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Abstract: In recent years, anchor-free object detectors have become predominant in deep learning, the
YOLOv8 model as a real-time object detector based on anchor-free frames is universal and influential,
it efficiently detects objects across multiple scales. However, the generalization performance of
the model is lacking, and the feature fusion within the neck module overly relies on its structural
design and dataset size, and it is particularly difficult to localize and detect small objects. To address
these issues, we propose the FL-YOLOv8 object detector, which is improved based on YOLOv8s.
Firstly, we introduce the FSDI module in the neck, enhancing semantic information across all layers
and incorporating rich detailed features through straightforward layer-hopping connections. This
module integrates both high-level and low-level information to enhance the accuracy and efficiency
of image detection. Meanwhile, the structure of the model was optimized and designed, and the
LSCD module is constructed in the detection head; adopting a lightweight shared convolutional
detection head reduces the number of parameters and computation of the model by 19% and 10%,
respectively. Our model achieves a comprehensive performance of 45.5% on the COCO generalized
dataset, surpassing the benchmark by 0.8 percentage points. To further validate the effectiveness of
the method, experiments were also performed on specific domain urine sediment data (FCUS22),
and the results on category detection also better justify the FL-YOLOv8 object detection algorithm.

Keywords: object detection; YOLOv8s; feature fusion; lightweight shared convolution

1. Introduction

Object detection is a crucial component of deep learning and a trending subject in
recent years, which aims to precisely locate and classify objects during image or video
processing based on predefined categories in the dataset. Currently, object detection
finds extensive application across various industries such as transportation [1], artificial
intelligence [2], medical imaging [3], autonomous driving [4], and others.

With the rapid development of deep learning and computer vision technology, object
detection algorithms have evolved into anchor-based and anchor-free methods. Exam-
ples of anchor-free methods include CornerNet [5], FCOS [6], and the YOLO series. The
YOLOv8 model, in particular, stands out for its exceptional accuracy and speed, facilitating
real-time object detection in any scenario. The backbone network of this model is based on
the Darknet [7] architecture and incorporates ideas from CSP [8]. Typically, the model con-
ducts feature fusion operations on extracted backbone features. For instance, YOLOv3 [9]
employs a feature pyramid network and NAS-FPN [10] utilizes an adaptable feature pyra-
mid network architecture for feature fusion; Tan et al. [11] noted that the feature fusion
network of the FPN class performs only basic fusion and does not account for the varying
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contributions of features across different layers. Therefore, they proposed a weighted bi-
directional feature pyramid network that assigns weights to the contributions of different
layers, significantly improving model accuracy. Similarly, Peng et al. [12] believe that when
high-level features and low-level features are fused, they will be interfered by noise and
the limitation of dataset size; in response to this, YOLOv8 adopts the network structure of
PANet [13] in feature fusion of the neck, and through the introduction of the aggregation
network of top-down and bottom-up paths, it can adequately extract the feature maps
of different levels and improve the detection ability of the object, but it also brings some
problems, including information loss, distortion, and large memory occupation when the
high-level and low-level features are passed and information is spliced and fused, which is
not favorable for the detection of vague objects and small-scale objects; so, we first propose
the FSDI module to be applied in the field of object detection, which fuses the high-level
features and the low-level feature information by hopping the layer connection, which in
turn acquires more richly detailed information and improves the object detection accuracy.

As the field of object detection grows rapidly, research is increasingly focusing on
adopting more efficient detection heads. For instance, Feng et al. [14], in research related
to the detection of heads, observed that using decoupled heads causes a misalignment
between the classification and regression detection tasks due to their differing spatial
feature distributions. While the detection head of the YOLOv8 model adopts the design of
decoupled head [15], which separates the detection head of classification and regression
and can flexibly use the detection of objects in different scenarios, the model also uses the
DFL strategy in the integral form representation for regression, which further enhances the
performance of the model; however, the number of channels of the prediction head changes
under different datasets, which results in the model needing to traverse all channels during
detection, which also contributes to the increase in the computation of the detection head
of the model. In order to better solve the limitations brought by the decoupled head, this
paper uses the lightweight shared convolution to reduce computational and parametric
complexities in the detection head [16] and at the same time uses group normalization
GN (Group Normalization) [17] to enhance the performance of the model classification
and localization. In summary, the main contributions of this paper can be summarized
as follows:

1. A Fully Semantics and Detail Infusion (FSDI) module is developed to replace conven-
tional feature splicing during the feature fusion process. Additional shallow layers
are added to the fusion stage to improve feature integration. Then, the corresponding
feature information is processed using the Hadamard product to obtain more richly
detailed features;

2. The Lightweight Shared Convolutional Detection (LSCD) module is designed to
retain classification and localization features within the detection head, it utilizes
shared convolution to reduce parameters and computational load, and it might lead
to decreased accuracy. Then, after the convolution process, group normalization is
applied to offset any potential loss in accuracy. Additionally, scale layer scaling is
employed to facilitate the detection of objects across varying sizes.

Besides performing experiments under the generalized COCO dataset, the above
two approaches were combined to conduct relevant tests and analyses on domain-specific
urinary sediment datasets, with a significant decrease in the number of parameters and
computation and an improvement in the detection of different types of cells.

2. Related Work
2.1. Multi-Scale Feature Fusion

Multi-scale refers to the process of sampling signals at various levels of granularity [18].
Different features can be observed across different scales to facilitate object detection at
various levels. Feature fusion is a crucial technique in deep learning, enabling the com-
bination of features from different branches or layers. In image processing, conventional
multi-scale fusion often involves directly summing or splicing them together, typically
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through a straightforward operation. However, this approach may not always be optimal.
Effectively fusing multi-scale information to predict objects of varying sizes across different
scales can significantly enhance overall model performance.

