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Tiny object detection remains a fundamental challenge in computer vision, primarily due to
severe scale imbalance and the dominance of gradients from larger instances during
optimization. To address this issue, this paper proposes Tiny Focal Loss (TFL), a scale-
aware optimization framework. TFL introduces a continuous penalty mechanism that
dynamically allocates weights based on the absolute spatial footprint of instances, thereby
prioritizing small-scale targets during backpropagation. To enhance generalization across
diverse distributions, TFL incorporates adjustable focusing coefficients and piecewise
regularization. The approach is validated on the YOLOVS architecture using five datasets
from various domains, including medical, aerial, industrial, and natural scenes.
Experimental results show consistent improvements in precision, recall, and mean average
precision (mAP), with gains of up to 5.0% in mAP. These improvements are achieved
without additional parameters or computational overhead during inference, making TFL an

efficient solution for complex visual recognition tasks.
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1. INTRODUCTION

Object detection is an important and fundamental task in the
field of computer vision. Tasks such as image segmentation,
object tracking, and keypoint detection all rely on the
performance of object detection [1, 2]. In object detection
tasks, objects with an absolute pixel area smaller than a certain
threshold are referred to as small objects. For instance, in the
MS COCO dataset [3], objects with dimensions smaller than
32x32 pixels are defined as small objects. These small objects
are difficult to detect, yet they have a significant impact on the
overall performance of the model.

In practical applications, small target detection holds
significant practical importance. For instance, in the field of
intelligent driving, distant pedestrians and vehicles are
considered small targets [4]. Similarly, in the medical field,
minor fractures and cracks that are difficult to diagnose are
also small targets [5]. In summary, the development of small
target detection holds significant value. Enhancing the
accuracy and speed of small target detection will contribute to
the advancement of target detection [6].

However, small object detection tasks face several major
challenges [7]: (1) limited effective features and shallow depth;
(2) high requirements for localization accuracy; (3) issues with
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the scale distribution of large and small objects; (4) anchor box
assignment problems; (5) object aggregation issues; and (6)
network structural constraints." Small object detection tasks
require further research from scholars.

To address the scale distribution problem, various data
augmentation methods have been proposed. While traditional
approaches like copy-pasting provided foundational
improvements, more advanced strategies have recently
emerged. Li et al. [8] proposed a realistic instance-level data
augmentation method based on scene understanding to prevent
semantic artifacts and improve small object detection.
Furthermore, to overcome degradation during training, Yoon
et al. [9] introduced an optimal data augmentation strategy
using Fast AutoAugment specifically tailored for small objects,
achieving significant performance gains. Addressing the issue
of tiny objects having few effective features and shallow depth,
recent advancements have moved beyond earlier GAN-based
super-resolution methods to more sophisticated architectures.
Recent works include ESOD, which efficiently handles high-
resolution images to promote small object detection without
the prohibitive computational costs of simple image
enlargement [10]. Additionally, advanced models like SRM-
YOLO have been deployed to enhance feature representation,
utilizing Reuse Fusion Structures (RFS) and SPD-Conv to
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effectively recover high-frequency details for minute targets
[11].

To mitigate the scarcity of effective features and shallow
depth, improved strategies for multi-scale learning have been
developed. While early methods attempted to fuse deep and
shallow features directly, modern architectures have
significantly enhanced semantic alignment. For example,
Cheng et al. [12] proposed the Contrast-Enhanced Feature
Pyramid Network (CE-FPN), which introduces a multi-branch
fusion module to emphasize texture boundaries and improve
semantic consistency across feature scales. Similarly, Liu et al.
[13] introduced HyperFusion-DEIM, a cascaded detection
paradigm that utilizes a Multi-Path Attention Network to
augment shallow semantic cues and edge-texture sensitivity
for small object recognition. Targeting the anchor box
allocation problem mentioned earlier, the detection paradigm
has shifted heavily toward modern anchor-free and attention-
centric mechanisms. While early anchor-free models faced
efficiency gaps, recent innovations like Roboflow's RF-DETR
have completely eliminated traditional anchor boxes and Non-
Maximum Suppression (NMS) overhead, achieving true end-
to-end detection [14]. Concurrently, the YOLO lineage has
evolved significantly; for instance, YOLOv12 introduces an
attention-centric architecture that breaks the dominance of
traditional CNN backbones [15], while YOLO26 implements
native NMS-free inference and advanced optimizers for highly
efficient real-time deployment on edge devices [16].

