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ABSTRACT

To address missed detections and limited efficiency in small fragment-impact recognition on target plates during warhead
testing, this paper proposes small fragment detection YOLO (SFD-YOLO), a task-oriented detection framework built upon
YOLOv11. An improved Spatial-Channel Reconstruction C3k2 (SCC3k2) module is integrated into the backbone to suppress
redundant responses in both spatial and channel dimensions, enhancing the representation of weak micro-scale impact
cues. To improve sensitivity to extremely small targets, we introduce an additional micro-object detection head and adopt
an Asymptotic Feature Pyramid Network (AFPN) for progressive multi-level feature alignment and fusion, which strengthens
feature consistency across pyramid levels. In addition, a Lightweight Adaptive Extraction (LAE) module is employed to replace
standard convolutions, reducing model complexity while maintaining effective feature extraction. To comprehensively evaluate
performance in realistic testing scenarios, we construct a multi-scene target-plate dataset from a series of static explosion
experiments, covering both penetrative fragment holes and non-penetrative impact marks. Experimental results demonstrate
that SFD-YOLO achieves 98.1% mAP@0.5 and 69.7% mAP@0.5:0.95, outperforming the YOLOv11 baseline by 2.7% in
mAP@0.5 and 6.8% in mMAP@0.5:0.95, at 135 FPS with only 2.15M paraimeters. Moreover, robustness evaluations under
image degradations indicate that SFD-YOLO maintains more stable detection performance than the baseline. The proposed
method provides a high-precision real-time solution for fragmerit lethality evaluation and shows potential for broader applications
such as metal surface defect inspection.

Introduction

Fragments are one of the key metrics for evaluating warhead lethality', as their velocity, flight angle, and spatial distribution
directly reflect the munition’s destructive performance?. Currently, fragment characterization methods fall into two categories:
contact-based measurements’ and non-contact testing*. Contact methods are widely used due to their straightforward and
intuitive response to experimental outcomes. In static explosion trials, the most widely used procedure is the target-plate
method’, whereby fragments produced by detonation strike a calibrated plate and parameters such as impact locations, hit
density, and hole diameters are recorded to quantify destructive effects. However, manual measurement of hole distributions®
on target plates suffers from low statistical efficiency and high labor demands. Harsh conditions in static-blast test ranges,
such as strong winds, dust, and other adverse weather, further hinder observers’ visibility and introduce data-collection errors,
ultimately compromising assessment accuracy. Therefore, applying object detection techniques to fragment-hole detection
on target plates holds significant potential for improving real-time monitoring, data analysis, and operational effectiveness
evaluation’.

Currently, research that combines artificial intelligence with industrial inspection has concentrated mainly on conventional
defects and surface fault detection, while studies applying object detection algorithms to the identification of fragment holes on
target plates remain scarce®. Detecting fragment holes on target plates presents several challenges: the holes are very small,
densely distributed, and it is difficult to acquire large datasets of target-plate inspection scenarios’. With the advancement
of computer vision'?, various approaches have been proposed, broadly divided into image-processing-based methods and
deep-learning-based methods, such as classification!! and segmentation'?. Notably, multi-threshold binarization has shown
effectiveness for representing small objects under complex imaging conditions'?. However, image-processing-based algorithms
suffer from limited generalization and robustness to specific defect types'#, as each target requires manual feature engineering
and parameter tuning, resulting in high computational cost that fails to meet real-time industrial requirements'>. In contrast,
deep neural networks provide powerful feature extraction capabilities and have achieved higher accuracy in detection tasks.
Consequently, many researchers have shifted their focus from traditional feature-engineering techniques to deep-learning-based
detection'®. In numerous application domains, the You Only Look Once (YOLO) series of algorithms has gained widespread



adoption in object detection tasks due to its high inference efficiency and competitive accuracy!”. Its single-stage architecture is
particularly advantageous in scenarios that require real-time performance'®. Based on these strengths, this work employs a
YOLO-based detection framework for efficient fragment localization. Nonetheless, the abundance of small targets in target-plate
inspection scenarios continues to expose YOLO’s limitations in small-object detection!®.