Multi-scale feature fusion encompasses parallel multi-branch networks and serial
layer-hopping connectivity structures. Parallel multi-branch networks like SPPNet [19]
utilize multiple parallel convolutional layers to extract features from various receptive fields,
which are then processed and fused in separate branches before passing the final results
to the next layer, thereby balancing model performance and computational load more
effectively. In contrast, serial structures integrate features from different layers; for instance,
Liu et al. enhanced FPN [20] on SSD [21] by integrating deeper network advanced semantic
information into shallower networks for recognition. Also, Peng et al. improved the U-Net
Semantic Segmentation Network on FCN [22] incorporating an auxiliary decoder through
skip connections to enhance semantic features and improve network representation. PANet
introduces a bottom-up path aggregation module on FPN, providing precise semantic
information for high-level features while reducing the number of convolutional layers
required for information flow from high-level to bottom feature maps. PANet demonstrates
more significant effectiveness compared to FPN, but the computation and number of
parameters are also obviously increased.

2.2. Lightweight Convolutional Structures

When using convolution for feature extraction, the model will utilize multiple convo-
lution layers to obtain more useful information features. For example, He et al. proposed
Resnet [23], which is a classical convolutional neural network that provides thoughts for
training deeper networks by introducing residual connections. Still, in practical applica-
tions, this deep neural network leads to higher computational cost and network depth. The
model training and inference speeds are slow when dealing with larger datasets. while
lightweight convolution requires fewer parameters and less computation in some specific
domains and scenarios only by sacrificing some accuracy to obtain better real-time perfor-
mance. For instance, YOLOv7 [24] features the ELAN module, which incorporates grouped
convolution and grouping input feature maps to perform independent convolution oper-
ations within each group before merging the results. Depthwise Separable Convolution
(DWConv) [25], introduced by Google, is a widely adopted convolutional network structure
that convolves channels using a convolution kernel, promoting inter-channel information
exchange. This approach substantially reduces computational complexity and network
parameters, albeit with a potential performance degradation. One of them, MobileNet [26],
uses deeply separable convolution with multiple layers which greatly reduces the number
of model parameters and computations with a small reduction in accuracy. For example,
Iandola et al. proposed SqueezeNet [27], which simplifies the network complexity by
compressing the convolution kernel size and reducing the number of intermediate layer
channels to achieve model compression; the comparison of the number of parameters
before and after is shown in Table 1. In natural language processing, the BERT [28] model
is commonly used as a teacher model to improve the performance of lightweight models
by employing the concept of knowledge distillation [29] to transfer knowledge from a
complex model to a lightweight model. Lightweight models are particularly useful in
mobile devices, embedded systems, and resource-constrained environments.

Table 1. Before and after comparison experiments of lightweight model.

Architecture Approach #Params

MobileNet Full Convolution 29.3 M
MobileNet Depthwise Separable 4.2 M
SqueezeNe None 4.8 M
SqueezeNet Deep Compression 0.66 M
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2.3. Decoupled Detector Head

In object detection, the detection head of a model plays a crucial role in recognizing
features extracted from the backbone network. Traditional object detection models in deep
learning typically employ a single detection head to predict the category and position of
bounding boxes simultaneously. For example, YOLOv3 and YOLOv4 [30] utilize a coupled
detection head, where category and position predictions are consolidated. This method may
suffer from mutual interference as these tasks require distinct loss functions. Conversely,
models like FCOS, YOLOv6 [31], and YOLOv7 resolve this issue by adopting a decoupled
head design. Category prediction involves fully connected layers to determine category
probabilities, while location prediction calculates bounding box coordinates using convolu-
tional layers. This approach separates category and location prediction, each processed by
distinct branches within the network. For instance, adopting a decoupled head design in
YOLOX [32] notably enhances model convergence, resulting in a 4.2% increase in average
precision compared to models with coupled detection heads. While decoupled head design
improves model accuracy, it also increases the number of parameters and computational
load, potentially reducing generalization performance and limiting applicability across
different domains.

3. Method

This paper focuses on enhancing the detection performance of the YOLOv8s model
by refining the neck and head components. Figure 1 illustrates the improved FL-YOLOv8
model, integrating the novel FSDI and LSCD modules. The feature fusion method in the
neck is redesigned with a hopping connection approach, and the FSDI module incorporates
semantic and detail injections to enrich feature extraction, enhancing the perceptual ability
and average accuracy of the model. Furthermore, the model employs a decoupled head in
the detection module to segregate classification and regression tasks. An LSCD module
is reconstructed to minimize the number of parameters and computation of the model,
which improves the detection accuracy and efficiency of the model. These methodological
enhancements have yielded notable results on urine sediment data, facilitating more precise
urine detection.
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3.1. FSDI Module

The SDI module is primarily employed in image segmentation. U-NET V2 integrates
the SDI module into both the encoder and decoder to facilitate feature fusion through skip
connections. Initially, the encoder extracts features from the input image. Subsequently,
in the decoder, low-level features are integrated with high-level features to enrich the
detailed information from low-level features and the semantic information from high-
level features. This approach enhances the capability of the model for segmentation and
image reconstruction.

Since simply fusing the features by concatenating them would rely heavily on the
learning ability of the network, and since experimental results on model training in the
field of object detection vary due to differences in dataset sizes, the FSDI module was
chosen and applied to the field of object detection. Since the shallow layer contains
rich detail information, the relevant information will be lost in the process of constant
convolutional optimization, which will cause certain difficulties for the detection of the
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corresponding object, so an FSDI module, a more comprehensive semantic and detail
injection module, is constructed in the neck of YOLOv8, which fuses more comprehensive
image features by jumping layer connections. Firstly, the FSDI module optimizes the feature
maps extracted from the backbone network, and the number of channels is downscaled by
1 × 1 convolution, while the hopping layer connection fuses the shallower C2F module
which together perform the feature extraction of information. Then, interpolation algorithm
and constant mapping and pooling operation are applied to the feature maps of different
feature layers to unify the size of the feature maps, and deeper and shallower features are
fused to fully extract more semantic and detailed information, and then, all the results are
multiplied using the Hadamard algorithm.