Focusing on the loss function and targeting the problem of
the quantity distribution of tiny and big objects, scholars have
effectively improved the detection performance of tiny objects
by optimizing the loss function. Beyond early attempts to
reweight random errors, the evolution of loss functions has
moved toward continuous and scale-aware formulations. Li et
al. [17] introduced Generalized Focal Loss (GFL), which
generalizes Focal Loss from its discrete form to a continuous
version, merging localization quality estimation directly into
the class prediction vector. More recently, addressing the
extreme scale variations in complex imagery, Li et al. [18]
proposed a Scale-Adaptive Loss (SAL) that reshapes vanilla
IoU-based losses using logarithmic adjustment factors to
dynamically assign lower weights to larger objects, explicitly
focusing the training process on tiny objects. However, a
critical research gap remains: while existing losses like Focal
Loss address class imbalance, they often overlook scale-
specific penalties for tiny objects. Application scenarios of
tiny object detection, such as industrial flaw detection,
intelligent driving assistance, and aerial photography, often
require real-time performance and a lightweight nature.

To address this research gap, we propose Tiny Focal Loss
(TFL), a scale-aware loss function that dynamically allocates
weights based on the absolute pixel area of target instances.
Our main contributions are threefold:

(i) Novel Loss Formulation: We introduce TFL to mitigate
the gradient dominance of large objects, significantly
enhancing tiny object detection accuracy without
compromising larger targets.

(i1) Generalizable Strategies: We design adjustable focusing
coefficients and piecewise functions within the TFL
framework, allowing flexible adaptation to extreme scale
variations across diverse datasets.

(ii1) Cross-Domain Validation: Extensive evaluations on
YOLOvVS across five distinct domains (medical, aerial,
industrial, natural) demonstrate consistent mAP improvements
with strictly zero additional parameter volume or inference
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latency.

2. METHODOLOGY
2.1 Focal loss and area loss

Lin et al. [19] conducted relevant research to enable single-
stage detectors to achieve the accuracy of two-stage detectors
without compromising original speed. They considered that
the imbalance in the number of hard and easy samples is one
of the reasons for the low accuracy of single-stage detectors.
To address this problem, they proposed Focal loss, and its
functional expression is shown as follows:

FL(P) = —(1 = P)" log(Py) (1

where, y represents the focusing parameter, where y > 0.
Experiments found that y = 2 yields better results. The part in
Eq. (2) is called the modulating factor.
(1-PY @)

The modulating factor is inversely proportional to the
sample's difficulty. Therefore, if a sample is misclassified, P;
is very small, and (1 — P,) approaches 1. However, for a
sample that is correctly and easily classified, P, approaches 1,
and (1 — P;) is very small, which results in a smaller weight
for this sample when calculating the loss. This reduces the
model's attention to easily classified samples. Tiny objects
also face the problems of sample imbalance and difficulty
imbalance. Therefore, we can learn from the improvement
idea of Focal loss and improve the effect of tiny object
detection by assigning different weights to different objects in
the loss function.

While the original Focal Loss successfully addressed class
imbalance, the evolution of dense object detectors has
increasingly demanded continuous representations. For
instance, recent architectures utilize Khalili and Smyth [20]
proposed Powerful-IoU (PIoU) to extend the standard CloU
loss from its conventional form to a quality-aware version,
successfully merging localization quality estimation directly
into the bounding box regression via a non-monotonic
attention mechanism on anchor quality q (0 to 1), while adding
a corner-difference penalty to focus on moderate-quality
anchors. However, when directly applied to tiny object
detection, standard Focal Loss and its modern continuous
variants still encounter fundamental bottlenecks. Tiny objects
carry extremely limited feature information and are
notoriously sensitive to minor localization deviations.
Furthermore, standard  IoU-based  loss functions
disproportionately penalize smaller objects with significantly
greater regression penalties compared to larger ones during the
training phase [18].

