partial solution,
their extensive usage can enhance detection capabilities but at the expense of increased computational
effort. We introduce DP-YOLO, an enhanced target detector that efficiently integrates the YOLOv5s
backbone network with deformable convolutions. Our approach optimizes the positive sample
selection during label assignment, resulting in a more scientifically grounded process. Notably,
experiments on the COCO benchmark validate the efficacy of DP-YOLO, which utilizes an image
size of [640, 640], achieves a remarkable 41.2 AP, and runs at an impressive 69 fps on an RTX
3090. Comparatively, DP-YOLO outperforms YOLOv5s by 3.2 AP, with only a small increase in
parameters and GFLOPSs. These results demonstrate the significant advancements made by our
proposed method.

Keywords: object detection; YOLOv5; label assignment; deformable convolution

1. Introduction

Computer vision uses computer technology to process and analyze digital images
and videos. Deep learning has significantly advanced object detection, a fundamental task
in this field. Its widespread use spans various industries, including autonomous driving,
security monitoring, industrial manufacturing, medical diagnosis, retail, and agriculture,
due to improved accuracy and efficiency.

Object detection algorithms can be broadly categorized into two types: Two-stage
algorithms [1–3] that involve candidate region extraction and classifier prediction, and
one-stage algorithms [4–6] that combine feature extraction and target classifier prediction
directly. Among single-stage algorithms, the YOLO family, particularly YOLOv5, balanced
accuracy, speed, ease of training, and deployment. In addition to its excellent scalability
resulting from the integration of numerous tricks and modularized code, YOLOv5 also
provides lighter versions. But we are still in the predicament that although the detection
ability of large CNN [7] or transformer [8,9]-based detection algorithms is very close to
human or even beyond, their huge computational cost makes it difficult to be widely
used in production and life. The vision tasks will be oriented to both the colorful nature
and also be applied to some special situations in specific domains, which puts a higher
demand on detectors with less computational resource consumption. When we apply
YOLOv5 and other algorithms trained on generalized datasets to domain-specific datasets,
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some limitations arise, including poor detection of small targets, insufficient adaptation
to complex backgrounds, and limited ability to deal with target deformation and attitude
changes. Addressing these issues while maintaining the algorithm’s efficiency has emerged
as a critical focus in object detection.

While domain-specific dataset detection targets are not used for a myriad of possi-
bilities as are silhouettes of human activity and nature, most of them have unique image
characteristics in addition to often being characterized by limited data and category imbal-
ance. For instance, microscopic images of urine sediment lack prominent features visible to
the human eye. Additionally, such datasets exhibit an increased number of small targets,
category confusion, and significant morphological and gestural differences within similar
categories. To enhance detection accuracy in these complex and specific scenarios, this
paper builds upon the YOLOv5 detection framework by incorporating deformable convo-
lutions into the backbone network more efficiently. Furthermore, improvements are made
in the label assignment strategy, and the proposed method’s effectiveness is validated in
detecting these distinct images.

The contributions of our work can be listed as follows:

1. Modifying the expansion policy of positive samples in label assignment. Combined
with the previous work, the quality of positive samples can be improved by consid-
ering the effective receptive field characteristics, which can be used to update the
parameters in the deep network to obtain a better detector.

2. Introducing deformable convolution into the backbone network of YOLOv5s in a
more cost-effective way. By leveraging the distinct properties of various deformable
convolution operators to design and balance them, a substantial enhancement in detec-
tion accuracy is attained on the generalized dataset. Remarkably, this improvement is
achieved with only a minor increase in the number of parameters and computational
effort required.

3. The improved detector DP-YOLO under the action of both methods was validated
and analyzed on a urine sediment dataset for a specific assay domain, in addition to
being validated on the generic dataset COCO2017.