In FSDI for feature fusion, with FSDI of the P4 layer as an example, as shown specifi-
cally in (b) in Figure 2, due to the different resolutions of the C2F of the layer P3 and the
C2F of the P4 layer, as well as the image resolution of the up-sampling layer, the size of the
FSDI passed on to the next layer is 40 × 40 × 512. The C2F of the P4 layer with the same
resolution is regarded as the i layer and represents the features from different layers as j,
and fij denotes the feature transformation from layer j to layer i. Equation (1) is as follows:
when j = i, the corresponding features are obtained via constant mapping, denoted by

Electronics 2024, 13, x FOR PEER REVIEW  5 of 17 
 

 

detailed  information  from  low‐level  features and  the  semantic  information  from high‐

level features. This approach enhances the capability of the model for segmentation and 

image reconstruction. 

Since simply fusing the features by concatenating them would rely heavily on the 

learning ability of the network, and since experimental results on model training in the 

field of object detection vary due  to differences  in dataset sizes,  the FSDI module was 

chosen and applied to the field of object detection. Since the shallow layer contains rich 

detail information, the relevant information will be lost in the process of constant convo‐

lutional optimization, which will cause certain difficulties for the detection of the corre‐

sponding object, so an FSDI module, a more comprehensive semantic and detail injection 

module, is constructed in the neck of YOLOv8, which fuses more comprehensive image 

features by  jumping  layer  connections. Firstly,  the FSDI module optimizes  the  feature 

maps extracted from the backbone network, and the number of channels is downscaled 

by 1 × 1 convolution, while the hopping layer connection fuses the shallower C2F module 

which together perform the feature extraction of  information. Then,  interpolation algo‐

rithm and constant mapping and pooling operation are applied to  the feature maps of 

different feature layers to unify the size of the feature maps, and deeper and shallower 

features are fused to fully extract more semantic and detailed information, and then, all 

the results are multiplied using the Hadamard algorithm. 

In FSDI for feature fusion, with FSDI of the P4 layer as an example, as shown specif‐

ically in (b) in Figure 2, due to the different resolutions of the C2F of the layer P3 and the 

C2F of the P4 layer, as well as the image resolution of the up‐sampling layer, the size of 

the FSDI passed on to the next layer is 40 × 40 × 512. The C2F of the P4 layer with the same 

resolution is regarded as the 𝑖 layer and represents the features from different layers as 𝑗, 
and 𝑓௜௝ denotes  the  feature  transformation  from  layer 𝑗 to  layer 𝑖. Equation  (1)  is as  fol‐
lows: when 𝑗 ൌ  𝑖, the corresponding features are obtained via constant mapping, denoted 

by Ⓘ; for 𝑗 ൐  𝑖 and 𝑗 ൏  𝑖, features are obtained via bilinear interpolation and pooling, 
denoted by Ⓓ and Ⓤ, respectively. Then, the images after the uniform resolution size are 

multiplied by the Hadamard code to obtain the final result. The principle of FSDI at layer 

P2 follows a similar approach. 

𝑓௜௝ ൌ ൞

 Ⓓ 𝑓௝        𝑗 ൐ 𝑖

Ⓘ 𝑓௝        𝑗 ൌ 𝑖

Ⓤ 𝑓௝        𝑗 ൏ 𝑖

  (1)

 

 
(a)  (b) 

Figure 2. (a) represents the fusion of FSDI modules in the PAFPN structure, and (b) represents the 

FSDI specific fusion process, in which Ⓧ represents the Hadamard product. 

   

;
for j > i and j < i, features are obtained via bilinear interpolation and pooling, denoted by

Electronics 2024, 13, x FOR PEER REVIEW  5 of 17 
 

 

detailed  information  from  low‐level  features and  the  semantic  information  from high‐

level features. This approach enhances the capability of the model for segmentation and 

image reconstruction. 

Since simply fusing the features by concatenating them would rely heavily on the 

learning ability of the network, and since experimental results on model training in the 

field of object detection vary due  to differences  in dataset sizes,  the FSDI module was 

chosen and applied to the field of object detection. Since the shallow layer contains rich 

detail information, the relevant information will be lost in the process of constant convo‐

lutional optimization, which will cause certain difficulties for the detection of the corre‐

sponding object, so an FSDI module, a more comprehensive semantic and detail injection 

module, is constructed in the neck of YOLOv8, which fuses more comprehensive image 

features by  jumping  layer  connections. Firstly,  the FSDI module optimizes  the  feature 

maps extracted from the backbone network, and the number of channels is downscaled 

by 1 × 1 convolution, while the hopping layer connection fuses the shallower C2F module 

which together perform the feature extraction of  information. Then,  interpolation algo‐

rithm and constant mapping and pooling operation are applied to  the feature maps of 

different feature layers to unify the size of the feature maps, and deeper and shallower 

features are fused to fully extract more semantic and detailed information, and then, all 

the results are multiplied using the Hadamard algorithm. 

