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Abstract: Single-stage detectors have drawbacks of insufficient accuracy and poor coverage capability.
YOLOF (You Only Look One-level Feature) has achieved better performance in this regard, but there
is still room for improvement. To enhance the coverage capability for objects of different scales, we
propose an improved single-stage object detector: Dq-YOLOEF. We have designed an output encoder
that employs a series of modules utilizing deformable convolution and SimAM (Simple Attention
Module). This module replaces the dilated convolution in YOLOEF. This design significantly improves
the ability to express details. Simultaneously, we have redefined the sample selection strategy, which
optimizes the quality of positive samples based on SimOTA. It can dynamically allocate positive
samples according to their quality, reducing computational load and making it more suitable for
small objects. Experiments conducted on the COCO 2017 dataset also verify the effectiveness of
our method. Dq-YOLOF achieved 38.7 AP, 1.5 AP higher than YOLOEF. To confirm performance
improvements on small objects, our method was tested on urinary sediment and aerial drone datasets
for generalization. Notably, it enhances performance while also lowering computational costs.

Keywords: computer vision; artificial neural networks; object detection

1. Introduction

With the rise of deep learning technology, the field of object detection has experienced
a revolutionary breakthrough, with a wide range of uses including in image recognition [1],
multimodality [2] and object tracking [3]. In the medical field, traditional urinary sediment
detection is influenced by many factors, such as consuming significant human and material
resources. Consequently, deep learning is gradually replacing traditional urinary sediment
detection. However, in practical applications, it is necessary to find a proper balance
between accuracy and computational efficiency to ensure that object detection technology
meets speed requirements while maintaining high accuracy.

Current object detection techniques are divided into two main types: two-stage algo-
rithms and one-stage algorithms. Compared to two-stage algorithms, one-stage detectors
are faster, simpler, and more efficient. One-stage algorithms, such as YOLO (You Only
Look Once) and SSD [4] (Single Shot MultiBox Detector), transform the object detection
problem into a single regression problem by directly learning the category probabilities
and bounding box coordinates of the objects. RetinaNet [5] uses focal loss to avoid the
category imbalance problem and employs FPNs [6] (Feature Pyramid Networks) to handle
multi-scale features. EfficientDet [7] is the current leader among single-stage detection
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algorithms, improving efficiency and accuracy through an effective network structure
and BiFPN (Bidirectional Feature Pyramid Network). Most current detectors, such as
YOLOV3 [8] and FCOS [9] (Fully Convolutional One-Stage Object Detection), rely on FPNs.
Thanks to the divide-and-conquer approach and feature fusion of FPNs, these detectors can
achieve higher accuracy. However, despite the significant improvement in accuracy, the
multiple-input-multiple-output encoder has limitations: FPNs make the network structure
complex and increase memory usage and inference time, making them difficult to deploy
on less capable machines.

YOLOF [10] (You Only Look One-level Feature) proposes a dilation encoder designed
to achieve feature separation of FPNs by integrating multiple dilation residual blocks of
different sizes, effectively addressing the problem of multi-scale object detection. However,
YOLOF is a single-stage feature detector, and the dilation rate parameter of the dilated con-
volution within the dilation encoder increases the number of model parameters, resulting
in an enlarged model that requires more computation. Moreover, the sensory field of the
dilated convolution is affected by the dilation rate and becomes larger, which may lead to
information loss or blurring, limiting the model’s ability to acquire global information and
restricting feature learning.

The YOLOF backbone network loses small-object information during multiple down
sampling. Moreover, the purpose of dilated convolution is to cover more objects on the cur-
rent feature map, making small objects difficult to cover. Sample selection plays a key role
in model training, and uniform matching of YOLOF uses the k nearest anchors as positive
samples for each ground truth but ignores positive samples with an IoU (Intersection over
Union) < 0.15. This approach allows all ground truths to obtain checkerboard boxes that fit
their scale as positive samples. However, although this method can achieve high accuracy,
it is not applicable to small objects. Therefore, in this paper, we mainly improve feature
extraction and sample selection, and the contributions are as follows:

1.  In this study, a more efficient deformable convolution combined with SimAM is
utilized by dynamically adjusting the convolution kernel. Accuracy improvement is
achieved on the COCO2017 dataset while maintaining a balance in computational
resource consumption.

2. This study proposes a dynamic sample selection mechanism based on SimOTA (Sim-
ilarity Overlap Threshold Assigner) improvement, which optimizes the selection
process of positive samples and dynamically determines their number. This results in
an effective balance of positive sample label assignments. The method shows signifi-
cant improvement in detecting objects of different scales, especially small objects.

3. The enhanced Dq-YOLOF is also validated on a specific urinary sediment dataset, and
the experimental results demonstrate that the accuracy of Dq-YOLOF is improved
across all scales and for various morphological objects, as shown in Figure 1.