2. Related Work
2.1. Label Assignment

Label assignment is a critical process in the training stage of a detection model. It
involves distinguishing between positive and negative samples and assigning appropriate
learning targets to each position on the feature map, shaping how the model learns and
converges. In the case of anchor-based detectors, the IoU (intersection over union) between
anchors and ground truth is a pivotal criterion for this task. Traditionally, two or three
fixed thresholds are employed to define positive and negative samples. Each anchor’s IoU
with all ground truth is calculated, designating anchors above the higher IoU threshold
as positive samples and those below the lower threshold as negatives. Additionally, the
anchor position with the highest IoU among all anchors is considered a positive sample
for each ground truth if the IoU exceeds the minimum threshold. Other anchors are
ignored during training and do not participate in the network’s gradient update. As
an illustration, Faster R-CNN [3] employs this strategy along with a random sampling
of anchors to train its RPN and R-CNN modules. Building on Faster R-CNN, Libra R-
CNN [10] enhances the sampling method with a more scientifically grounded approach. On
the other hand, RetinaNet [6] does not use any sampling and instead relies on two distinct
and strict thresholds for positive and negative samples. These thresholds ensure that each
ground truth has precisely one positive sample assigned. Regarding Anchor-free detection
algorithms, FCOS [11] determines sample matching based on whether the sample point
falls within the center region of the ground truth. Moreover, it utilizes different regression
ranges at various FPN feature layers. On the other hand, CenterNet [12] relies on the center
point of the ground truth and introduces a Gaussian heatmap to determine positive and
negative samples.
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In recent years, there has been an increasing emphasis on adaptive strategies for
label assignment in object detection. Notably, FreeAnchor [13], ATSS [14], OTA [15],
AutoAssign [16], etc., have made significant contributions in this direction. FreeAnchor
employs a loss function that eliminates the manual specification of anchors. It utilizes
maximum likelihood estimation, enabling the network to autonomously learn to select
anchors that best match the ground truth. ATSS introduces adaptive training sample
selection by calculating the mean and variance of the IoU between candidate boxes of
positive samples and ground truth. This approach dynamically determines IoU thresholds
for dividing positive and negative samples. The OTA algorithm formulates the label
assignment process as an optimal transport problem, leveraging global information to find
the optimal sample-matching strategy and thereby improving accuracy. AutoAssign, based
on FCOS, takes a completely data-driven approach by dynamically matching positive and
negative samples without prior knowledge, making the label assignment process more
flexible and adaptable. On the other hand, TAL (task alignment learning) [17] focuses on
bringing the optimal anchors of classification and regression tasks closer together. This is
achieved by designing a sample allocation strategy and a task alignment loss, which work
together to gradually unify the optimal anchors of classification and localization tasks. The
goal of TAL is to enhance the overall performance of the detector.

During the evolution of the YOLO series, significant variations have occurred in its
label assignment approach. In YOLOv1 [4], the IoU between the two bounding boxes of the
grid containing the center point of the ground truth is calculated, and the larger bounding
box is considered a positive sample. In YOLOv2 [18] and YOLOv3 [19], the label assignment
is similar to RetinaNet, ensuring each ground truth has a unique positive sample. Due to
YOLO’s nature, the anchor considered must belong to the grid containing the center point of
the ground truth. In YOLOv3, multi-scale prediction is employed across different prediction
layers, while YOLOv4 [20] takes a different approach and treats all anchors as positive
samples as long as they surpass the IoU threshold. Furthermore, Zheng et al. simplified the
sample assignment strategy of OTA and introduced SimOTA to achieve a balance between
positive and negative samples [21]. SimOTA utilizes a Top-K approximation strategy, which
involves using the IoU values of ground truth and anchors with the loss matrix to find the
best match of samples. This approach significantly accelerates the training process and
has been successfully applied in YOLOX [21]. Subsequently, it has also been implemented
in YOLOv7 [22] detectors. Moreover, in YOLOv6 [23], a comparison was made between
SimOTA and TAL, and it was concluded that TAL is more effective in stabilizing training
and improving detection performance.

The YOLOv5 detection algorithm utilizes a label assignment approach that matches
and filters anchors based on shape (i.e., the extremes of width-to-height ratios) across
multiple detection layers. Additionally, the algorithm augments positive samples through
a cross-grid expansion strategy, thereby enhancing the network’s ability to learn and
detect targets effectively. This static label assignment method has proven to achieve
impressive detection accuracy and generalizability within its detection framework at that
time. But now, its positive impact on training compared to the latest dynamic matching
strategies needs to be further extended. For other label assignments, some of them, such
as FreeAnchor [13], ATSS [14], TAL [17], and OTA [15], may introduce complexity to the
process and slow down the training; some are incompatible with anchor-based detectors
that possess the concept of grid, such as AutoAssign [16] and SimOTA [21].

2.2. Deformable Convolution

The conventional convolution operation involves dividing the feature map into rect-
angles of the same size as the convolution kernel and performing the convolution. In
contrast, group convolution groups the number of channels and uses different convolution
kernels for each group, reducing the number of parameters and making the network more
lightweight. Depth-separable convolution splits the convolution process into depth-wise
convolution and point-wise convolution, further optimizing the number of convolution
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parameters. Dilated convolution introduces dilation rates to increase the receptive field
of the convolution operation. However, these operations still perform convolution on an
N × N grid, resulting in a theoretical receptive field that is close to a rigid square, not
adequately capturing the actual shape of objects. To address this limitation, Dai et al. [24]
proposed DCN (Deformable Convolution), which introduces a learnable offset to the sam-
pling position of the convolution. This deformation makes the receptive field adaptive
to geometric changes, allowing for more accurate feature extraction and enhancing the
network’s adaptability to various deformations.