In FSDI for feature fusion, with FSDI of the P4 layer as an example, as shown specif‐

ically in (b) in Figure 2, due to the different resolutions of the C2F of the layer P3 and the 

C2F of the P4 layer, as well as the image resolution of the up‐sampling layer, the size of 

the FSDI passed on to the next layer is 40 × 40 × 512. The C2F of the P4 layer with the same 

resolution is regarded as the 𝑖 layer and represents the features from different layers as 𝑗, 
and 𝑓௜௝ denotes  the  feature  transformation  from  layer 𝑗 to  layer 𝑖. Equation  (1)  is as  fol‐
lows: when 𝑗 ൌ  𝑖, the corresponding features are obtained via constant mapping, denoted 

by Ⓘ; for 𝑗 ൐  𝑖 and 𝑗 ൏  𝑖, features are obtained via bilinear interpolation and pooling, 
denoted by Ⓓ and Ⓤ, respectively. Then, the images after the uniform resolution size are 

multiplied by the Hadamard code to obtain the final result. The principle of FSDI at layer 

P2 follows a similar approach. 

𝑓௜௝ ൌ ൞

 Ⓓ 𝑓௝        𝑗 ൐ 𝑖

Ⓘ 𝑓௝        𝑗 ൌ 𝑖

Ⓤ 𝑓௝        𝑗 ൏ 𝑖

  (1)

 

 
(a)  (b) 

Figure 2. (a) represents the fusion of FSDI modules in the PAFPN structure, and (b) represents the 

FSDI specific fusion process, in which Ⓧ represents the Hadamard product. 

   

and

Electronics 2024, 13, x FOR PEER REVIEW  5 of 17 
 

 

detailed  information  from  low‐level  features and  the  semantic  information  from high‐

level features. This approach enhances the capability of the model for segmentation and 

image reconstruction. 

Since simply fusing the features by concatenating them would rely heavily on the 

learning ability of the network, and since experimental results on model training in the 

field of object detection vary due  to differences  in dataset sizes,  the FSDI module was 

chosen and applied to the field of object detection. Since the shallow layer contains rich 

detail information, the relevant information will be lost in the process of constant convo‐

lutional optimization, which will cause certain difficulties for the detection of the corre‐

sponding object, so an FSDI module, a more comprehensive semantic and detail injection 

module, is constructed in the neck of YOLOv8, which fuses more comprehensive image 

features by  jumping  layer  connections. Firstly,  the FSDI module optimizes  the  feature 

maps extracted from the backbone network, and the number of channels is downscaled 

by 1 × 1 convolution, while the hopping layer connection fuses the shallower C2F module 

which together perform the feature extraction of  information. Then,  interpolation algo‐

rithm and constant mapping and pooling operation are applied to  the feature maps of 

different feature layers to unify the size of the feature maps, and deeper and shallower 

features are fused to fully extract more semantic and detailed information, and then, all 

the results are multiplied using the Hadamard algorithm. 

In FSDI for feature fusion, with FSDI of the P4 layer as an example, as shown specif‐

ically in (b) in Figure 2, due to the different resolutions of the C2F of the layer P3 and the 

C2F of the P4 layer, as well as the image resolution of the up‐sampling layer, the size of 

the FSDI passed on to the next layer is 40 × 40 × 512. The C2F of the P4 layer with the same 

resolution is regarded as the 𝑖 layer and represents the features from different layers as 𝑗, 
and 𝑓௜௝ denotes  the  feature  transformation  from  layer 𝑗 to  layer 𝑖. Equation  (1)  is as  fol‐
lows: when 𝑗 ൌ  𝑖, the corresponding features are obtained via constant mapping, denoted 

by Ⓘ; for 𝑗 ൐  𝑖 and 𝑗 ൏  𝑖, features are obtained via bilinear interpolation and pooling, 
denoted by Ⓓ and Ⓤ, respectively. Then, the images after the uniform resolution size are 

multiplied by the Hadamard code to obtain the final result. The principle of FSDI at layer 

P2 follows a similar approach. 

𝑓௜௝ ൌ ൞

 Ⓓ 𝑓௝        𝑗 ൐ 𝑖

Ⓘ 𝑓௝        𝑗 ൌ 𝑖

Ⓤ 𝑓௝        𝑗 ൏ 𝑖

  (1)

 

 
(a)  (b) 

Figure 2. (a) represents the fusion of FSDI modules in the PAFPN structure, and (b) represents the 

FSDI specific fusion process, in which Ⓧ represents the Hadamard product. 

   

, respectively. Then, the images after the uniform resolution size are multiplied by
the Hadamard code to obtain the final result. The principle of FSDI at layer P2 follows a
similar approach.
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represents the Hadamard product.

3.2. LSCD Module

The detection head plays a pivotal role in object detection. YOLOv8 utilizes the preva-
lent decoupled head detection structure, which splits object detection into two distinct
tasks: classification and regression. Information is extracted through respective convolu-
tions, followed by loss computation for each task. The decoupled head design makes each
sub-task responsible for a specific category of object, which can realize the detection of
different categories of objects individually, focusing on their respective independent tasks
for detection and performance improvement, thereby significantly enhancing its flexibility
and stability. But through comprehensive analysis and research, it was found that the detec-
tion head occupies 20% of total computation resources. Increased computation affects both
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memory usage and speed. To optimize efficiency and reduce model complexity, we propose
the Lightweight Shared Convolutional Detection (LSCD) head. Our approach focuses on
using a lightweight design structure to better coordinate the accuracy and efficiency of the
network and reduce the number of parameters and computation of the model.