(a) Ox(
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(b) OC
scales
scale range covered by feature () scales

Figure 1. (a) is the receptive field coverage of YOLOF's original method, which can cover features at
multiple scales; (b) is the improved method, which further expands on YOLOF’s original coverage
and improves on both small and large objects.
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2. Related Works
2.1. Feature Extraction

Convolutional neural networks have demonstrated significant results in the fields
of computer vision and deep learning. However, standard convolutional operations typ-
ically use convolutional kernels of fixed size and step size, limiting the ability to model
objects with varying morphology. Several improved approaches address this problem.
For example, grouped convolution [11] reduces the number of parameters by grouping
them in channel dimensions and using a different convolution kernel for each grouping;
depthwise separable convolution [12] further reduces the model parameters by dividing the
convolution process into channel-by-channel and point-by-point convolution; and dilated
convolution [13] increases the sensory field of the convolution operation by introducing an
expansion rate. Nonetheless, these methods still perform convolution on a fixed square
grid, which cannot fully match the morphology of real objects.

To overcome the above limitations, Dai et al. proposed the deformable convolution [14]
network, an innovative convolutional network that adaptively adjusts the size and offset
direction of the convolution kernel. When dealing with multi-scale and polymorphic objects,
deformable convolution adapts to the size and aspect ratio of the object by dynamically
adjusting the dimension and step size of the convolution kernel, thus achieving significant
improvements in the accuracy and efficiency of object detection.

Recent research developments have seen the application of deformable convolution in
various methods. For instance, Liu et al. [15] proposed a novel deformable convolution-
based face modeling method, achieving adaptive capture of facial features by learning a
deformable convolutional network. Additionally, Wang et al. [16] developed a method for
image segmentation using deformable convolution, efficiently performing the segmentation
task at different scales. These research results fully demonstrate the significant application
potential of deformable convolution in complex visual tasks such as object detection and
image segmentation.

On the other hand, the attention module can assign different weights to different
channels or regions in the space, thus helping the model to focus on extracting more impor-
tant information. The Transformer [17] architecture, through its self-attention mechanism,
enhances the detection model’s ability to globally characterize the feature maps, which
helps to moderate the model’s limitations in terms of perceptual range. DETR [18] employs
a Transformer encoder to process the output of the last layer of the backbone network as
well as the feature mapping embedded in the input query and locate the object entity in the
Transformer decoder stage.

Existing attention mechanisms typically generate one- or two-dimensional weights in
the channel or spatial dimensions, such as BAM [19] (Bottleneck Attention Module), which
connects channel attention and spatial attention in parallel. This differs from CBAM [20]
(Convolutional Block Attention Module), which connects both types of attention serially.
However, during the generation process, each neuron or spatial location in each channel
is treated with the same weight, limiting their learning ability. SimAM [21] is a unified
weighted attention module that derives 3D attention weights for feature maps without
requiring additional parameters. SInAM determines the attention weights directly by
calculating the similarity between elements in the input sequences, thus avoiding the
additional parameter learning process.

Together, deformable convolution and SimAM parameter-free attention are highly
significant in object detection tasks. Deformable convolution can more accurately model
objects with varying scales and aspect ratios by adaptively adjusting the size and step size
of the convolution kernel, thereby enhancing the model’s adaptability and effectiveness.
SimAM, as a parameter-free attention mechanism, determines the attention weights by
calculating the similarity between elements in the input sequence, thus avoiding the need
for additional parameter learning. The combination of these two techniques offers a more
flexible and efficient solution for object detection tasks and plays a crucial role in our
research work.
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2.2. Sample Selection

Convolutional neural network-based object detection algorithms can be mainly cat-
egorized into anchor-based and anchor-free in terms of the selection of positive samples.
For the task of object detection with multi-scale feature fusion, the anchor-free detector
dispenses with the need to adjust the hyperparameters associated with the anchor, thus
avoiding the large memory overhead required in calculating the Intersection over Union
(IoU) between the real bounding box and the anchor box, and further enhancing the effi-
ciency of training. For example, in the anchor-based detection method, YOLOv1 [22] selects
the anchor boxes with the largest IoU, with the ground truth box as the positive sample.
In contrast, adaptive training sample selection (ATSS [23]) is performed by calculating the
L2 distance from each sampling point to the center of the ground truth box and retaining
the first k points with the smallest distance. Subsequently, the IoU of these retained anchor
points to the ground truth box is calculated, and the sum of the mean plus variance of
these IoU is used as a threshold value, with only anchor points exceeding this threshold
considered as positive samples.