Zhu et al. [25] raised concerns about the introduction of irrelevant contextual infor-
mation in DCN due to the offset module. To address this, they proposed DCNv2, which
incorporates new learnable weights into the deformable convolution. This modification
helps mitigate the interference of irrelevant factors during model training. They demon-
strated that DCNv2 layers, when applied more extensively in the backbone network,
enhance the network’s ability to model geometric transformations effectively. On the other
hand, Wang et al. [26] initiated their work with the concept of constructing a large-scale
vision base model. Drawing insights from DCNv2 and taking inspiration from MHSA [8]
along with depth-separable convolution, they devised a more lightweight deformable con-
volution known as DCNv3. Implementing DCNv3 in their approach called InternImage,
achieves a state-of-the-art level in the detection task at the time.

Due to the diversity of visual task objectives, it is important for models to have
deformational representations, and adding deformable convolution to the network to
improve performance is a viable means of doing so, but it is more worthwhile to explore
how to achieve more efficient utilization.

3. Approaches

We devised two tricks to improve the detection accuracy of YOLOv5: incorporating
deformable convolution into the backbone network and refining the label assignment
strategy for samples. Figure 1 illustrates the framework of our approach. The introduc-
tion of appropriate deformable convolutions enhances the adaptability of the backbone
network to accommodate diverse morphologies and poses of targets within images, and
this advancement leads to improved detection results, particularly for categories exhibiting
significant variations and challenging features. Simultaneously, the optimized label assign-
ment provides more suitable learning targets for the model, ultimately resulting in higher
detection accuracy. These combined improvements enhance the overall effectiveness and
efficiency of the YOLOv5.
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3.1. Petal-like Sample Amplification (PSA)

The sample matching method of YOLOv5 involves two stages. In the former stage,
each detection layer has three anchors of different sizes for every grid. For each ground
truth, the ratio of its length to width is calculated with different anchors, and if the ratio falls
within the specified threshold range of 0.25–4, the associated anchor is considered a positive
sample. The grid where the center point is located is also treated as a positive sample, and
its own confidence loss is calculated. Additionally, when the centroid of the ground truth
falls into a different region of the grid, the associated anchor of the corresponding adjacent
grid will also be expanded as a positive sample. As shown in Figure 2, the center points
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of the ground truth represented by the red, orange, green, and white dots are located in
the upper right corner area of their respective grids. Therefore, the associated anchors of
the grid above and to the right will also be considered positive samples, as depicted in
the three gray boxes in the figure. This process expands the positive samples twice for
each case.
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We firmly advocate for sample augmentation across grids to be conducted within the
appropriate range. Previous studies have utilized a solid circle centered at the object’s
center to define positive samples [27]. Moreover, it has been observed that pixels within
the theoretical receptive field contribute to the output cell with an asymptotically Gaussian
distribution [28]. Integrating the circle-like characteristics of the effective receptive field
into the sample selection process would further enhance the quality of positive samples [29].
By incorporating these insights, the sample should be expanded into the positive sample
because it can ‘feel’ the ground truth. Specifically, we draw a circle with the centroid of each
grid as the center and a certain length as the radius. If the centroid of the ground truth lies
within this circle, the associated anchors of that grid are expanded into positive samples,
and this approach resembles the effective receptive field concept. Since the expanded
ranges of multiple neighboring grids will form a shape similar to two petals when they
overlap, we named it Petal-like Sample Amplication (PSA).

3.2. Deformable YOLO v5 Backbone (DYB)

Currently, in many detection algorithms, the backbone network employs blocks of
different sizes for feature extraction and processing at each downsampling stage. To
enhance the detection performance of YOLOv5 further, we introduce a crucial modification
in the backbone network. Specifically, we replace the normal convolution used in the
bottleneck structure of the C3 module of the YOLOv5s backbone network with a deformable
convolutional operator. The modification is depicted in Figure 3, and we carefully consider
the trade-off between accuracy and efficiency. We incorporate the deformable convolutional
operator at different downsampling stages of the YOLOv5s backbone, as illustrated in
Figure 4.