To construct a lightweight shared convolutional detection head, firstly, the number of
channels is changed by downscaling and upscaling the convolutional layers of different
feature maps, and secondly, the form of shared convolution is adopted, as shown in (b)
in Figure 3 below, so that the same convolution kernel can be used to extract features
in layers P2, P3, and P4, which can significantly reduce the number of parameters and
computation, but also accompanied by a decrease in the accuracy of the model along with
a reduction in the amount of computation. In this regard, we choose to further optimize
the detection head of the model, the features extracted after convolution are grouped on
the channel, and the way of normalization within the group can improve the performance
of the detection head classification and localization, which optimizes the disadvantage of
the BN that is ineffective when the batch size is small, so as to make up for the missing
accuracy of the shared convolution and to balance the accuracy and efficiency of the model
and then conduct classification and regression operations. The classification uses a binary
cross entropy loss function, where N denotes the total number of samples, yi denotes the
label corresponding to sample i, and pi denotes the probability that sample i is predicted to
be a positive class, so the function of the classification loss can be described as follows:

L =
1
N ∑iLi =

1
N ∑i−[yi × log(pi) + (1 − yi)× log(1 − pi)] (2)

The loss function that includes both DFL and CIoU in the regression process can be
described as follows:

DFL(Si, Si+1) = −((yi+1 − y)log(Si ) + (y − yi) log(Si+1 )) (3)

CIoU = IoU −
ρ2(b, bgt

)
c2 − αv (4)

with IoU denoting the intersection and merger ratio, b and bgt denoting the centroids of
the two rectangular boxes, respectively, ρ denoting the Euclidean distance between the
two rectangular boxes, c denoting the diagonal distance between the closed regions of the
two rectangular boxes, v used to measure the congruence of the relative proportions of
the two rectangular boxes, and α denoting the weight coefficient. Finally, the features are
scaled through the scale layer to solve the problem of inconsistent scaling of the object
detected via each detection head in order to facilitate the detection of large, medium, and
small objects, and, therefore, to be able to maximize the detection accuracy of the object
and improve the computational efficiency of the model with less parameter counts and
computational amount.
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3.3. Urinary Sediment Dataset

The MS COCO dataset is widely recognized in deep learning, contributing significantly
to object detection and segmentation. However, its large size presents challenges, and
its effectiveness diminishes in scenarios with limited resources. Additionally, the uneven
distribution of images across categories limits its applicability to recognizing a wide range
of categories. Therefore, this paper conducts experiments on a specific urinary sediment
dataset from the Hefei Institute of Physical Sciences of the Chinese Academy of Sciences.

In clinical medicine, disease diagnosis often relies on urine sediment tests to identify
conditions such as hepatobiliary diseases, hematological disorders, renal tubular diseases,
and others. Detection of urine sediment components offers insights into potential diseases
and guides treatment with the physical condition of the patient. Earlier, healthcare pro-
fessionals relied solely on experience for urine sediment analysis, which was inefficient.
Sun et al. [33] addressed this by using aggregated channel features to detect urinary sedi-
ment complexities. Liang et al. produced [34] a USE dataset containing 5377 images and
42,759 instances. However, Tuncer et al. [35] analyzed the urine deposits of some patients
in the hospital, and the lack of data caused a certain degree of limitation to the study of
deep learning, which in turn affects the detection of the models. The later dataset was
photographed with a microscopic imager of urinary sediment, and the relevant images of
urinary sediment were obtained from the Intelligent Machine Research for Physical Science
Research in Hefei, Chinese Academy of Sciences.

The FCUS (Formed Components in Urine Sediment) dataset was finally produced,
which covers 36 formed components of urinary sediment with 30,754 images and 148,163 la-
bel instances. Training challenges include overlapping objects, poor image quality, and
non-object backgrounds, especially the serious imbalance of instances, which will signifi-
cantly impact detection results. Figure 4 shows that over one-third of categories exceed
7000 labels, with cocryst at 28,207 instances, whereas 17 images of cholesterol crystals
include 20 labels, and 9 images of talcum powder particles have only 11 labels. This paper
excludes categories with fewer than 100 instances and focuses on 22 categories from the
urine sediment dataset named FCUS22 for object detection. The FCUS22 urinary sediment
dataset comprises 28,484 images and 125,170 labels, serving as training and testing data
for deep learning networks. Figure 5 illustrates the specific morphology and cell names; it
mainly displays eight main types: eryth, leuko, crystal, epithelial, cast, sperm, yeast, and
bact, detailing label counts and color differences from the background in Figure 6. Through
the bar chart, we can find that the number of bleuko and epith instances are 8372 and 9882,
respectively, while the number of labeled instances of eryth, leuko, and cocryst is more
than 20,000, and more seriously, the number of labeled instances of mapcryst and wacast is
less than 200, which fully demonstrates that there is a large disparity in the number of cells
in different categories. In the object detection task, the average value of the color difference
of all instances of each category is taken as the color difference value of the category, and
the closer the color difference between the object category and the background, the higher
the color similarity between the category and the background that is indicated, and it is
difficult for the model to judge the category and the background accurately in practical
applications. From the Figure 6 line graph, it can be seen that the cryst class of the cell color
difference is large, in which lcryst can reach 224.04. The sperm and bact color difference is
small at only 33.88 and 23.43, and in the practical application it is not easy to be identified.
At the same time, calculating the relative proportion of the image for each object instance
accounted for the whole image through the relative proportion of the average value of
the description of the relative scale of each category. From Figure 7, it can be found that
the number of small-scale objects is large, and the relative scales of the objects are mainly
distributed between 0 and 0.03, of which the largest one is cast, with a relative scale of
0.0276, and there are 2708 object instances; the smallest one is speryth, with a relative scale
of 0.002, and there are 1755 object instances.
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Figure 4. Orange bars indicate the number of images, while blue bars represent the number of in-
stances.
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Figure 6. The number of labels and the color difference of corresponding categories in the FCUS22
dataset, the bar graph represents the number of labels in the 22 categories, while the line graph
represents the color difference between the object and the background of the corresponding category.
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Figure 7. The relative scale of categories in the FCUS22 dataset.