In this paper, we present small fragment detection-YOLO (SFD-YOLO), a high-precision yet lightweight model for
fragment-hole detection on target plates. In the feature-extraction stage of a YOLOvV11n backbone, we integrate the SCC3k2
module, which combines spatial reconstruction and channel reconstruction units—and append a dedicated small-object detection
head. An Asymptotic Feature Pyramid Network (AFPN) is then employed to progressively fuse low-, middle-, and high-level
feature representations, thereby reinforcing semantic consistency across different scales. To address data scarcity and varying
weather conditions, we augment our dataset with affine transforms and synthetic fog and dust effects, yielding a multi-condition
target-plate fragment dataset. Experimental results demonstrate that training on this enhanced dataset reduces model parameters
and computational complexity while maintaining high detection accuracy.The main contributions of this article are as follows.

1. We propose a novel SFD-YOLO model that integrates the SCC3k2 module and a lightweight adaptive extraction (LAE)
unit, resulting in both higher detection precision and a reduced parameter count.

2. We optimize the YOLOv11 detection head by adding a P2 small-object layer and employing an Asymptotic Feature
Pyramid Network (AFPN) to strengthen multi-scale feature fusion and small-fragment recognition.

3. We construct a custom target-plate fragment dataset of 4565 images captured in static-blast test ranges and augmented
with synthetic fog and dust to cover diverse weather conditions.

4. We demonstrate the superiority of SFD-YOLO through comprehensive comparison and ablation experiments. The
proposed model achieves an mAP of 98.1%, with only 2.15M parameters and 11.8 GFLOPs, and reaches 135 FPS,
outperforming mainstream detectors in both accuracy and efficiency.

The remainder of this paper is organized as follows. Section II reviews related work on target-plate and small-object detection.
Section III describes the SFD-YOLO architecture in detail. Section IV presents our experimental setup and compares results on
the custom dataset against other methods. Finally, Section V concludes and outlines future research directions.

Related Work

Introduction to the Object Detection Algorithin

Object detection is the task of identifying instaices of semantic object classes in an image and localizing them with bounding
boxes?’. In recent years, deep convolutional neural networks (CNNs) have dramatically improved detection performance.
Modern CNN-based detectors are generally divided into two categories: two-stage methods and one-stage methods. Two-stage
detectors first generate candidate object regions and then classify each one?!, whereas one-stage detectors skip the proposal
step and directly predict object locations and labels in a single network pass>2.

R-CNN is an early two-stage detection framework that first applied deep learning to object detection. It generates candidate
regions and applies a convolutional neural network to extract features from each region individually?>. Its slow inference speed
led to the development of Fast R-CNN for improved efficiency. Fast R-CNN improved efficiency by computing a convolutional
feature map for the entire image and then pooling features for each region?*. Faster R-CNN further improved both accuracy and
speed by introducing a Region Proposal Network (RPN), which generates candidate regions and shares convolutional features
with the detection network?>.

One-stage models tend to be much faster, making them well-suited for real-time applications. For example, SSD uses a
single CNN to predict offsets and confidences for a fixed set of default boxes over multiple feature-map scales?®. CenterNet
detects objects by identifying their center points and key corner positions, enabling accurate localization without the need for
anchors?’. DETR performs object detection by leveraging object queries and positional encodings to model global relationships
in an end-to-end manner2®. one-stage models are well suited for real-time tasks, with the YOLO series standing out for its
balance of speed and accuracy. Through continuous improvements, YOLO has become a widely adopted solution in fast and
efficient object detection applications.

Application of the Fragments Detection Algorithms

Early fragment detection methods were primarily based on manual measurements or traditional image processing techniques,
which often lacked robustness, scalability, and adaptability to complex scenarios?. With the development of deep learning,
particularly object detection algorithms, various approaches have been proposed to automate the detection and classification of
fragment impacts on target plates and related test surfaces.