In our approach, we have designed two modules, namely D2C3 and D3C3, taking
inspiration from the characteristics of the deformable convolution operators DCNv2 and
DCNv3, respectively. These modules are applied to the backbone network of YOLOv5
to improve its detection performance. The D2C3 module utilizes the DCNv2 deformable
convolution operator, which has innumerable parameters. It employs separate projection
weights for each sampling point’s feature vector. On the other hand, the D3C3 module
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incorporates the DCNv3 deformable convolution operator, which is more lightweight. By
introducing grouped convolution, D3C3 becomes better suited to handle network levels
with a larger number of channels in the tensor. The design of these two modules allows
us to effectively leverage the strengths of DCNv2 and DCNv3 deformable convolution
operators to enhance the backbone network’s feature extraction capabilities. Table 1 shows
the cost of the different downsampling stages in the backbone network of YOLOv5s for
three modules: C3, D2C3, and D3C3. The number of groupings for the DCNv3 operator
in the D3C3 module is set to the same value as in InternImage [26], which is determined
by dividing the number of tensor channels it processes by 16. The computation cost is
simulated for each stage using an input size of 640 × 640 × 3. The comparison of these
costs allows us to assess the efficiency and performance of the different modules in the
backbone network of YOLOv5s.

Table 1. Cost of different downsampling phases for three blocks in YOLO v5s backbone network.

Stage 1 Stage 2 Stage 3 Stage 4

Params GFLOPs Params GFLOPs Params GFLOPs Params GFLOPs

C3 18.8 K 31.5 115.7 K 47.8 625.2 K 64.3 1.4 M 21.6
D2C3 50.1 K 67.3 240.5 K 68.6 999.1 K 57.2 1.2 M 30.4
D3C3 16.7 K 16.7 96.6 K 39.9 503.2 K 51.7 1.0 M 26.1

3.3. Urine Sediment Dataset

As the COCO dataset poses challenges due to its large number of categories and images,
we opted to conduct further validation of our method on the Urised11 urinary sediment
dataset. The Urised11 dataset is a subset of the Urised2022 dataset, sourced from the Hefei
Institute of Physical Sciences of the Chinese Academy of Sciences. The Urised11 dataset
comprises 7364 images and includes 11 categories with a total of 58,196 labeled instances.

3.3.1. Urine Sediment Detection

Urine sediment detection plays a crucial role in clinical pathology, particularly in
evaluating renal, urologic, metabolic, and diabetic disorders. It involves the microscopic
examination of a urine sample to analyze the density and number of cells, crystals, and
other particles present. The interpretation of urine sediment composition provides valuable
information about underlying diseases. For instance, the presence of red blood cells or
a tubular pattern may indicate glomerular disease, while the presence of white blood
cells may indicate infection or inflammation, and the presence of crystals may suggest
metabolic disorders, among other possibilities. Traditionally, this examination process
has been manually conducted by experienced professionals. However, this approach is
time-consuming, labor-intensive, subject to inaccuracies, and prone to subjective human
errors. In previous years, researchers have explored the use of traditional machine learning
algorithms in automating this process, and despite these efforts, achieving accurate and
efficient results suitable for practical clinical use remains a challenge.

Indeed, the advent of deep-learning-based target detection techniques has opened up
promising possibilities for automating the urine sediment detection process. Researchers
have made notable strides in this area, demonstrating the potential of deep learning in
this specialized domain. For instance, Liang et al. [30] introduced a multi-view residual
model that achieved significant advancements in automated urine sediment detection on
their self-constructed USE dataset. This work showcased the power of deep learning in
efficiently analyzing urine sediment compositions and extracting valuable information
from microscopic images. Additionally, Avci et al. [31] applied innovative super-resolution
and denoising image processing techniques to further enhance urinary sediment detection.
Their approach demonstrated how combining deep learning with sophisticated image pro-
cessing methods can lead to improved accuracy and reliability in detecting and analyzing
urinary sediment samples.
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3.3.2. Datasets in the Field of Urine Sediment Detection

Microscopic images of urinary sediment are obtained by placing the urine sample
on a slide and examining it under a microscope after centrifugal precipitation to separate
out the urinary sediment. However, labeling these images presents challenges due to
the characteristics of optical blurring, cellular overlap, low contrast, and small cell size.
Furthermore, detecting the observable components of these images is also notably difficult,
adding to the complexity of targeting detection.