4. Experiment
4.1. Environment and Evaluation of the Experiment

All experiments were conducted on a DELL PowerEdge 640 server featuring a GeForce
RTX 3090 GPU with 24 GB of video memory. The software environment included Ubuntu
20.04, CUDA 11.3, Python 3.9, and PyTorch 1.10.2. The models were optimized using the
SGD optimizer with a batch size of 32, an initial learning rate of 0.01, a learning rate decay of
0.0005, and an input image size set to 640 × 640 pixels. This paper explores improvements
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to related methods using the MS COCO 2017 dataset, with further validation on the Urinary
Sediment dataset.

4.2. Evaluation of Indicators

Performance evaluation metrics in object detection encompass four perspectives:
accuracy, speed, memory footprint, and model size. The accuracy of the classification and
detection of the model on the test set is quantified through metrics such as precision, recall,
and F1 score. Speed can be judged by calculating the inference time of the model, and
memory footprint refers to the amount of memory required by the model for inference;
model size is typically assessed by the number of parameters and the size of the model file.

This paper adopts MS COCO evaluation metrics including IoU which indicates the
degree of overlap between the predicted bounding box and the real bounding box; AP
(mean Average Precision with IoU from 0.5 to 0.95), AP50 (AP with IoU = 0.5), APs (the
average accuracy of small object), APm (the average accuracy of medium object), and
APl (the average accuracy of large object) are used as the evaluation indexes, precision
denotes the proportion of samples predicted by the model to be in the positive category
that are actually in the positive category, as shown in Equation (5), FP denotes a false
positive example, meaning that a negative example in the sample is incorrectly recognized
as a positive example, and FN denotes a false negative example, meaning that a positive
example in the sample is incorrectly recognized as a negative example. Additionally, there
is Recall (proportion of true positive samples correctly categorized), Params (number of
model parameters), and GFLOPs (algorithmic complexity).

Precision =
TP

TP + FP
(5)

4.3. Experimental Results and Analysis
4.3.1. Comparison with Other SOTA Methods

This paper evaluates the FL-YOLOv8 model on the MS COCO dataset against other
state-of-the-art object detectors. Each detector is compared using backbone networks of
similar size and capacity. The RetinaNet, TridentNet, FCOS, YOLOF, and Deformable-
DETR all utilize ResNet50 as the backbone network; YOLOv3, YOLOv5, and YOLOv8
all employ S-level training models, while EfficientDet-D1 adopts the backbone network
EfficientNet-B1. As shown in Table 2, the FL-YOLOv8 object detector achieves the highest
accuracy of 45.5% with only 9.6 million parameters. The comprehensive model evaluation
demonstrates its efficacy in image processing.

Table 2. Comparison with SOTA method on MS COCO dataset.

Method #Params GFLOPs AP AP50 AP75 APs APm APl

YOLOv3 61 M 58.9 31.8 55.3 31.8 14.2 34.1 46.4
RetinaNet 38 M 201 35.9 55.7 38.5 18.9 39.5 48.2
TridentNet 33 M 90 36.6 57.3 39.5 18.3 41.4 52.3

FCOS 32 M 179 38.6 57.4 41.4 22.3 42.5 49.8
YOLOv5 7.2 M 16.4 37.4 58.0 40.4 21.9 43.0 48.8
YOLOF 44 M 86 37.2 56.4 40.1 18.4 42.1 52.3

EfficientDet-D1 6.6 M 6.1 39.6 58.6 42.3 17.9 44.3 56.0
PP-YOLOE 40 M 173 43.9 62.8 47.8 26.1 47.4 58.0

YOLOv8 11.2 M 28.6 44.7 61.6 48.5 25.8 49.8 61.2
FL-YOLOv8 9.6 M 27.2 45.5 62.0 49.6 26.6 50.1 60.8

4.3.2. Ablation Experiments

Currently, the YOLOv8 model stands as an advanced technology in object detection,
widely recognized and influential. In this study, we adopt S as the benchmark detector
model and evaluate its performance on the MS COCO 2017 dataset, achieving an average
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accuracy of 44.7%. Furthermore, we demonstrate the efficacy of enhanced methods in the
domain by testing the urine sediment dataset, Table 3 displays the modifications in the
model resulting from the different methods. Initially, the semantic and detail injection
module significantly enhances feature fusion, which makes the FL-YOLOv8 model slightly
improve object detection under different thresholds. Introducing the lightweight shared
convolutional detector head reduces model parameters by 19% and computation by 10%.
The implementation of group normalization in the LSCD module enabled the model to
decrease computation while improving accuracy. When both methods were combined,
the result was a reduction in the number of parameters and computations, along with an
improved model with an AP of 45.5%.

Table 3. Ablation experiments on the MS COCO dataset.

Method #Params GFLOPs AP AP50 AP75 APs APm APl

Baseline 11.2 M 28.6 44.7 61.6 48.5 25.8 49.8 61.2
+FSDI 11.4 M 29.8 45.6 62.2 49.4 27.8 50.8 61.3
+LSCD 9.4 M 25.9 44.5 61.3 48.3 26.2 49.6 60.1

FL-YOLOv8 9.6 M 27.2 45.5 62.0 49.6 26.6 50.1 60.8

4.3.3. Comparison Experiments in the LSCD Module

The optimized design of the detection head part of the different scales of the object is
in the form of lightweight shared convolution. The feasibility of the module is illustrated
through the comparison experiments of varying levels of the YOLOv8 model, as shown in
Table 4. When the LSCD structure is added to the YOLOv8-N model, the overall parameter
counts and computation amount of the model decrease by 25% and 24%, respectively.
Comparison experiments on the YOLOv8-M model demonstrated a notable reduction
in the number of parameters and computations. For the YOLOv8-S model, the ablation
experiment shows almost no change in accuracy, but the number of parameters decreases
by 19%, and the amount of computation decreases by 10%. The size of the model will lead
to different parameter counts and computation of the model due to the variability in the
number of layers. For small models, the contextual information they can provide is limited,
especially for anchor-free detection of the object, and the lack of accuracy in the size of the
centroid and the predicted offsets affects the shape of the detection frame, whereas a large
model with larger parameter counts and computation can extract richer features, and the
detection frame can be closer to the boundary of the object, which improves the accuracy of
detection and can be applied in other fields.