For target detection of fragment perforations on target plates, Lei* achieved fragment recognition through joint training of a
Region Proposal Network (RPN) and Fast R-CNN; however, the method suffers from slow detection speed and limited utilization
of shallow features. Wei! replaced the SSD backbone with DenseNet and introduced both channel and spatial attention
mechanisms, resulting in improved detection performance for small fragments. He?> proposed an improved YOLOv5-based
algorithm for detecting fragment clusters from warheads by incorporating coordinate attention mechanisms and optimizing the
upsampling module to reduce information loss in small-object features. However, detection accuracy remains an area for further
improvement. Gao? introduced a DSA-EF semantic segmentation network with an ECA-based channel attention mechanism
that considers inter-channel correlations of multi-scale target features, although the model incurs high computational cost. At
present, research specifically targeting fragment hole detection on target plates remains limited, and there is still substantial
room for improvement in both detection accuracy and efficiency.

Small Object Detection Methods

Deep learning—based object detection methods typically rely on backbone networks to extract high-level features. However, in
target plate images, small fragment features may occupy only a limited number of pixels, making them difficult to detect. To
address this, researchers have proposed various multi-scale feature fusion techniques. Zhang>* introduced ACNet to reduce
feature loss during downsampling and enhance context representation. Tang> developed pyramidBox to improve contextual
awareness using pyramid anchors and a context-sensitive structure. Guo>® proposed AugFPN to align semantic and detailed
features via supervised fusion. Zhang?’ presented FFCA-YOLO, an efficient detector that enhances feature representation and
context awareness. It incorporates an improved BiFPN neck to aggregate multi-scale feature maps and strengthen the semantic
representation of small targets. These approaches demonstrate that improving the quality of multi-scale feature fusion can
significantly enhance small object detection performance.

In addition, data augmentation methods help improve model generalization. Chen’® proposed Stitcher, which assembles
smaller image patches to enhance the presence of small targets during training. Yu®” introduced a Scale Matching strategy to
reduce size discrepancies by adaptively cropping objects based on scale.
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Figure 1. Model architecture diagram of SFD-YOLO.



Methodology

Network Architectrue of SFD-YOLO

Based on existing studies, detecting fragment holes on target plates presents considerable challenges owing to their small size,
low pixel resolution, and dense spatial distribution. In this paper, we introduce SFD-YOLO, a model specifically designed for
fragment-hole detection. Fig. 1 illustrates the overall architecture of SFD-YOLO, which extends the YOLO series with several
key improvements to ensure real-time inference speed while markedly enhancing both accuracy and robustness for tiny targets.
The network is divided into a backbone, a neck, and detection heads: the backbone extracts multi-scale features from the input
target-plate image, the neck fuses these features, and the detection heads employ an efficient feature-fusion strategy to produce
object classification and bounding-box regression outputs.

First, we redesign the backbone feature extraction by introducing the SCC3k2 module to enhance spatial-channel rep-
resentation while suppressing redundant information, improving sensitivity to weak and tiny impact patterns. Second, we
incorporate a lightweight adaptive extraction (LAE) module to reduce computation with minimal loss of discriminative details,
enabling real-time deployment. Third, unlike the standard YOLO head that detects on three scales (P3—P5), we extend the
detection pyramid to four scales (P2-P5) and adopt an AFPN-based head to strengthen cross-scale feature fusion and semantic
consistency. These architectural modifications jointly improve detection accuracy and robustness on small, densely distributed
fragment perforations and non-penetration marks while maintaining a compact model size and high inference speed.

Within the backbone, to address the particular difficulty of detecting small fragment holes, we integrate an enhanced C3k2
module (denoted SCC3k?2), which combines a Spatial Reconstruction Unit (SRU) and a Channel Reconstruction Unit (CRU).
By reconstructing features along both spatial and channel dimensions, SCC3k2 effectively suppresses redundant information
and improves the extraction of fine-grained details. To further streamline feature extraction and reduce model complexity, we
replace standard convolutional layers with a Lightweight Adaptive Extraction (LAE) miodule, thereby lowering computational
cost and boosting inference speed.

In the neck and detection-head stages, we enhance the original structure with a dedicated small-object detection layer and
an Asymptotic Feature Pyramid Network (AFPN) to address the multi-scale, diminutive nature of fragment holes. AFPN
progressively integrates low-, mid-, and high-level features, narrowing semantic gaps between scales and strengthening the
model’s responsiveness to tiny targets. Ultimately, SFD-YOLO achieves high-precision localization and classification of
fragment holes by aggregating outputs from four parallel detection heads.