In anchor-free detection methods, Fully Convolutional One-Stage Object Detector
(FCOS) uses each point on the feature map that falls inside the true bounding box as a
training sample and distinguishes between the foreground and the background based
on whether the point is located inside the box. This approach reduces the number of
hyperparameters and achieves high performance in single-stage detection without ad-
ditional sophisticated techniques. SAPD [24] (Soft Anchor-Point Detector), in order to
simultaneously achieve scale dimension and spatial dimension, proposes soft-weighted
anchor points to generate a loss weight for each anchor point, and introduces soft-selected
pyramid levels to weigh each feature layer. PP-YOLOE [25] (an evolved version of YOLO)
employs a neck with CSPRepResStage and an EThead (Efficient Task-aligned Head), and
leverages the TAL (Task-aligned Assignment) label assignment algorithm. However, in
the task of object detection for single-scale features, the anchor-free detector is usually not
advantageous in terms of its multi-scale object detection capability because of its inability
to efficiently detect objects of different sizes in multiple feature map hierarchies.

In contrast, an anchor-based detector benefits from its predetermined a priori box,
allowing each pixel in the feature map to detect objects at multiple scales. Moreover,
the application of the anchor-based approach on a single-feature level does not lead to
an additional increase in memory consumption. YOLOv2 [26] and YOLOV3 introduced
anchor boxes where each grid cell produces three anchor boxes, and only the anchor box
with the largest IoU to the ground truth box is responsible for predicting that ground
truth box. This process employs a maximum IoU-matching strategy. Inspired by YOLOV3,
PP-YOLOV1 [27] (An Effective and Efficient Implementation of Object Detector) did not use
a complex backbone network or data augmentation techniques; it only employed a com-
bination of tricks. PP-YOLOV2 [28] (a Practical Object Detector), built upon PP-YOLOV1,
incorporates a Path Aggregation Network and utilizes the MISH (a Self Regularized Non-
Monotonic Neural Activation Function) to enhance detector performance. In terms of
loss calculation, PP-YOLOvV2 computes it in the form of soft labels. For example, YOLOF
performs object detection on a single-feature level by selecting the anchor points closest
to each real bounding box as positive samples to improve training efficiency. Compared
to FCOS, YOLOF sacrifices a certain amount of detection accuracy in exchange for faster
detection. The dynamic sample-matching strategy allows the detector to dynamically
adjust the number of positive samples during training.

SimOTA [29] is a well-known dynamic sample-matching strategy simplified and
applied in YOLOX (You Only Look One-level eXtreme). The method first selects the top-k
region proposals with the highest IoU with the ground truth box, then determines the
number of positive samples based on these boxes, and selects the region proposal with
the lowest loss as the relevant sample. SimOTA not only shortens training time but also
reduces dependence on additional hyperparameters. In this study, we further enhance the
efficacy of the sample quality selection strategy based on SimOTA. The method proposed
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in this paper aims to improve the accuracy of the detector while maintaining a balance
between detection speed and memory consumption.

3. Approach

To address the challenges faced by single-stage feature detectors in capturing objects
at different scales, this study optimizes the detection performance of YOLOEF. By integrat-
ing a parallel deformable convolution module into the output encoder, the detector can
dynamically adjust the sensory field size to more efficiently adapt to the diversity of object
morphologies and poses in the image, facilitating the capture of multi-scale feature infor-
mation. Additionally, more accurate label assignment is achieved through improvements
based on the quality of positive samples. The enhanced quality of the positive samples
provides the model with better learning objectives. Together, these improvements signifi-
cantly enhance the performance of the detector. A process map of the method is shown in
Figure 2.
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Figure 2. The figure shows the main process of our method, where we focused on improving the
encoder and decoder.

3.1. Feature Extraction

YOLOF, a single-stage feature detector that discards the Feature Pyramid Network
(FPN) structure, performs poorly with objects of varying scales. This study enhances
its output encoder by replacing the dilated convolution with a deformable convolution
to capture feature information at different scales more efficiently, optimizing detection
performance for multi-scale objects. This improvement significantly reduces the disparity
in detection effectiveness between small and large objects, further enhancing the model’s
applicability and robustness in complex scenarios.

In this study, a module is proposed and designed based on deformable convolution
and SimAM to enhance the performance of the YOLOF output encoder, which we named
the DS module.

The architecture of the encoder consists of a projector and a residual block. The projec-
tion layer is stacked using two convolution layers: a 1 x 1 convolution for dimensionality
reduction, followed by a 3 x 3 convolution for refining the semantic context to output a
512-channel feature map similar to that in a FPN. Four consecutively dilated residual blocks
with different inflation rates are then stacked to achieve output features with multi-scale re-
ceptive fields to cover objects at different scales. In each residual block, a 1 x 1 convolution
is used for channel reduction (with a reduction rate of 4), followed by a 3 x 3 expansion
convolution to adjust the receptive field according to different dilation factors, and a final
1 x 1 convolution to recover the number of channels.

In this paper’s approach (shown in Figure 3), the traditional 3 x 3 dilated convolution
is replaced by a combined module of deformable convolution and SimAM to capture scale
variations more efficiently and enhance detection performance. The DS module leverages
the deformable convolution’s ability to apply independent projection weights at each
sampling point, enhancing the model’s adaptability and flexibility to diversified features,
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as well as its ability to adapt to different location and scale feature variations, thereby
improving the network’s generalization ability.