To explicitly address this scale imbalance, Wang et al. [21]
proposed a weight related to the object area size and applied it
to the loss function to improve the detection performance of
tiny objects. However, their designed loss function, Area loss,
simply establishes a negative correlation between the absolute
area of the object and the weight of the loss function. It does
not consider the impact brought by many variables such as
image size, dataset distribution, and the definition of tiny
objects. Thus, there is still room for further improvement in
the design of loss functions for tiny objects.



2.2 The proposed Tiny Focal Loss

This paper learns from the "focusing" idea of Focal loss and
designs a loss function focusing on tiny objects—TFL—based
on the different practical problems to be solved. This function
can dynamically allocate the loss function weight for each
object according to its size, thereby achieving the effect of
improving the model's tiny object detection performance as
well as the overall detection performance. The overall formula
for the TFL loss function is shown as follows:

w;=eF+1 3)
where, w; is the weight allocated by TFL to the i-th object. K
is the focusing coefficient, which can adjust the focusing
degree of the loss function on tiny objects. Subsequently, the
parameter [ that describes the size of the object is described as:

w-h

1=t @)
where, w is the width of the current object's ground truth, and
h is the height of the current object's ground truth; their
product represents the absolute pixel area of the current object.
S is the dividing line for object size in the current dataset,
which is a constant (e.g., in the COCO dataset, S is 32 X 32).
Its functional schematic diagram is shown in Figure 1, where

kis1.6and S is 32.

— Loss Function Weight|
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Figure 1. Function image of Tiny Focal Loss

When using this loss function focusing on tiny objects, it
will be multiplied directly as a coefficient with the loss
function inherently carried by the network model. For example,
if the common cross-entropy loss function is Loss =
— Y, yilogy;, the model loss function after applying this
loss function becomes Loss’ = — Y1, w; y;logy;.

2.3 Adjustment function of Tiny Focal Loss

To improve the generalization of TFL so that it can exert
excellent performance on different datasets, this paper also
designs two adjustment methods for TFL. The first is the
parameter K mentioned in the expression of Eq. (3). K is the
focusing coefficient, which can adjust the degree of TFL's
focus on tiny objects. K can be any value in the range of
[0, +0), and the corresponding function curves with different
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K values are illustrated in Figure 2.

e K=3
- K=1.6
— K=0.6
= Small Target
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Figure 2. Function images of Tiny Focal Loss with different
K values

The second method is that TFL can be set as a piecewise
function, meaning TFL is only used for tiny objects, while the
weight is set to 1 for non-tiny objects, which is visually
depicted in Figure 3.
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Figure 3. Function image of segmented Tiny Focal Loss with
different K values

3. DATASETS

To verify the effectiveness and generalization of the loss
function focusing on tiny objects, this paper selects datasets
containing multiple image categories and application
scenarios.

(1) MSCOCO128 dataset: The MS COCO128 dataset [3] is
an ultra-small dataset streamlined and extracted from the MS
COCO dataset.

(i1)) DOTA dataset: The DOTA dataset [22] contains highly
massive aerial images. Aerial images are often applied in
multiple fields such as rescue, exploration, and the military,
holding significant practical importance.

(iii) MURA dataset: The MURA dataset is an X-ray dataset.
[23] This paper only selects the part containing phalangeal and
metacarpal fractures. Selecting this dataset can effectively
simulate the improvement of the detection performance of tiny



objects in medical images by this loss function.

(iv) PCB defect dataset: The PCB defect dataset [24] can
simulate the performance of this loss function in the field of
industrial flaw detection.

(v) NWPU VHR-10 dataset: NWPU VHR-10 is a satellite
image dataset [25] released by Northwestern Polytechnical
University. Satellite images are also frequently used in
industrial production and military fields. Improving the
detection performance of tiny objects in such images carries
important practical significance.

The selection of the above datasets includes both natural and
non-natural images, covering multiple fields such as industry,
medicine, and the military. Therefore, through comprehensive
evaluation on these datasets, the effectiveness and
generalization of TFL can be effectively reflected.