The remainder of this section details the design principles and implementation of each improved module, as well as
experimental validation on the target-plate fragment-hole detection task.

Spatial and Channel Reconstructicn C2k2 Module

During fragment impact inspection, the targets are extremely small, irregularly shaped, and often exhibit weak contrast
against reflective metallic backgrounds. In such cases, missed detections are frequently caused by insufficient preservation
of fine-grained spatial cues and redundant channel responses in early feature extraction, rather than by the lack of high-level
semantics.

To enhance discriminative feature extraction for tiny fragment marks, we propose an improved SCC3k2 module based on
the original C3k2 block, as illustrated in Fig. 2. The main modification is to replace the conventional Bottleneck unit inside
C3k2 with an SC_Bottleneck consisting of two SCConv layers. This design preserves the original CSP-style split—transform—
concat topology while introducing spatial and channel reconstruction, enabling the network to better capture subtle edges and
low-contrast textures of micro-scale penetration holes and non-penetration impact marks.

SCConv integrates two complementary components (Fig. 3): a Spatial Reconstruction Unit (SRU) that suppresses spatial
redundancy and improves local consistency, and a Channel Reconstruction Unit (CRU) that reduces channel-wise redundancy
and enhances discriminative responses. Such dual-dimensional reconstruction is particularly beneficial for fragment-hole
inspection, where target cues are weak and background interference is strong.

Considering that shallow feature maps usually contain fewer channels with limited redundancy, while deeper layers tend
to be more redundant, we adopt a selective replacement strategy: SCC3k2 is applied only to key backbone stages for feature
extraction, whereas standard bottleneck structures are retained in later feature fusion blocks to avoid over-filtering multi-scale
information. This strategy provides a favorable trade-off between representation capability and computational cost.

The SRU adopts a separation-and-reconstruction strategy to reduce redundant features along the spatial dimension, as
shown in Fig. 4. By compressing irrelevant information, SRU enables convolution layers to focus more effectively on salient
detail regions, which is important for suppressing background reflections and noise patterns on metallic target plates.
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Figure 3. Architecture of SCConv, consisting of a Spatial Reconstruction Unit (SRU) and a Channel Reconstruction Unit
(CRU).

where (1 and ¢ are the mean and standard deviation of X, € is a small constant for numerical stability, and y and B are trainable
affine parameters.
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In the separation stage, informative and less informative spatial feature maps are distinguished using the scaling factors y in
group normalization, followed by a sigmoid-based gating mechanism. Two weighted components are obtained: informative
(X7") and redundant (X;").
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In the reconstruction stage, SRU performs cross-reconstruction to enhance information flow while suppressing spatially
redundant responses, resulting in a more expressive spatial representation for tiny impact marks.
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Figure 4. Architecture of Spatial Reconstruction Unit (SRU).
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Figure 5. Architecture of Channel Reconstruction Unit (CRU).

The CRU employs a split—transform—merge approach to minimize channel redundancy and strengthen discriminative
channel responses, as shown in Fig. 5.

First, the input feature map is split into two parts along the channel dimension. The upper branch combines group-wise
convolution (GWC) and point-wise convolution (PWC) to capture diverse channel interactions efficiently, while the lower
branch uses lightweight 1 x 1 convolutions and feature reuse to preserve fine-grained details. Finally, both branches are fused
using a lightweight attention mechanism to adaptively balance their contributions:
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,= MPZXIOW UXlow (6)

el e
ﬁl=m7 ﬁzzm, Bi+pB =1 @)
Y =Y+ BYs (8)

where s; and s, are attention scores generated from global descriptors of the two branches. The coefficients §; and 3, are
automatically learned during training, enabling adaptive channel fusion without manual tuning.

Overall, SCC3k2 improves feature representation for tiny fragment marks by jointly reducing spatial and channel redundancy,
providing a stronger backbone foundation for subsequent multi-scale fusion and detection head optimization.

Lightweight Adaptive Extraction Module
In target-plate fragment-hole detection, the objects of interest are extremely small, sparsely distributed, and often exhibit
weak visual responses under complex surface textures and illumination variations. These characteristics make conventional
convolutional operations prone to suppressing fragment-hole features during downsampling and feature fusion.