——

SIMAM simAM
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3x3 3x3
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Figure 3. Diagrammatic representation of the dilated encoder structure. C5 is the input feature,
and P5 is the output feature. The label 3 x 3 represents the dilated convolution, SImAM is the
parameter-free attention, and DCN is the deformable convolution.

On the other hand, SimAM, as a parameter-free attention mechanism, can be learned
without additional parameters, reducing model complexity and the risk of overfitting
while being computationally concise and efficient. Through clever design, the DS module
enhances the feature extraction capability of the backbone network, fully leveraging the
advantages of deformable convolution and SimAM.

3.2. gOTA-Matching

The OTA (Optimal Transport Assignment) algorithm transforms the label assignment
problem into a globally optimal transmission problem. However, one of the main draw-
backs of the OTA [30] algorithm is its heavy reliance on the Sinkhorn—Knopp algorithm,
which increases time consumption during the optimization process. The subsequent opti-
mal transmission allocation (SimOTA) method simplifies the optimization process of OTA,
addresses its defects, reduces training time, and offers a more efficient label assignment
strategy for research in the field of object detection.

Inspired by erfOTA [31], this study proposes a label assignment strategy based on
object quality optimization (QOTA). qOTA optimizes the sample selection strategy accord-
ing to the principle of SImMOTA, considering the area ratio of the prediction box to the
ground truth box. It focuses on improving the quality of positive samples, especially when
detecting small-scale objects, as for small objects, the quality of positive samples has a
much greater impact on performance than quantity.

Generally, based on the prediction boxes predicted by the decoder, qOTA-matching
will first analyze the number of positive samples corresponding to each ground truth,
and then select consistent positive samples from the anchors. The process is divided
into two main phases: positive sample identification and positive sample selection. The
improvement in this paper is mainly in the phase of positive sample confirmation.

In the positive sample confirmation phase, a new parameter Wt is defined, which
represents the weight between the predicted box and the ground truth box. O represents
the Euclidean distance between the centers of the predicted box and the ground truth box,
while F, indicates the perception range of the backbone k. When O is bigger than F,, it
equals 1; otherwise, it equals 0. Ei,]- is the ratio of the area of the predicted box to the truth
box. When the predicted box is smaller than the actual box, E,;;;, represents the prediction
box. Epgx represents the ground truth box when the predicted box is larger than the ground
truth box. The opposite occurs when the predicted bounding box is larger than the ground
truth box.

Emin

E

- 1
v Enax ( )
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The label assignment based on the sample object quality (QOTA) strategy proposed in
this study integrates the area ratios of predicted and ground truth boxes in the matching
mechanism, which is the main difference from the erfOTA method. After the detector
outputs the prediction box, for each real object, the qOTA strategy will select a set of
topk closest prediction boxes as region proposals. Wt represents the weight between the
predicted bounding box and the ground truth box, and T}, denotes the positive sample
quality factor of the ground truth box. [ | indicates rounding up. The process by which the
qOTA strategy employs this meticulous matching method to ensure that each ground truth
object is matched with a set of T}, can be described as follows:

topk
T, = max({z Wt-‘,l) 3)

At this stage of positive sample selection, for each ground truth, the number of T,
anchors is chosen as the positive sample. Finally, classification is performed using focal
loss, and regression is performed using GloU [32] (Generalized Intersection over Union).
As shown in Figure 4, it can be observed that qOTA labels fewer boxes but is slightly more
accurate and works better for small objects and objects with diverse shapes.

Figure 4. The top is the box labeled for the original YOLOF sample selection and the bottom is the
box labeled for the Dg-YOLOF sample selection.

3.3. Urinary Sediment Dataset

To validate the performance of Dq-YOLOF against morphologically diverse objects,
we decided to test it on a urinary sediment dataset containing images from the Hefei
Institute of Physical Sciences, Chinese Academy of Sciences. We primarily screened the
dataset and selected images with better annotation quality and clarity for retention. The
dataset mainly includes 11 components: erythrocytes (Eryth), leukocytes (Leuko), leukocyte
clusters (Leukoc), squamous epithelial cells (Epith), non-squamous epithelial cells (Epithn),
clear tubular (Cast), pathological tubular (Pcast), spermatozoa (Sperm), yeasts (Yeast),
molds (Mycete), and crystals (Cryst). Hence, it is named Urised11.
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The Urised11 dataset contains 7364 urinary sediment images, all sized 720 x 576, with
a total of 58,063 labels. The training and validation sets were divided in a 4:1 ratio. The
training dataset contains 5891 images, while the test dataset has 1473 images. Figure 5
shows the number of labels in each category of the dataset, and Figure 6 illustrates the
percentage of small, medium, and large objects. It is evident that the percentage of small
and medium objects in the Urised11 dataset is significantly higher than that of large objects,
with small objects comprising 34%. In contrast, the COCO2017 dataset has a near 1:1:1
ratio for small-, medium-, and large-object labels. Therefore, the Urised11 dataset is more
suitable for validating Dq-YOLOEF.