The majority of publicly available datasets for urinary sediment exhibit limited quan-
tities of images, and their labeling lacks uniformity and standardization. However, with
the increasing prevalence of computer vision applications in urine sediment detection in
recent years, there has been a surge in the development of new object detection datasets.
These datasets aim to address the shortcomings of the earlier collections and provide more
comprehensive and standardized resources for the advancement of this field. Dipam’s
UMID (urine sediment microscopic image) dataset comprises 366 images with a total of
3.733 k labels, including three types: RBC, pus, and epithelial cells [32]. Liang’s USE
dataset contains 5.377 k images with 42.759 k labels, categorized into seven classes: Cast,
cryst, epith, epithn, eryth, leuko, and mycete [30]. Recently, Tuncer et al. acquired urine
images from 409 patients from hospital applications, resulting in 8509 instances covering
8 categories: Erythrocyte, Leukocyte, Epithelial, Bacteria, Yeast, Cylinders, Crystals, and
others (sperms, etc.) [33].

3.3.3. Urised11

The Urised11 dataset is an extensive collection of 7.364 k microscopic images of urinary
deposits, each sized 720 × 576 pixels, containing a total of 58.196 k labels. The dataset
encompasses 11 distinct categories: Erythrocytes (eryth), leukocytes (leuko), leukocyte
clusters (leukoc), squamous epithelial cells (epith), non-squamous epithelial cells (epithn),
cast, pathological cast (pcast), spermatozoa (sperm), yeast (yeast), mycete/bacteria (mycete),
and crystals (cryst). Hence, it is aptly named Urised11. To facilitate training and evaluation,
the Urised11 dataset is partitioned into a 4:1 ratio, with 5891 images allocated to the training
dataset and 1473 images to the evaluation dataset. According to the number of labels in
Urised11 in Table 2, we can see that the number of labels in each category roughly matches
the 4:1 ratio.

There are significant variations among the components of the same class in Urised11.
Among them, seven components exhibit substantial differences, and we have listed them
in Table 3. To assess the similarity of images belonging to each class of urinary sediment
components, we utilized the AlexNet [34] deep convolutional network in conjunction
with the perceptual metric LPIPS (Learned Perceptual Image Patch Similarity) [35]. The
LPIPS value represents the average image-perceived similarity between two instances of
100 randomly selected image examples from each class of components, effectively indicating
the intra-class similarity of the urinary sediment components within that specific class.
Higher LPIPS values indicate greater intra-class variation among these images. Notably,
the source of the Urised11 dataset’s images stems from the observation of urinary sediment
precipitated after centrifugal sedimentation. As a result, its target background exhibits
less variability compared to that of the COCO2017 dataset. Consequently, the intra-class
differences primarily stem from the target’s deformation and pose changes.

The urine sediment dataset we used has only 11 categories, which is not sufficiently
comprehensive in terms of the classes of urine sediment. But the Urised11 dataset is
sufficient to validate the performance of the assay in this field. The content of this work
is still being continuously updated, and the next step will be to expand and refine the
assay types to 36 observable components of urinary sediment, which can better fulfill the
practical needs in this field.
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4. Experiment
4.1. Experimental Environment and Details

Our experiments were conducted on a DELL PowerEdge 640 server equipped with
four GeForce RTX 3090 GPUs (24GB memory). The software environment utilized for the
experiments included Ubuntu 20.04, CUDA 11.2, Python 3.9, and PyTorch 1.12.1. Dur-
ing training, we employed the SGD optimizer, selecting the CIoU Loss as the bound-
ing box regression loss, with a batch size of 64 per graphics card. We followed the
default configuration of YOLOv5, setting the initial learning rate to 0.01, learning rate
decay to 0.0005, running the training for 300 epochs, and using an input image size of
640 × 640. We trained and evaluated our method on the COCO2017 dataset [36] and
VOC07 + 12(see Appendix A). Additionally, we conducted a comparative analysis between
our method and other SOTA (state-of-the-art) detection methods using the Urised11 dataset.
For fairness, the other SOTA (state-of-the-art) detection methods were standardized within
the MMDetection [37] toolbox.

4.2. Evaluation Metrics

The more common evaluation metrics in object detection are accuracy (Precision), recall
(Recall), average precision (AP), parameters, FLOPs and frames per second (FPS). The
specific formulas are as follows:

Precision(P) =
TP

TP + FP

Recall(R) =
TP

TP + FN

AP =
1
n

n

∑
i=1

∫ 1

0
P(R)dR

where TP (true positive) means the sample is correctly classified as positive; FP (false
positive) means the sample is incorrectly classified as positive; FN (false negative) means
the sample is incorrectly classified as negative; n denotes the number of categories; and AP
is the average value of area under the PR curve for each category.