To address this issue, we adopt the Lightweight Adaptive Extraction (LAE) module as a task-oriented enhancement for
low-level feature stabilization rather than as a generic multi-scale extraction block*?. In SFD-YOLO, LAE is selectively



integrated into both the backbone and neck to reinforce fragile fragment-hole responses and suppress background interference
caused by metallic reflections and surface irregularities.

As illustrated in Fig. 6, LAE adaptively extracts information from multi-scale feature representations and dynamically
modulates feature responses according to local contextual cues. This adaptive behavior allows the network to emphasize
informative micro-scale structures, such as fragment-hole boundaries, while attenuating irrelevant background patterns.

Algorithm 1 LAE Module

Require: Input feature X € R W€
Ensure: Output feature X,
Lightweight Extraction Branch

1: Fp, < GroupedConv (X, groups = C/16)
2: Fp < Rearrange(Fy)
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Figure 6. Architecture of Lightweight Adaptive Extraction module.

Structurally, LAE adopts a dual-branch design consisting of a lightweight extraction branch and an adaptive refinement
branch. The lightweight branch employs group convolution to reduce computational cost while preserving essential spa-
tial-channel interactions. The adaptive branch utilizes average pooling followed by a 1 x 1 convolution and softmax-based
weighting to refine local feature responses in a context-aware manner.



By incorporating group convolution with N groups, the parameter count is reduced to approximately 1/N of standard
convolution. A dimension-mapping operation reorganizes spatial information into the channel domain, mitigating information
loss during downsampling. The outputs of the two branches are fused through element-wise multiplication and residual addition,
achieving a balance between computational efficiency and representational robustness.

Within the SFD-YOLO framework, LAE serves as a complementary component that cooperates with the SCC3k2 backbone
and the AFPN-based detection head. Rather than acting as an independent innovation, LAE contributes to a system-level
design that stabilizes micro-scale feature responses and improves detection robustness under challenging target-plate conditions,
thereby contributing to a balanced trade-off between detection accuracy and computational efficiency.

Detection Head Improvement

In fragment-hole detection on target plates, especially for micro-scale perforations and non-penetration impact marks, multi-
scale feature fusion plays a decisive role in detection accuracy. These targets usually occupy only a limited number of pixels
and may appear with weak contrast on reflective metallic surfaces. As a result, the detector must preserve fine-grained spatial
cues while maintaining sufficient contextual information.

The baseline YOLOvV11n employs a standard Feature Pyramid Network (FPN)-style neck to fuse multi-level features for
objects of different sizes. Although effective in general scenarios, direct top-down fusion may introduce semantic inconsistency
between pyramid levels. This issue becomes more evident for tiny and low-contrast fragment holes, where shallow details can
be easily diluted by stronger but coarser high-level semantics.
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Figure 7. Architecture of Asymptotic Feature Pyramid Network (AFPN).

To address this problem, we introduce an Asymptotic Feature Pyramid Network (AFPN) as a task-adapted fusion head in
SFD-YOLO. As illustrated in Fig. 7, AFPN adopts a staged and progressive fusion strategy, which gradually aligns low-level
spatial details with higher-level contextual representations. Compared with conventional FPN, this asymptotic aggregation
reduces the semantic gap across pyramid levels and helps retain localization-sensitive information that is critical for micro-target
detection.

More importantly, unlike the original AFPN design that targets pixel-level labeling and general multi-class detection*!, our
objective is to enhance robustness for point-like targets under complex backgrounds (e.g., reflective artifacts and surface stains).
Therefore, AFPN is used here as a scale-alignment and feature-consistency module to better support fragment-hole localization
in a constrained detection setting.

In addition to feature fusion, we further enhance small-object sensitivity by introducing a dedicated micro-object detection
head. Specifically, we extend the original three-head prediction (P3—P5) in YOLOvV11n by adding an extra high-resolution
detection head at P2, forming a four-head detection scheme (P2—P5). This modification explicitly decouples micro-scale
fragment detection from larger-scale feature aggregation, enabling the network to exploit finer spatial resolution for tiny hole
patterns.