28,796
_— The numbers of category
9 15k 1
Q
g
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S 10k A
8597
7696
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33190 3119 M 3269
1166 726 133 322 453

c Casy ley,, Peac. ley, o, Pir e, Loy Di
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category

Figure 5. Number of labels per each category in the dataset.

5%
= small = small
= medium = medium
= large = large

Figure 6. Number of small, medium, and large objects in the Urised11 dataset and COCO2017 dataset:
the left is the Urised11 dataset, and the right is the COCO2017 dataset.

The intraclass variation in the Urised11 dataset is also relatively large. This paper uses
the Learned Perceptual Image Patch Similarity (LPIPS [33]) and the structural similarity
(SSIM [34]) to evaluate the similarity of images within each class of urinary components. For
LPIPS, we randomly selected 100 objects in the dataset for each class of urinary component
and then used VGG [35] (Visual Geometry Group) to calculate the average similarity
between them pairwise. SSIM also uses the same method, as shown in Table 1, which
demonstrates some of the urinary sediment with large intraclass differences.
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Table 1. Examples of 11 different categories of cells.

Cell SSIM LPIPS Examples
Yeast 0.618 0.506
Cast 0.637 0.568
Mycete 0.726 0.511
Sperm 0.756 0.623
Epith 0.394 0.508
Leukoc 0.482 0.490
Cryst 0.402 0.483
Pcast 0.404 0.559
Epithn 0.465 0.508
Leuko 0.379 0.438
Eryth 0.423 0.423
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A smaller LPIPS value means higher similarity, while for SSIM, a larger value indicates
higher similarity. As shown in Table 1, which lists the LPIPS and SSIM values for the
eleven classes of example images, the mean LPIPS value is 0.510, with seven of the classes
below this mean. The lowest LPIPS is for erythrocytes, indicating that the morphology of
erythrocytes is relatively similar. The mean SSIM value is 0.48, with six classes above this
mean. The highest SSIM is for sperm, indicating that spermatozoa are more structurally
uniform. The two values, LPIPS and SSIM, reflect a more similar intraclass variation.
Morphologically, there is significant intraclass variation in each category, with different
colors and morphologies, despite being the same cells. The most noticeable differences to
the naked eye are in the tubular cells and yeast cells. According to the example images,
the Urised11 dataset has a more homogeneous background for the images. The intraclass
difference is mainly due to morphological changes in the objects, making it challenging to
use the Urised11 dataset for detection.

4. Experiments
4.1. Experimental Details and Environment

The experiments were conducted on a Dell T640 server equipped with a GeForce RTX
3090 GPU (24G RAM) using the software Ubuntu 20.04, CUDA 11.2, Python 3.9, and Py-
Torch 1.12.1. The main experiments in this paper were carried out using the detectron2 [36]
platform, a deep learning object detection toolkit based on the PyTorch framework.

Gradient descent and updating were performed using SGD [37] (Stochastic Gradient
Descent), and all models were trained with an initial learning rate of 0.12. The batch size
was set to 16 and all models were trained for 100,000 iterations.

4.2. Assessment of Indicators

The evaluation metric of the experiment uses COCO evaluation standards. AP (aver-
age AP with IoU at [0.5:0.95]), AP5y (AP with IoU = 0.50), AP75 (AP with IoU = 0.75), AP
(AP; for small objects), AP, (AP, for medium objects), and AP; (AP, for large objects)
were used as evaluation metrics in this paper. params is used to measure the size of the
model, GFLOPs (Giga Floating-point Operations Per Second) describe the complexity of
the algorithm, and FPS (Frames Per Second) indicates how many images can be processed
per second.

4.3. Comparison with Previous Detectors

This paper compares the Dq-YOLOF model with other state-of-the-art object detectors
on the COCO2017 validation dataset. The different detectors, where possible, all use
backbone networks of similar sizes and dimensions. The backbone network for Yolov3 uses
Darknet53 with an input image size of 416 x 416. SSD and Faster R-CNN use a backbone
network, ResNetl101. RetinaNet, TridentNet, and FCOS all use ResNet50 as the backbone
network. It can be seen that Dq-YOLOF exceeds the performance of many other methods.

Yolov5 is the more widely used model today, and its APsy accuracy is better than Dg-
YOLOF with a ResNet50 backbone, but lower than Dg-YOLOF with a ResNet101 backbone.
TridentNet [38] was the first model to use single-input-multiple-output (SiMo) encoders,
and in Table 2, the GFLOPs of TridentNet are smaller because it only uses the C4 layer
output of the backbone network. However, the results show that the average accuracy is
still lower than that of the method in this paper. FCOS outperforms Dq-YOLOF in terms
of FPS and computation due to the use of the Multiple-In-Multiple-Out (MiMo) encoder
and is only a little more accurate in terms of AP, than Dg-YOLOE. Nevertheless, weighing
the costs and benefits, this result is acceptable. Finally, we compare the YOLOF method,
which is the basic detector used in this paper. Our method, Dq-YOLOE-R50, is 1.5 AP
higher than YOLOF-R50. It is worth noting that for the difficult small-object detection
task, Dg-YOLOF improves by 0.7 AP, while Dg-YOLOF using ResNet101 as the backbone
reaches the highest for each AP. It can be seen that not only are the AP; improved, but also
the results are better for medium and large objects.