In this paper, the COCO [36] criterion was adopted using pycocotools tool implemen-
tation. AP (average of mean accuracies with IoU within [0.5:0.95]), AP50 (mean accuracy
with IoU threshold of 0.50), AP75 (mean accuracy with IoU threshold of 0.75), APs (mean
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accuracy for small targets), APm (mean accuracy for medium targets) and APl (mean
accuracy for large targets) are used as the evaluation metrics. Params are used to measure
the size of the model, FLOPs describe the complexity of the algorithm, and FPS indicates
how many images can be processed per second.

4.3. Experimental Results and Analysis

Table 4 presents the results of our ablation experiments conducted on the COCO2017
dataset. Notably, due to variations in experimental conditions, including hardware, hyper-
parameters, and certain training techniques, our benchmark achieves a maximum Average
Precision (AP) of 38.0. Specifically, the improved sample matching rule, PSA (Petal-like
Sample Amplification), provides a marginal boost of 0.1 AP. However, this enhancement
in APm and APl is offset by the model’s regression in APs. Nevertheless, the addition of
DYB (Deformable YOLOv5 Backbone) yields a substantial overall improvement, resulting
in a boost of 1.8 in APs. Moreover, combining PSA and DYB results in an even more signifi-
cant boost of 3.2 AP, proving to be a compelling overall improvement. Importantly, this
enhancement is achieved with a mere 5.5% and 4.3% increase in the number of parameters
and GFLOPs, respectively. Particularly noteworthy is the significant 2.2 AP boost observed
for small targets. Furthermore, as depicted in Figure 5a, the detection effect justifies the rise
in inference time after the computational cost increases. The improvements in detection
accuracy are worthwhile, considering the marginal increase in inference time.

Table 4. Comparison experiments on COCO2017.

Method #Params GFLOPs FPS AP AP50 AP75 APs APm APl

YOLOv5s 7.2M 16.4 75 38.0 57.9 40.8 22.6 43.0 48.8
+PSA 7.2M 16.4 75 38.1 58.1 40.9 21.5 43.3 49.0
+DYB 7.6M 17.7 69 41.1 60.8 44.4 24.4 45.9 54.4
+ALL 7.6M 17.7 69 41.2 61.3 44.4 24.8 45.9 53.9

The numbers in bold indicate the optimal value.
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Figure 5. Comparison of DP-YOLO and YOLOv5s (a) and comparison of the effect of PSA with
different values r of PSA on training (b). COCO AP val denotes AP as the metric measured on the
5000-image COCO2017 val dataset over various inference sizes from 256 to 640. GPU Speed measures
average inference time per image on COCO2017 val dataset using a GeForce RTX 3090 instance with
a batch-size of 64.

4.4. Impact of PSA on Label Assignment

Suitable expansion ranges are very important in PSA, and we relate the radius of the
expansion range to the side lengths of the grid and denote the multiplicative relationship
of its size by r. Then we conducted a test to determine the optimal value r of the PSA,
which involved comparing the detection effect of the PSA as a label assignment at various
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values of r of training on COCO2017. Although the model has not yet fully converged at
this point, it is sufficient to demonstrate the impact of different values r on training. The
results are presented in Figure 5b, where we can see that the detection effect reaches its best
when r is set to 1. At this time, the PSA has the closest decision space to the initial method
and the difference between them is shown by Figure 6. When the value of r is set to 0.5
or below, it signifies the abandonment of sample augmentation, and the results will be as
suboptimal as expected.
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Figure 6. Comparison of Initial Positive Sample Amplification (a) and Petal-like Sample Amplication
(value r = 1) (b). The red dot indicates the center point of the ground truth, while the light blue box
indicates that anchors of these grids are considered available as positive samples.

Table 5 illustrates the comparison of positive samples in the COCO2017 dataset be-
tween the initial label assignment stage of YOLOv5 and the label assignment with PSA.
Detection layers 1, 2, and 3 correspond to the three different scales of detection layers fol-
lowing the neck structure shown in Figure 4, catering to small, medium, and large objects,
respectively. The results reveal that PSA leads to an overall increase of approximately 5%
in the number of positive samples. Moreover, experimental evidence demonstrates that the
overall quality of the samples also improves, as indicated in Table 4. The introduction of
the new sample matching mechanism ensures that the ground truth, positioned at different
locations within the grid, attains a more appropriate combination of anchors for simulation.
At the same time, the PSA method will still lead to randomness due to the influence of the
target location on the determination of positive samples, which will make it more effective
for medium and large targets. Consequently, the model benefits from a superior learning
target, facilitating enhanced effectiveness during training and making it a valuable addition
to the YOLOv5 framework.