Table 4. Ablation experiments using LSCD for different detection algorithms.

Method +LSCD #Params GFLOPs AP AP50 AP75 APs APm APl

YOLOv8-N × 3.2 M 8.7 37.0 52.1 40.2 18.2 40.6 52.3
YOLOv8-N

√
2.4 M 6.6 36.1 51.2 39.3 17.2 39.5 51.0

YOLOv8-S × 11.2 M 28.6 44.5 61.0 48.5 25.6 49.5 61.0
YOLOv8-S

√
9.4 M 25.9 44.4 61.1 48.2 25.5 49.2 59.8

YOLOv8-M × 25.9 M 78.9 49.7 66.6 54.1 31.0 55.4 66.7
YOLOv8-M

√
23 M 75.3 49.5 66.4 53.8 32.1 54.6 65.6

4.3.4. Experiments with FSDI Combinations at Different Locations Under the COCO
2017 Dataset

Implementing semantic and detail injection modules at various neck locations signifi-
cantly enhances the fusion of information features across upper and lower layers, enabling
the network to capture diverse layers of specific information. As shown in Table 5 below,
firstly, the semantic and information injection module is used for the neck FPN structure,
and at the same time, it is connected with the shallow C2F module to obtain richer feature
information, and it is found that the comprehensive performance of the model is improved
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by 0.9 percentage points through the experiments. While acting on the neck PAN structure
using the semantic and information injection module, the effect is slightly improved. This is
mainly due to the different means of feature fusion between the path aggregation network
and the feature pyramid network in the PAFPN network, which leads to the difference in
FSDI detection performance between the [N1] and [N2] layers. Therefore, we choose to
perform feature fusion for the information at the location of [N1].

Table 5. Adoption of semantic and information injection modules for different locations.

Input Layer #Params GFLOPs AP AP50 AP75 APs APm APl

- 11.2 M 28.6 44.7 61.6 48.5 25.8 49.8 61.2
[N1] 11.4 M 29.8 45.6 62.2 49.4 27.8 50.8 61.3
[N2] 11.0 M 28.4 44.8 61.1 48.7 25.7 49.0 61.2

Note: The horizontal line indicates the baseline model approach, [N1] means that the FSDI structure is applied to
the FPN structure of the neck, and [N2] means that the FSDI structure is applied to the PAN structure of the neck.

4.4. Experimental Comparisons Under the Urine Sediment Dataset

The MS COCO dataset is a standard dataset in deep learning, widely used for tasks
such as image segmentation and object detection. Due to the diverse objects and complex
scenarios, there are challenges in recognizing and understanding domain-specific scenarios.
Further experiments are conducted on the urine sediment dataset (FCUS22), and the num-
ber of parameters and computation of the model decreased by 14.3% and 5.3%, respectively,
The comprehensive performance decreased slightly mainly because the number of wacast
and mapcryst cell instances were 109 and 158, respectively, and the accuracy of eryth, leuko,
and cocryst, which have more cells, were improved, and at the same time, the relative scale
of bepith cells was larger than 10 times that of sieryth, and the color difference of sheryth
and bact cells was only more than 20, only one-tenth that of lcryst. The uneven distribution
of data volume, the large difference in size and scale, and the obvious multiplicity of color
difference seriously lower the detection results of the model. Table 6 displays the results
of the tests performed on the first 11 categories, and Table 7 corresponds to the results of
the tests performed on the last 11 categories. The changes in these categories are more
significant, and they closely match the real situation of urinary detection. For example,
lcryst and mapcryst have more similar cells, making them easy to be mistakenly detected.
The cast and wacast have cells that are too close to each other in color, which can only be
detected by the morphology of the cells. Additionally, the number of instances of the object
in the image is relatively small, leading to insufficiently rich feature extraction and affecting
the detection effect. Whereas the bepith cells are relatively large in scale, their detection
accuracy is improved by 1.8 percentage points. A different number of categories were
selected for testing on the COCO dataset as shown in Table 8 and analyzed in comparison
with the results in Tables 6 and 7. It can be found that when the categories correspond to a
higher number of images, it can provide more data sources for the model pretraining, which
can improve the detection results of the model, and on the contrary, it will affect the overall
performance of the model, and it also shows that the FL-YOLOv8 model has a significant
improvement in small object detection on both the MSCOCO and FCUS22 datasets.

Table 6. Comparison of accuracy for the first 11 categories.

Method Reryth Sieryth Leukoc Uacryst Lcryst Sepith Cocryst Cast Sperm Bact Wacast

YOLOv8 37.8 23.7 29.4 59.9 33.5 40.7 43.5 23.5 35.2 22.9 12
Ours 37.8 23.1 29.6 57.3 31.4 42.5 43.6 22.9 36.8 22.9 6.3

vs 0 −0.6 +0.2 −1.9 −2.1 +1.8 +0.1 −0.6 +1.6 0 −5.7
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Table 7. Accuracy comparison of the last 11 categories.

Method Eryth Speryth Bleuko Sheryth Leuko Bepith Mapcryst Epith Cepith Yeast Pcast

YOLOv8 43 27 35.1 25.5 50.2 25.4 26 63.7 34.2 55.9 39.1
Ours 43.5 27.7 34.1 24.8 49.7 27.2 22.8 63.2 32.5 54.5 39.1

vs +0.5 +0.7 −1.0 −0.7 −0.5 +1.8 −3.2 −0.5 −1.7 −0.6 0

Note: vs denotes the comparison of YOLOv8 to FL-YOLOv8, and bold denotes the corresponding category.