Electronics 2024, 13, 4204 11 0f 17
Table 2. Comparison of results of different object detection methods on COCO2017 dataset.

Method Params FPS GFLOPs AP APs, APy5 AP; AP, AP,
YOLOvV3 61M 18 58.9 31.8 55.3 31.8 14.2 34.1 46.4
YOLOvV5 72M 75 16.4 374 58.0 40.0 219 43.0 48.8
SSD 26 M 19 88.9 33.2 53.3 35.2 13.0 35.4 51.1
FasterRCNN 28 M 17 126 349 55.7 374 15.6 38.7 50.9
RetinaNet 38 M 13 201 359 55.7 38.5 18.9 39.5 48.2
TridentNet 33M 29 90 36.6 57.3 39.5 18.3 414 52.3
FCOS 32M 15 179 38.6 574 414 223 42.5 49.8
Dq-YOLOF 44 M 32 86 37.2 56.4 40.1 18.4 42.1 52.3
Dq-YOLOF-R50 43 M 34 81 38.7 57.5 41.7 19.1 43.1 55.9
Dg-YOLOF-R101 43 M 25 172 41.2 59.1 43.6 20.1 45.4 56.3

The bold text represents the maximum values or meaningful values.

4.4. Ablation Experiments

Since the Dg-YOLOF improvement involves two components, we need to verify their
impact on performance. The baseline is a YOLOF detector with an input image size [1333,
800] and a backbone network of ResNet50.

4.4.1. Impact of Components

Table 3 presents the experimental results of our ablation study. Our baseline achieved
an AP of 37.2, which is the lowest among the tested configurations. When the DS block
was added, we observed an increase in AP to 37.9, representing a 0.7 improvement over
the baseline detector. However, there was almost no improvement in the AP for small
objects, with the main gains seen in large objects. While there were improvements in all
precision metrics when the Transformer was utilized, they were relatively small, with the
AP increasing by only 0.3 and even decreasing by 0.2 in some cases. When qOTA-matching
was employed, the AP increased from 37.2 to 38.2, and the AP for small objects improved
by 1.2. Finally, our method, which incorporates both the DS module and qQTA, results in
Dq-YOLOF improving the AP by 1.5, with enhancements seen across all scales. This aligns
with our initial vision for Dg-YOLOEF, which is to enhance its ability to process features at
various scales.

Table 3. Ablation experiments on the COCO2017 dataset.

Method AP APs, APys AP; AP, AP,
Baseline 37.2 56.4 40.1 184 421 52.3
+DS 379 57.0 40.7 184 423 54.4
+tOTA 38.2 57.0 40.9 19.1 427 54.0
Dq-YOLOF 38.7 575 41.7 19.1 43.1 55.9

4.4.2. Impact of Transformer and CNN

To explore the CNN, the Transformer, and our method, we conducted experiments as
shown in Table 4. From the table, it can be seen that when the Transformer is used, the AP
is improved by 0.7 compared to YOLOE. When the CNN is used, the AP decreases by 0.3.
However, when both methods are used, the AP improvement reaches 1.3, but the model
becomes significantly more complex, resulting in poorer performance. Moreover, when
both the Transformer and CNN are used simultaneously, training becomes very difficult,
and the time consumed is much greater than that of Dg-YOLOF, and the AP will decrease
by 0.2 points.
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Table 4. The impact of CNN and Transformer.
Method Transformer  CNN Params  GFLOPs FPS AP
Dg-YOLOF v X 021 M 52.5 175 379
Dg-YOLOF X v 0.30 M 45.8 16.3 36.9
Dq-YOLOF v v 0.35M 55.5 15.5 38.5

Transformer represents adding Transformer attention after the DS module in Dg-YOLOF, while CNN represents
replacing the deformable convolution in the DS module with CNN convolution.

4.4.3. Impact of Topk

To verify the feasibility of our method, we experimented with some parameters. Firstly,
a comparison test was conducted for region proposal, specifically the number of region
proposals in qOTA-matching, which is used to calculate the number of positive samples
corresponding to each ground truth. As shown in Table 5, when topk = 7, the AP is the
highest, reaching 38.7. Considering all factors, we chose topk =7 as the default number of
region proposals. When topk is too large, it increases the complexity of the algorithm and
leads to incorrect matches, making the results more susceptible to interference and thus
reducing accuracy.

Table 5. Impact of region proposals on results.