4. EXPERIMENTS
4.1 Experimental setup

YOLOVS offers advantages such as fast detection speed,
low memory usage, and quick training. This study uses
YOLOVS as the baseline model to evaluate the proposed
method's impact on object detection performance. We note
that, to ensure a fair evaluation of TFL’s generalization ability
across varied domains, this study refrains from using dataset-
specific scale thresholds. Instead, the globally unified standard
derived from MS COCO is applied universally. Consequently,
the threshold parameter S in Eq. (4) is constantly set to
32 x 32 pixels for all datasets, including COCO128, DOTA,
Metacarpal Fracture (MCF), PCB defect, and NWPU VHR-10,
throughout the foundational experiments.

To ensure reproducibility, the detailed experimental settings
are as follows: the backbone is YOLOVS; the optimizer is SGD
with an initial learning rate of 0.01; the batch size is set to 16;
and the models are trained for 300 epochs. All experiments
were conducted using PyTorch 1.10 on an NVIDIA RTX 3090
GPU. To ensure statistical reliability, all reported metrics are
the average of three independent experimental runs.

4.2 Results on COCO128 dataset

The object scale range in the COCO128 dataset is [2, 639]
pixels, with a span of 637 pixels, representing a wide object
distribution. We compare the baseline YOLOvVS5 with
YOLOVS+TFL to evaluate the detection performance
improvements. Table 1 shows the overall detection

performance. The evaluation metrics include Precision (P),
Recall (R), mAP@0.5, and mAP@0.5:0.95.

Table 1. Overall detection performance on the COCO128

dataset
P R mAP@.5 mAP@.5:.95
Class
wio w wlo w  wlo w/ w/o w/
All  0.943 0.953 0.917 0.925 0.966 0.972 0.803 0.822
P-value <0.05* >(0.05 >(0.05 <0.01**

In the table, "w/" indicates the YOLOvV5 network adopting
the improved method of the loss function focusing on tiny
objects. "w/o" indicates the detection performance of the
original YOLOVS without using TFL. According to the result
analysis, introducing TFL into YOLOvVS can effectively
improve the overall detection performance. The precision
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improved by 1%, the recall rate increased by 0.8%, and
mAP@.5 and mAP@.5:.95 increased by 0.6% and 1.9%,
respectively. To more accurately reflect the detection
performance improvement of TFL for tiny objects in the
COCO128 dataset and its impact on the detection performance
of big objects, this paper compiled the respective precision and
recall rates for all tiny objects and all big objects, as shown in
Table 2.

Table 2. Performance on tiny and big objects in the

COCO128 dataset
P R
l;l;l;Le Tiny Big Tiny Big
g objects objects objects objects
w/o 0.8498 0.9400 0.8664 0.9823
w/ 0.8889 0.9400 0.8762 0.9823

According to the data in the table, it can be found that the
detection performance for tiny objects in the COCO128
dataset has improved, while the detection performance for big
objects remains unchanged. To intuitively demonstrate the
detection performance of TFL for tiny objects, this paper
plotted Figure 4 for display. Looking at the comparison images,
we first examine the ground truth image. The main difficulties
in the image are the three tiny car objects in the distance and
two sports balls. In the "Without" image, the two sports balls
were not detected, and there is a missed detection of a distant
car; furthermore, the confidence of the detected car is not high.
Also, an object resembling a streetlamp was mistakenly
detected as a tennis racket. However, in the "With" image, all
objects that should be detected were identified with relatively
high confidence. Nevertheless, the model in the "With" image
mistakenly identified a white spot of light in the sky as a sports
ball, but it only holds a confidence of 0.27, which is not
considered a severe false detection.

Overall, the detection effect in the "With" image is better.
The improvement effect of TFL on tiny object detection in the
COCO128 dataset is highly intuitive and clear.

sl./"j.

sports ball 0.2

Ground Truth Without With

Figure 4. Detection results on the COCO128 dataset

5. VALIDATION ON OTHER DATASETS
5.1 Validation on DOTA dataset

The DOTA dataset is highly massive, containing a total of
1,793,658 objects of varying sizes, orientations, and shapes.
Its object scale range is also [2,639], making it another dataset
with a wide distribution. Table 3 presents the detection
performance table for the DOTA dataset.