Table 8. Detection results for selected MSCOCO categories.

Class Person Car Chair Hot Dog Bear Zebra Bird Bottle Book

Instances 10,777 1918 1771 125 71 266 427 1013 1129
YOLOv8 57.3 43.8 33.3 40.1 75.6 72.7 33.9 38.4 13.5

Ours 57.8 44.9 33.9 39.4 75.2 72.0 35.1 39.7 14.0
vs 0.5 +1.1 +0.6 −0.6 −0.4 −0.7 +1.2 +1.3 +0.5

Note: In the categories, the first three categories represent the categories with a higher number of instances, the
middle three categories represent the categories with a lower number of instances, and the last three categories
represent the detection results in the small-scale categories.

The detection results of each category are analyzed through Tables 6 and 7. For the
first three categories with poor detection results, which are lcryst, mapcryst, and wacast, it
is found that most of the images in the crystal category have the aggregation phenomenon
after dividing and detecting the images, as shown in Figure 8 below. After using both the
conventional model and the FL-YOLOv8 model, lcryst cells in the first column were not
clearly detected, the detection result of mapcryst in the second column decreased from 0.67
to 0.64, and the detection of tubular cells in the third column erroneously detected wacast
as cast cells. The above poor results are mainly because the object aggregation makes it
difficult to locate the object, decreases the detection effect of the object, and confuses the
categories, with detection of small-scale direction more difficult, which makes it easy to
miss the detection situation. Therefore, object aggregation may reduce the performance of
the object detection model in accurately identifying and localizing object and increase the
difficulty and complexity of the task. As for wacast cells, the number of images of their
object is too small, which will lead to insufficient feature extraction and affect the detection
effect of this category. Given the complexity and specificity of the urinary sediment dataset
and the need to consider the cell aggregation situation, the coexistence and balance of the
two is also a direction worthy of further research.

However, for the detection of epithelial cells as well as sperm cells with lower color
difference, some improvement can be achieved on the FL-YOLOv8 model, as shown in
Figure 9, in contrast to the crystalline, sepith, bepith, and sperm cells which are uniformly
distributed, and it can be found through the results of the heatmap detection that the
results of the detection are relatively dispersed in the sampling area using the conventional
YOLOv8, but adopting the FL-YOLOv8 model showed better results in relatively concen-
trated areas. The model can detect the image better by adopting the heatmap, enhancing
the localization ability to capture the object area accurately, adopting the object centrally,
and retaining the relevant semantic information to a greater extent, which indicates that
the improved FL-YOLOv8 model not only enriches the spatial sampling information of the
feature map but also strengthens the recognition ability of the feature map. This result is of
great significance for object detection tasks.
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4.5. TIDE Error Analysis

Performance evaluation of the model may only focus on the average accuracy. Still,
some industrial and medical fields need to understand the comprehensive detection results,
which cannot be found from the mAP, to see its specific errors. To analyze better the
contribution of each type of error to the model, we use the TIDE error analysis method
from the study [36], as shown in Figure 10. The fan chart clearly shows the contribution
of the six types of errors. Starting from noon and going clockwise in the figure, there is
Loc: mislocalization, Cls: classification error, Both: both classification and localization error,
Miss: omission error, Dupe: repeated prediction error, and Bkg: background error.
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According to the TIDE error analysis method, there is no significant change in the
classification and repeated prediction errors. Still, the percentage of localization errors and
background errors in the model is reduced, which indicates that the FL-YOLOv8 model
can significantly improve the localization ability for object detection and can also better
distinguish the object from the background based on the extracted feature information,
mainly because the layer-hopping connection through the FSDI module will be used to
connect to the high-level. The main reason is that the fusion of high-level and low-level
information through the hopping connection of the FSDI module reduces the localization
error. Using shared convolution to group the features can better distinguish the background
information. It also means that the model has more accurate results in object localization and
background prediction, and our method achieves a reduction of 0.48 in FP, which further
proves that the method improves the feature extraction of the model while lightening the
shared convolution.

5. Conclusions

This paper proposes the FL-YOLOv8 object detector by enhancing the YOLOv8-S
model to address challenges in object detection without increasing computational overhead.
To enhance feature extraction and capture richer semantic and detailed information, this
paper introduces the FSDI model, significantly boosting model precision and accuracy.
At the same time, adopting the LSCD model with a lightweight shared convolutional
detector head reduces parameters and computational load, further enhancing model effi-
ciency. The YOLOv8 object detector demonstrates improved accuracy and efficiency over
previous models.

Since FL-YOLOv8 is a lightweight model structure and the FCUS22 dataset is smaller
than the common dataset, the accuracy and computation are not well balanced in the urine
sediment dataset. Through the study of the sediment dataset, it is found that there are cells



Electronics 2024, 13, 4653 16 of 17

with similar color, shape, and internal structure in its data, such as eryth and reryth cells,
and the object detection also found that there are a large number of aggregation phenomena
of the object, like lcryst and mapcryst, which brings a certain degree of difficulties to the
object detection. At present, there is no better way to improve the effect of detection; this
series of problems has not been effectively solved. In the future, the urine sediment data
can be filtered, or deep learning methods can be combined with other fields to make up
for the shortcomings of the urine sediment data, to yield more accurate localization and
detection, and we hope that the urine sediment dataset can help and contribute to object
detection and the medical field. It will play a greater value in the field of deep learning.

The FL-YOLOv8 model has a significant effect in detection of objects with small
scales, while the number of parameters and computation are reduced by 19% and 10%,
respectively, which can provide patients with specific diagnostic analyses of related diseases
and promote the research of urinary sediment datasets in the medical field; in addition, we
can enhance the detection performance of the model by constructing rich urinary sediment
detection datasets and exploring new methods and techniques.
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