To implement this design efficiently, we build an AFPNHead module that integrates AFPN-based progressive fusion
with Adaptive Spatial Feature Fusion (ASFF) re-weighting. The overall architecture is shown in Fig. 8. In AFPNHead, the
feature maps from P2—P5 are first aligned by lightweight convolution layers, and then fused through cascaded ASFF blocks to
adaptively aggregate spatial contributions from different scales. This dynamic fusion suppresses noisy or conflicting responses
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and emphasizes discriminative impact regions, which is beneficial for target-plate imagery with illumination variations and
reflective interference.

As a result, AFPN serves as an effective scale-alignment mechanism between the enhanced backbone features and the
task-specific detection heads, improving the discrimination between penetrative fragment holes and non-penetration impact
marks under complex target-plate conditions. The featuie fusion process at each level can be formulated as:

I 1 Al pl 2 351
Vii =i B ©

where xf-‘j_” denotes the feature map from pyramid level P resized and aligned to level P, and oa{ > ﬁfj and yf ; are adaptive

spatial weights learned by ASFF such that ai[j + ﬁilj + yilj =1.

Experiment

Establishment of the Target Plate Fragment Dataset

In static warhead detonation experiments, target plates are typically arranged at specified distances around the warhead with
defined angular coverage to collect fragment impact information. Through static detonation tests, the numbers of fragment
penetration holes and non-penetrative impact marks formed on the target plates can be statistically analyzed, enabling the
evaluation of key performance indicators such as fragment quantity, spatial distribution characteristics, and impact density.
These measurements provide direct evidence for warhead casing assessment, design verification, and final acceptance.

Fig. 9 illustrates a typical layout of a static warhead detonation experiment. Taking the blast center as the origin, target
plates are symmetrically arranged along a circular perimeter with a radius of approximately 8 m, while the observation bunker is
located about 500 m away from the blast center. The circular target region consists of three sector-shaped areas, each assembled
from ten equivalent target plates. Each equivalent target plate has a length of 1.2 m, a height of 2.6 m, and a thickness of 6 mm.
Within each sector, the plates are spliced to form a continuous arc-shaped target plate of approximately 12 m in length, with an
angular separation of about 36° between adjacent sectors.

After static detonation, fragments impact the target plates and produce characteristic perforation patterns. High-resolution
images of the target plates are then acquired for subsequent image-based analysis. Similar experimental configurations and data
acquisition procedures can be found in recent studies on fragment localization and spatial distribution measurement*?.

Due to the constraints of static explosion experiments, large-scale data acquisition is challenging. To address this issue, we
constructed a dedicated target-plate fragment dataset based on a series of previous static-blast trials. Each fragment impact
instance was manually annotated and categorized into one of two classes: penetrative fragment holes and non-penetrative
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Figure 9. Layout of the static explosion experiment.

impact marks. These two categories correspond to different damage mechanisms and are of practical significance for lethality
assessment.

As illustrated in Fig. 10, representative fragment impact holes in the target-plate images are extremely small and occupy only
a limited number of pixels. The majority of fragment holes exhibit bounding-box sizes on the order of tens of pixels, typically
ranging from approximately 25x25 to 45x45 pixels. To facilitate visual understanding, zoomed-in views of representative
fragment holes are provided together with pixel-size annotations and a physical scale bar. These images were acquired in an

3
|

P
e

5

Figure 10. Examples of fragment impact holes with pixel-level size annotations and physical scale reference.

outdoor static detonation test range. Due to on-site installation constraints, some target plates may exhibit slight tilt angles
relative to the camera optical axis, which can lead to minor variations in surface reflectivity. To mitigate illumination bias, all
images were captured under natural diffuse daylight conditions without additional directional light sources, and the camera
was positioned approximately front-facing to the target plate surface with stable exposure settings. Given that illumination
quality and uniformity can affect surface defect detection**, we further evaluate the robustness of the proposed system under
blur, contrast variation, and illumination change conditions during the experimental phase.