From the results in the table, the model incorporating TFL
showed improvements across all evaluation metrics, with P
increasing by 1.9%, R by 1%, mAP@.5 by 0.7%, and
mAP@.5:.95 by 0.4%. It can be seen that in the DOTA dataset,
TFL's improvements for P and R are relatively obvious, but
the improvement for mAP is somewhat limited. Overall,



however, TFL effectively enhanced the detection performance
of YOLOVS on the DOTA dataset. To accurately observe the
impact of TFL on big objects and the improvement in
detection performance for tiny objects in the DOTA dataset,
this paper also plotted a comparison table of detection effects
for tiny and big objects in the DOTA dataset, as shown in
Table 4.

Table 3. Overall detection performance on the DOTA

dataset
Class P R mAP@.5 mAP@.5:.95
w/o w/ wlo w/ w/o w/ w/o w/
All  0.756 0.77 0.679 0.689 0.691 0.698 0.449 0.453
P-value <0.05* >(0.05 >(0.05 <0.05*

Table 4. Performance on tiny and big objects in the DOTA

dataset
P R
l;l;l;Le Tiny Big Tiny Big
g objects objects objects objects
w/o 0.6535 0.8228 0.7020 0.9030
w/ 0.6896 0.8518 0.7279 0.8965

As indicated in Table 4, the implementation of TFL yields
a substantial impact on the DOTA dataset. In terms of
precision, both small and large objects exhibit notable
improvements; specifically, the precision for tiny objects
increased by 3.61%, and for big objects by 2.90%.
Furthermore, the recall rate for tiny objects experienced a
significant boost of 2.59%. However, this was accompanied
by a marginal decrease of approximately 0.65% in the recall
rate for big objects.

This slight decline in large object recall can be attributed to
the presence of a sparse number of ultra-large objects
distributed within the [320, 639] scale interval in the DOTA
dataset. Because TFL dynamically scales down the loss
weights for instances with massive pixel areas, the model
tends to somewhat deprioritize these ultra-large targets during
training, leading to this minor trade-off. Nevertheless, taken
comprehensively, TFL effectively elevates both the overall
and tiny object detection performance on the DOTA dataset.
To intuitively demonstrate these enhancements, visual
comparisons of the detection results are presented in Figure 5.

Figure 5 displays the comparison images from the DOTA
dataset. In these images, "w/o" represents the original
YOLOVS network, and "w/" represents the YOLOvV5 network
utilizing TFL. The ground truth represents the actual annotated
results. This image depicts an aerial view of a parking lot,

where the vehicles are small and dense, making them difficult
to detect accurately. Furthermore, there is a large number of
container-like confounding objects on the left side of the
image.

Therefore, this image poses considerable detection
difficulty. To make the image more intuitive, this paper plotted
a difference image. The difference image highlights the
objects detected by the TFL network but missed by the original
network. Thus, the difference image reflects the enhancement
effect of TFL on the YOLOVS5 network regarding the DOTA
dataset. Based on the difference image, it can be observed that
the YOLOVS network using TFL detected approximately 40
more objects, indicating a very obvious improvement.

Difference

Figure 5. Detection results on the DOTA dataset
5.2 Validation on MCF dataset

The MURA dataset is an upper extremity musculoskeletal
X-ray dataset. This paper will solely select the images of
phalangeal and metacarpal bones to form a dataset (MCF) for
testing TFL's improvement on tiny object detection
performance in the medical field. The MCF dataset only
contains one object category: fractures. Its scale range is
[8,169]. Since the MCF dataset does not specify a predefined
test set and validation set, this paper employs 5-fold cross-
validation. Table 5 presents the cross-validation results for the
MCF dataset.