Table 5. Number of positive samples on the COCO 2017 dataset for different positive sample
expansion methods.

Expansion Strategy
Number of Positive Samples

Total Number of
Positive SamplesDetection

Layer 1
Detection

Layer 2
Detection

Layer 3

Inital 3,273,436 4,264,833 3,136,284 10,674,553
PSA

Additional rate
3,437,983
+5.03%

4,474,331
+4.91%

3,291,197
+4.94%

11,203,511
+4.96%

4.5. Comparison Experiments about DYB

The new C3 module incorporating different DCN operators is applied to the backbone
network of YOLOv5, replacing the C3 module after each downsampling operation, allowing
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the backbone network to obtain a large improvement in feature extraction. In Table 6, we
present the results of our comparative experiments aimed at finding the best alternative.
For the sake of controlling variables, we utilize PSA as the sample-matching method
throughout these experiments. The notation used in the table includes “I”, which indicates
the use of the D2C3 module in the former I stages, and “J”, indicating the adoption of
the D3C3 module in the J stages from backward to forward in the backbone network.
Upon analysis, we find that the best choice for achieving optimal detection accuracy while
managing computational costs is to use the D3C3 module only in the last downsampling
phase of the backbone network. Simultaneously, the D2C3 module should be used in all
other stages throughout the backbone.

Table 6. Exploration of D2C3 and D3C3 replacement backbone networks.

I + J #Params GFLOPs AP AP50 AP75 APs APm APl

- 7.2 M 16.4 38.0 58.0 40.8 22.7 43.0 48.8
0 + 4 6.9 M 15.6 40.2 60.0 43.4 23.7 44.8 53.1
1 + 3 6.9 M 16.8 40.6 60.5 43.8 24.0 45.3 54.0
2 + 2 7.1 M 17.7 40.9 60.7 44.0 24.8 45.7 54.3

3 + 1 (*) 7.6 M 17.9 41.2 61.3 44.4 24.8 46.0 54.0
4 + 0 8.0 M 17.7 40.6 60.4 44.0 24.4 45.4 54.2

* indicates that the result is best and the numbers in bold indicate the optimal value.

4.6. Comparison with SOTA Method on Urised11 Dataset

In the pursuit of fair comparisons, we select backbone networks with sizes that closely
align with the same order of magnitude for different detection frameworks. For instance,
Faster RCNN [3], Retinanet [6], and FCOS [11] employ ResNet18 [7] as their backbone. On
the other hand, SSD [5] and YOLOv3 [19] rely on VGG16 [38] and Darkne53, respectively.
Finally, YOLOv5 and YOLO X [21] opt for model size classes, all denoted as “s”. Table 7
showcases the results of evaluating the COCO 2017 dataset, organized in ascending order
of Average Precision (AP). Our method demonstrates unparalleled detection accuracy,
outperforming numerous state-of-the-art methods, all while utilizing a relatively modest
number of parameters and computational resources.

Table 7. Comparison with SOTA method on Urised11 dataset.

Method Size #Params GFLOPs AP AP50 AP75 APs APm APl

YOLOv3 [608, 608] 61.5M 58.9 43.0 68.1 50.4 35.5 45.4 45.3
Faster RCNN [1333, 800] 28.3M 126 45.6 70.8 53.2 35.3 48.6 48.3

Retinanet [1333, 800] 20.0M 126 47.1 71.1 55.2 37.8 49.1 53.2
FCOS [1024, 1024] 19.2M 122 47.2 73.9 54.1 31.1 50.2 49.7

YOLOv5 [640, 640] 7.0M 15.8 48.2 73.8 56.5 33.6 50.3 52.8
SSD [512, 512] 25.9M 88.9 48.4 73.8 57.5 39.1 51.1 52.1

YOLOX [640, 640] 8.9M 13.3 48.7 75.2 58.4 37.8 51.6 49.8
DP − YOLO [640, 640] 7.4M 17.3 49.2 76.2 57.2 32.8 50.7 54.1

Regarding the detection results for each category in Urised11, Table 8 provides the AP
detected for each category at an IoU threshold of 0.5 for NMS (non-maximum suppression).
Remarkably, our method showcases significant improvements in detection accuracy relative
to YOLOv5 across all seven categories of targets with large intra-class differences in Table 3.
Of particular note is the remarkable improvement in the mycete, sperm, pcast, and epithn
categories. In comparison to other SOTA (state-of-the-art) methods, FCOS [11], SSD [5]
and YOLOX [21] achieve the highest AP50 in some categories. However, our method
outperforms all competitors, securing the best overall performance. It was either ranked
first or at the top of the list in the seven categories shown in Table 3. This accomplishment
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exemplifies its robustness in detecting categories with significant intra-class variance which
is the main reason for the overall improvement in detection performance.