Topk AP APs, APs AP; AP, AP;
5 379 56.6 40.6 18.8 43.2 54.0
6 378 57.6 40.6 19.0 42.6 54.3
7 38.7 575 417 19.1 43.1 55.9
8 38.6 56.9 418 17.8 426 54.2
9 38.2 57.1 404 185 427 55.3

The bold text represents the maximum values or meaningful values.

4.4 .4. Effect of Different Structural Convolution Blocks

According to Table 6, we can see that the highest accuracy is achieved when using
method e, and according to the table, we can see that the structures of b and ¢, and a and d
are the same, but the accuracy of c is higher than that of b. The reason is that the sensory
field of the dilated convolution will be affected by the dilation rate, which may lead to a
certain degree of loss of information or blurring, and the feature learning will be limited, so
the accuracy is not as high as when using the deformable convolution.

Table 6. Accuracy of five different structures.

Method AP APs APys AP AP, AP,
a 37.2 56.4 40.1 18.4 421 52.3
b 375 56.1 40.5 17.2 423 54.3
c 37.7 56.5 409 17.7 423 54.9
d 38.0 56.9 412 18.5 427 55.3
e 38.7 57.5 417 19.1 43.1 55.9

According to Table 7 and Figure 7, it can be seen that the number of parameters and
complexity of a and b are greater than the other three structures because a and b use the
dilated convolution, which introduces the dilation rate parameter to increase the number
of parameters in the model, increasing model size. It introduces spacing on the inputs,
which requires more computation to process, and higher computational clutter compared
to deformable convolution. After comprehensive balancing, Dg-YOLOF uses structure e.
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Table 7. Costs consumed by five different methods.

Method a b c d e

params 280 K 181 K 144 K 154 K 165 K

GFLOPs 1.15G 0.74 G 0.63G 0.63 G 072G
FPS 696.0 452.1 226.3 294 261

S S G S

simAM simnAM  simAM simnAM simAM simAM * *
* * * * * * DCN DCN
3x3 3x3
Conv Conv DCN DCN DCN DCN L|J
3x3 3x3 3<3 3x3 3x3 343 DCN
A A4 A4 A s
(a) (b) () (d) O]

Figure 7. Five structures compared with the original method, where (a) is the original method,
Conv stands for dilated convolution, DCN stands for deformable convolution, and simAM stands
for parameter-free attention. (b) employs parallel dilated convolution and deformable convolution,
followed by a simAM module in series after each convolution. (c) replaces the dilated convolution
in (b) with deformable convolution. (d) replaces the dilated convolution in a with deformable
convolution. (e) combines both (c,d).

4.4.5. Effects of Deformable Convolution Blocks

Method e combines c and d, so it is necessary to explore the impact of the number
of serial deformable convolution blocks on the results. Thus, comparative experiments
were conducted, as shown in Table 8. Finally, the number of serial deformable convolution
blocks was chosen to be two.

Table 8. The effect of stringing different numbers of deformable convolutional blocks in method e.

Num AP APsy APys AP AP, AP,
1 38.4 57.2 416 18.3 43.0 55.5
2 38.7 57.5 41.7 19.1 43.1 55.9
3 38.3 57.6 412 18.1 427 55.2
4 38.0 56.9 412 17.9 423 54.8

The bold text represents the maximum values or meaningful values.

4.5. Comparisons on the Urised11 Dataset

To verify whether Dg-YOLOF can enhance the detection of objects with various shapes,
we conducted experiments on the Urised11 dataset. As shown in Table 9, we found that
only the APs) accuracy decreased, while all other aspects showed improvements. Notably,
the greatest improvement was observed in the detection of small objects. The experiment
also tested the accuracy of each of the 11 categories in the dataset, as presented in Table 10.
Among them, Leuko and Epith achieved the highest AP of 60.0, likely because they both
have a relatively high number of labels and significant intracellular variability, making
them easier to identify. The AP of Mycete, Sperm, and Epith increased significantly by 5.1,
4.6, and 4.0, respectively. This can be attributed to their higher SSIMS, greater intraclass
similarity, and more dispersed distribution, which make them easier to detect and thus
result in higher improvements during Dq-YOLOF training. The AP growth of Eryth and
Epithn was smaller, with increases of only 0.8 and 0.2, respectively. This is because these two
categories have larger intraclass differences, significant variations in cell color, and the cells
tend to cluster together, leading to missed or mis-detected instances. Leuko, Cryst, Cast,
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and Pcast all showed improvements, but the improvements were not significant. This is
because these categories exhibit partial cell adhesion or aggregation, resulting in moderate
AP improvements. Leukoc, however, did not show any improvement due to its small
number of labels, high intraclass variability, and blurred background. Overall, our method
demonstrates good improvements in detecting small-scale objects and detecting in complex
environments. However, there are still some instances of missed or mis-detected objects,
and with a smaller training dataset, it becomes difficult to achieve further improvements.

Table 9. Comparison of accuracy on the Urised11 dataset.