Table 5. Overall detection performance with 5-fold cross-validation on the MCF dataset

Class

P R mAP@.5 mAP@.5:.95
w/o w/ w/o w/ w/o w/ w/o w/
AVG 0.727+0.047 0.759+0.033 0.546+0.021 0.567+0.016 0.604+0.011 0.608+0.017 0.273+0.013 0.28+0.014
>(.05 <0.01** >(.05 <0.01**

P-value

Table 6. Performance on tiny and big objects in the MCF dataset

TFL Usage P R
Tiny Objects Big Objects Tiny Objects Big Objects
w/o 0.6693 0.7627 0.5921 0.6522
w/ 0.7059 0.7649 0.6059 0.6517

355



"AVG" indicates the average results of the 5 folds, and "P-
value" indicates the significant difference across the 5 folds.
Bold font indicates superior performance after using TFL. In
the AVG row of'the table, it can be seen that all four evaluation
metrics improved after using TFL, and the results for R and
mAP@.5:.95 exhibit significant differences. The precision
improved by 3.2%, and the recall rate improved by 2.1%,
showing an obvious enhancement. Table 6 provides the
comparison table for tiny/big object detection effects on the
MCF dataset.

In the table, bold font indicates the superior result. Based on
the position of the bold fonts, it is apparent that, similar to the
situation with the DOTA dataset, the P for both big and tiny
objects improved after using TFL; the R for tiny objects also
improved, but the R for big objects decreased. However, in the
MCEF dataset, the R for big objects only decreased by 0.05%.
Taken comprehensively, TFL has an effective improvement
effect on the MCF dataset, which features a smaller object
scale range and a single category of objects.

5.3 Validation on PCB defect dataset

The PCB defect dataset is a synthetic dataset published by
Peking University. Its primary detection targets are 6 common
defects on PCB circuit boards. Its object scale range is [7,58],
which is a very small interval compared to other datasets.
Table 7 presents the overall detection performance table for
the PCB defect dataset.

Table 7. Overall detection performance on the PCB

dataset
Class P R mAP@.5 mAP®.5:.95
w/o  w/ w/0 w/ w/0 w/ w/0 w/
All 0980 0.980 0.971 0.969 0.982 0.981 0.579 0.599
P-value  >0.05 <0.01** >(.05 <0.01%**

The structure of this table aligns with that of the DOTA
dataset overall detection performance table. "All" represents
the overall detection performance of all categories. "P-value"
indicates whether the evaluation metric shows a significant
difference. Bold font indicates data where "With" outperforms
"Without". According to the table, except for mAP@.5:.95,
other evaluation metrics showed no improvement, with even a
slight drop of 0.1% to 0.2%. Judging from the overall detection
performance table, TFL's improvement on the PCB defect
dataset is not outstanding. However, for a comprehensive
analysis, it should be combined with the tiny/big object

comparison table for the PCB defect dataset. This comparison
table is shown in Table 8.

Table 8. Performance on tiny and big objects in the PCB

dataset
P R
l;l;ELe Tiny Big Tiny Big
g objects objects objects objects
w/o 0.9583 0.9964 0.9633 0.9897
w/ 0.9600 1.0000 0.9654 0.9883

Looking at the two tables combined, the impact of TFL on
the detection performance of the PCB defect dataset, whether
positive or negative, is minimal. This paper analyzes that this
is because all objects in the PCB defect dataset itself are
relatively small, and the scale range is narrow. Thus, the
weight allocation does not excessively affect the distribution
of training resources among the objects. In summary, TFL
yields a certain, albeit non-obvious, improvement effect on
datasets like the PCB defect dataset, which are dominated by
tiny objects, have small object scale ranges, and feature
concentrated object distributions.

5.4 Validation on NWPU VHR-10 dataset

The NWPU VHR-10 dataset (hereinafter referred to as the
NWPU dataset) is a satellite image dataset, and its images and
objects are similar to the DOTA aerial image dataset. Satellite
images have wide applications in industrial production, daily
life, and military fields [21]. Studying target detection tasks on
this dataset has significant real-world meaning. Unlike other
datasets, this paper will compare the performance on the
NWPU dataset with other methods mentioned in literature.
The NWPU dataset does not predefine test and training sets,
requiring researchers to manually divide them and conduct
multi-fold cross-validation to ensure the reliability of
experimental results. There are two common partition methods
for the NWPU dataset: 60% training set, 20% test set, 20%
validation set; and 20% training set, 20% test set, 60%
validation set. Both methods are widely used, but scholars
must clarify the chosen method in their articles to ensure data
comparability. This paper will reference the NWPU dataset
results table compiled in the literature by Wang et al. [21],
adopting the "60% training set, 20% test set, 20% validation
set" partition method for training, consistent with the
referenced literature. Table 9 presents the overall performance
comparison table for the NWPU dataset.