Table 8. Comparison with SOTA method under each category.

Method Eryth Leuko Cryst Epith Yeast Cast Leukoc Mycete Sperm Pcast Epithn

YOLOv3 73.7 87.3 82.5 84.8 85.9 64.4 65.6 45.9 57.1 56.6 44.7
Faster RCNN 75.3 90.6 87.6 91.3 88.5 72.6 76.4 43.5 35.6 62.7 55.1

Retinanet 74.9 91.1 87.3 92.2 89.8 73.5 77.2 41.1 37.2 63.1 54.7
FCOS 75.9 92.6 88.7 92.2 89.5 71.7 80.2 53.4 47.8 66.4 54.9

YOLOv5 75.8 92.2 87.3 90.1 90.4 71.4 76.4 56.8 58.9 62.9 49.8
SSD 83 92.4 89.4 91 90.3 74.6 75.9 42.5 52.4 63 57.8

YOLOX 97.4 93.3 88.4 91.8 91.1 68.9 74.7 54 52 63 52.8

DP − YOLO
76.1 93.6 89.1 91.4 91.7 72.4 74.3 61.1 67.3 64.9 55.8
+0.3 +1.4 +1.8 +1.3 +1.3 +1 −1.9 +4.3 +8.4 +2 +6

Figure 7 represents the progress of our approach during the training process, and we
can see that there are some fluctuations in the training of DP-YOLO on the Urised11 dataset
as the number of training epochs increases. However, this problem is smaller relative to
YOLOv5, which may indicate that the size of this dataset needs to be expanded. In addition,
this problem did not occur on the COCO2017 dataset, so we believe that DP-YOLO has
good generalization ability and does not exacerbate overfitting.
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5. Conclusions

The field of deeplearning-based object detection methods exhibits tremendous promise
and also faces several challenges. In pursuit of further enhancing detection effectiveness
and addressing the complex issue of large intra-class variations resulting from target
deformations and attitude changes, we have made significant improvements to the YOLOv5
detection algorithm. These enhancements encompass label assignment optimization and
structural modifications to the backbone network, leading to a refined and more accurate
model. Crucially, these advancements have been achieved while maintaining a small
computational cost. The resulting method, aptly named DP-YOLO, undergoes rigorous
validation on the Urised11 dataset. The evaluation affirms its effectiveness in bolstering
the detector’s comprehension of target features, resulting in greater adaptability to various
instances of target deformations and attitude changes. Moreover, this improved paradigm
can be seamlessly integrated into other anchor-based detectors utilizing grid concepts,
such as YOLOv3 and YOLOv7. Meanwhile, more issues are worth exploring, such as
the stochastic nature of the PSA, which leads to the fact that there is still space for the
improvement of DP-YOLO in small target detection.
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Appendix A

Table A1 presents the results of the ablation experiments conducted on the
VOC07 + 12 generic dataset, employing COCO evaluation metrics. While the detection
results on VOC07 + 12 were already quite satisfactory, our method still manages to achieve
a noteworthy improvement of 1.0 AP. The enhanced sample matching rule, PSA, plays
a significant role in this advancement, contributing a 0.3 AP boost. Additionally, the
improved backbone network structure, DYB, further elevates the AP boost to 0.7. In com-
parison to the results on the COCO2017 dataset, the performance gains achieved with
the PSA method on VOC07 + 12 exhibit more stability. This can be attributed to two key
factors. Firstly, VOC07 + 12 contains fewer small targets compared to COCO2017, and as
seen in Table 4, PSA performs exceptionally well for medium and large targets. Secondly,
our experimental settings adopt the YOLOv5 default scheme, which is originally more
tailored for the COCO2017 dataset. Consequently, for specific datasets without specialized
tuning parameterization, our method holds an advantage, as evidenced by the impressive
performance on both the Urised11 dataset and VOC07 + 12.

Table A1. Ablation experiments on the generic dataset VOC07 + 12.

Method AP AP50 AP75 APs APm APl

YOLOv5s 57.6 84.3 64.3 23.7 43.4 63.4
+PSA 57.9 84.8 64.5 26.9 44.5 63.6
+DYB 58.3 84.2 64.3 25.3 42.4 64.4
+ALL 58.6 84.1 65.4 29.0 42.6 64.8

The numbers in bold indicate the optimal value.
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