Method AP APs, APys AP AP, AP,
YOLOF 442 71.1 50.9 25.5 46.2 47.0
Dg-YOLOF 46.2 71.5 53.9 32.9 47.9 49.0

Table 10. Comparison of accuracy for each category on a given urinary sediment dataset.

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

YOLOF 46.5 58.3 55.9 55.9 53.2 38.7 51.8 22.6 29.2 37.7 36.0
Dg-YOLOF 47.3 60.0 56.9 60.0 55.5 40.0 51.7 27.7 33.8 39.5 36.2
vs YOLOF +0.8 +1.7 +1.0 +4.1 +2.3 +1.3 —0.1 +5.1 +4.6 +1.8 +0.2

Loss Analysis

We plotted loss curves to analyze the training process. As shown in Figure 8, the
regression loss of this paper’s method is much lower than that of YOLOF when the input
images are the same, and the classification loss of Dq-YOLOF decreases faster at the
beginning, which may mean that it learns faster at this stage. The main reason for this is
that the urinary sediment data are mainly small and medium objects and only a few are
large objects. Since the classification loss reaches a better result at 20,000 iterations, a line
graph of the data between 0 and 20,000 is shown. It can be seen that both the classification
loss of Dg-YOLOF and the classification loss of YOLOF converge to very small values in
the end, but Dg-YOLOF is a little faster. This indicates that the model converges faster and
is more accurate. Based on these curves, we can conclude that the Dq-YOLOF model shows
faster learning speed in training both in classification and regression tasks, which indicates
that it is more efficient compared to YOLOF.

0.6 —— YOLOF 0.6 —— YOLOF
Dg-YOLOF Dg-YOLOF
0.5 0.5
o o
Qo4 C 0.4
T o3 0.3
0.2 0.2
MMWWWWM W\”‘
01 0.1 Wit A "
0 20,000 40,000 60,000 80,000 0 2,000 4,000 6,000 8,000 10,00012,00014,000
Iteration Iteration

Figure 8. Loss curves for YOLOF and Dq-YOLOF. The left is the regression loss and the right is the
classification loss.

4.6. Comparisons on the VisDrone Dataset

To verify the generalization capability of our research method, we conducted val-
idation experiments on the VisDrone2019 [39] dataset. The VisDrone2019 dataset is an
open-source dataset for object detection and tracking in unmanned aerial vehicle (UAV)
surveillance videos. It consists of 10,209 images, including 6471 images for training, 3190 im-
ages for testing, and 548 images for validation. It covers various traffic objects and pedes-
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trians in daily life scenarios, with a primary focus on small-object detection, making it
suitable for object detection research in complex environments. Therefore, this dataset can
effectively validate the effectiveness of our method.

According to Table 11, our method improves the average precision (AP) by 1.9 com-
pared to the original method. The AP of YOLOF is lower than that of TridentNet, ATSS,
and Faster RCNN. However, our method’s AP is higher than those, although our precision
on AP is the same as ATSS.

Table 11. Comparison of precision on the VisDrone2019 dataset.

Method AP APs, APys AP; AP, AP,
RetinaNet 15.6 19.1 10.5 47 183 23.7
FCOS 19 319 19.7 10.2 29.1 38.0
TridentNet 20.7 353 20.9 12.1 30.9 375
ATSS 21.1 36.3 23.1 13.1 3358 39.2
FasterRCNN 215 37.1 227 13.1 33.6 37.2
YOLOF 19.9 375 223 12.9 326 37.6
Dq-YOLOF 218 385 237 135 347 39.2

5. Conclusions

To address the issues of insufficient accuracy and poor coverage capability for multi-
scale targets in single-stage detectors, this study has improved the YOLOF by focusing
on the output encoder and label assignment strategy. In terms of encoder design, a novel
deformable convolution module has been adopted to replace the traditional dilated convo-
lution, effectively accommodating the scale and morphological variations of the detected
targets. Additionally, based on the principles of SImOTA, the sample selection strategy has
been optimized to emphasize the quality of positive samples over the quantity. This is par-
ticularly crucial when detecting small-scale targets, as the quality of positive samples has a
significantly greater impact on detection performance than their quantity for such targets.

Initially, comparative experiments were conducted on the COCO2017 dataset with
YOLOF and other models, verifying the effectiveness of the improved Dq-YOLOE. Further-
more, experiments were carried out on the Urised11 dataset, and the results indicated a
significant improvement in accuracy for targets with complex shapes and multi-scale char-
acteristics using Dg-YOLOF. Lastly, the VisDrone2019 dataset was utilized to validate the
generalization capability of Dq-YOLOF. Ultimately, it was demonstrated that Dq-YOLOF is
a valuable and effective method for addressing challenging scenarios in object detection.
However, we also found that for targets with a small number of labels and significant
intraclass variations, the improvement in accuracy with Dg-YOLOF was not pronounced.
In future research, we plan to further optimize the regression loss function and explore
more efficient encoder structures.
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