Table 9. Comparison results based on NWPU dataset

Method Plane SH ST BD TC BC GTF Harbor Bridge Vehicle mAP?
Transferred CNN 66.1 569 843  81.6 35 459 80 62 429 429 59.7
RICNN 5 7734 8527 88.12 40.83 5845 86.73 68.6 61.51 71.1 72.63
R-P-Faster R-CNN 90.4 75 444 899 79 71.6  87.7 79.1 68.2 73.2 76.5
SSD512 904 609 798 899 826 80.6 983 73.4 76.7 52.1 78.4
DSSD321 86.5 654 903 89.6 851 804 782 70.5 68.2 74.2 78.8
DSOD300 82.7 62.8 892 90.1 87.8 809 7938 82.1 81.2 61.3 79.8
R-FCN 81.7 80.6 662 903 802 69.7 89.8 78.6 47.8 78.3 76.3
Deformable R-FCN 873 814 63.6 904 81.6 741 90.3 753 71.4 75.5 79.1
Faster R-CNN 94.6 823 6532 955 819 897 924 72.4 57.5 77.8 80.9
Deformable Faster R-CNN  90.7 87.1 705 895 893 873 872 73.5 69.9 88.8 84.4
RDASS512 99.6 85.5 89 95 89.6 948 953 82.6 77.2 86.5 89.5
Multi-Scale CNN 99.3 92 832 972 908 92,6 98.1 85.1 71.9 85.9 89.6
FMSSD 99.7 899 903 982 86 96.8  99.6 75.6 80.1 88.2 90.4
YOLOVS5-ORI 99.6 944 936 975 962 999  99.6 93.2 95 93.8 93.3
YOLOVS-TFL 998 974 987 974 95 1 97.1 90 95.1 92.3 95.4
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This paper adopts the same table layout as literature [3],
where the "Method" column indicates the used method or
network model, columns from "Plane" to "Vehicle" display the
detection performance for each object category, and the
"mAP" column indicates the overall mAP of the network. In
the table, YOLOVS5-ORI represents the original YOLOVS5
network, and YOLOVS-TFL represents the YOLOvVS network
enhanced with TFL. Bold font in the table highlights the
optimal value in that column. According to the data and
analysis in the table, owing to YOLOVS's inherent excellent
performance, the mAP of its original network already
outperforms other networks. The YOLOv5-TFL, improved by
TFL, further increased by 2.1% relative to the original network.
This demonstrates that TFL's improvement on the model's
overall detection performance is both effective and significant.

5.5 Exploration of Tiny Focal Loss adjustment function

As mentioned earlier, TFL defines two adjustment functions,
namely the focusing coefficient K and the piecewise function.
To verify the effect of the two adjustment functions, this paper
conducted a total of 30 sets of experiments for six preset TFL
forms across the five datasets mentioned above, exploring the
impact of different TFL settings on various datasets. This
seeks to establish a correlation between the TFL parameter
settings and the dataset’s object scale alongside its weight
distribution histogram, thereby discovering empirical rules for
optimal TFL settings and providing methodological guidance
for utilizing TFL. Previous experiments showed that TFL’s
effect on datasets with small object scale ranges is less obvious.
For instance, the MCF dataset has an object scale range of
[8,169], and the PCB dataset has a range of [7,58]. Under
default settings, TFL did not demonstrate adequately
outstanding performance on these two datasets. This paper
utilized TFL’s adjustment function to improve TFL’s
performance on such datasets. Table 10 and Table 11 present
the comparison tables after applying the adjustment functions
to the MCF and PCB datasets, respectively.

Table 10. Comparison results of adjustment function based

on MCF dataset
P R
TFL Status Tiny Big Tiny Big
objects objects  objects objects
w/o 0.669 0.763 0.592 0.652
K=1.6 0.706 0.765 0.609 0.652
K=3 0.734 0.736 0.669 0.698

Table 11. Comparison results of adjustment function based
on PCB dataset

P R
TFL Status Tiny Big Tiny Big
objects objects  objects objects
w/o 0.958 0.996 0.963 0.988
K=1.6 0.960 1.000 0.965 0.988
K=0.6 0.972 0.999 0.966 0.991

According to the result analysis, the adjustment function
yields obvious improvement effects on datasets with smaller
object scale ranges, like PCB and MCEF, effectively increasing
TFL’s generalization capability across different datasets.
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Based on the outcomes of the 30 experimental sets, this paper
can provide the following empirical rules for using TFL
adjustment functions: For the vast majority of datasets,
adopting the default setting a non-piecewise function with
K = 1.6 can achieve satisfactory performance improvements.
For datasets with small object scale ranges, specifically those
whose scale range length is less than one-fourth of the image
size. For example, if YOLOvVS5’s default image size is
640 x 640 pixels, a dataset with a scale range length of less
than 160 pixels falls into this category. The piecewise function
form of TFL should be selected. Concurrently, the smaller the
scale range length, the more radical the TFL should be,
implying that the K value should be smaller. This paper
analyzes that the cause of this pattern is that in datasets with
small scale range lengths, the discrepancy between big and
tiny objects is not conspicuous. Therefore, a piecewise
function form is necessary to widen the gap in weights
assigned to big and tiny objects. Simultaneously, a smaller
scale range length demands further widening of this gap,
necessitating a smaller K value.

5.6 Impact of TFL on model volume and inference speed

Starting from the practical application needs of tiny object
detection, this paper attempts to improve the tiny object
detection performance and overall detection performance of
the model without increasing model complexity or slowing
down model inference speed. To verify this perspective, this
paper conducted a comparative analysis of the volume and
speed of the models trained on the five previously mentioned
datasets. The results are shown in Table 12.

Table 12. Comparison results of model volume and inference

speed
Tiny
Dataset Focal Weight file Preprocessing Inference
Loss size (MB) time (ms) time (ms)
(TFL)
w/o 14.6 0.4 14.5
coco w/ 14.6 0.5 14.4
w/o 13.9 0.5 12.7
DOTA w/ 13.9 0.5 12.4
w/o 14.0 0.4 14.5
MCF w/ 14.0 0.4 14.6
w/o 14.2 0.4 13.7
PCB w/ 14.2 0.5 13.5
w/o 15.0 0.4 15.6
NWPU w/ 15.0 0.6 15.5

According to the results in the table, it can be observed that
the size of the model weight files improved by the method
proposed in this paper underwent no changes. This indicates
that the proposed method does not affect the model’s
complexity, making it conducive to model lightweighting.
Moreover, after utilizing this method, the model’s
preprocessing time and inference time fluctuated within +0.2
milliseconds, illustrating that this method has virtually no
impact on the model’s preprocessing and inference speeds.
Therefore, the TFL proposed in this paper is an excellent
method for enhancing target detection performance with
almost no negative effects, making it highly applicable for
scenarios demanding lightweight execution and real-time
capability in tiny object detection.



6. CONCLUSIONS

Starting from the target detection task and focusing on the
challenge of tiny object detection, this paper considered
practical production and living needs. A loss function focusing
on tiny objects was designed, successfully enhancing tiny
object detection performance without impairing big object
detection performance, thereby elevating the model's overall
detection performance. Additionally, through further research,
this paper adjusted the parameter settings and functional
segmentation of TFL, subsequently raising TFL's performance
on datasets with small-scale ranges, which proved the high
generalization of TFL. Regarding future improvements on loss
functions, closer ties should be maintained with the actual
conditions of datasets to maximize the loss function's
adaptability to diverse datasets. While tiny object detection
undoubtedly remains a challenging aspect of the target
detection task, utilizing methods such as super-resolution or
even hardware performance upgrades as an "indirect
approach"—rendering the tiny objects no longer "tiny"—
might present a more viable improvement methodology to
resolve tiny object detection challenges and advance target
detection tasks.
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