To alleviate the limited dataset size and improve generalization performance, data augmentation techniques were employed,
including affine transformations and the superposition of synthetic fog and dust effects, as Fig. 11 illustrated

The final augmented dataset contains 4565 images with an average resolution of 2777 x 2188 pixels. In total, 23,576
fragment impact instances were annotated, of which penetrative fragment holes account for 76.5% and non-penetrative impact



Figure 11. Target plate fragment detection dataset, inciuding foggy and dusty weather scenarios.

marks account for 23.5%. Fig. 12(a) shows the spatial distribution of fragment impact centroids, while Fig. 12(b) illustrates the
distribution of object sizes, indicating that the dataset 1s dominated by small-sized targets.

Following the definition in Krishna**, an object is considered a small target if its bounding box occupies less than 1% of
the image area. According to this criterion, §9.4% of the annotated fragment impacts in the dataset fall into the small-target
category. Prior to training, all images were resized to a uniform resolution to reduce computational burden. The dataset was
divided into a training set of 3195 images, a validation set of 913 images, and a test set of 457 images.

Design of Experiments
Experiments were conducted on a cloud platform provisioned with an Intel Core i9-13980 CPU, 32 GB of RAM, and an
NVIDIA RTX 4090 GPU. The model was developed in PyTorch 2.0.0 framework, with CUDA 11.8 employed to accelerate
training operations. During training, input images were resized to 640 x 640 pixels, and the model was trained for 250 epochs
using the SGD optimizer with a batch size of 12. All other hyperparameters were kept consistent with those of the YOLOv11
baseline. During training, automatic mixed precision (AMP) was disabled. All inference speed measurements were conducted
using FP32. precisionTable 1 provides the corresponding hyperparameter configurations.

We evaluate SFD-YOLO and comparative methods using four primary metrics: precision, recall, mean average precision
(mAP), F1 score and frames per second (FPS). Precision and recall are defined as follows:

TP
Precision = ——— 10
recision TP+ EP (10)
TP
Recall = ——— (11)
TP+ FN

where TP is the number of true positives, FP is the number of false positives, and FN is the number of false negatives. A
detection is counted as a true positive if the Intersection over Union (IoU) between the predicted box and the ground truth
exceeds a predefined threshold.

Average Precision (AP) quantifies the area under the precision—recall curve for each object category and reflects the overall
balance between detection accuracy and recall. In the MS-COCO evaluation protocol, mean average precision (mAP) is
computed by averaging AP values over multiple Intersection-over-Union (IoU) thresholds from 0.5 to 0.95, thereby evaluating
detection performance under increasingly strict localization criteria.
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Figure 12. Visualization of dataset distribution. (a) Center Point Distribution. (b) Object Size Distribution.

Parameter name Setting

Input image size 640 x 640
Epochs 250

Batch size 12

Workers 8 R
Initial learning rate (Irp) 0.01
Optimizer S‘G'T N
Momentum \ 0.937

Weight decay N 0.0005
Learning rate sc‘:edulj Cosine annealing
Data augm ?ntﬂion Mosaic

Table 1. Related training parameters.

In this work, we report AP at an IoU threshold of 0.5 (mAP@0.5) as well as mAP@[0.5:0.95] to characterize detection
performance from both practical and stricter localization perspectives. For a detection task involving N object classes, the
overall mAP is computed as the unweighted mean of the AP values across all classes:

1
AP, = / P.(R;)dR; (12)
0
1 n
mAP = — AP; 13
y L AP (13)

The F1 score combines precision and recall into a single metric by computing their harmonic mean:

_ 2 x Precision x Recall

F1 —
Precision + Recall

(14)

FPS denotes the average number of frames the model can process per second and depends on both the network’s computa-
tional footprint and the hardware configuration. We also report Giga Floating-Point Operations (GFLOPs), which quantifies the
total number of floating-point operations required for a single forward pass and serves as an indicator of model complexity.

In addition, we conducted a sensitivity analysis on the choice of optimizer. Specifically, SGD and AdamW were compared
under identical training and inference settings on the proposed SFD-YOLO model. For AdamW, the learning rate and weight
decay were adjusted to optimizer-appropriate values to ensure stable convergence, while all other configurations were kept
unchanged. As shown in Table 2, SGD yields higher mAP and F1 scores on the target-plate dataset, whereas inference speed
remains identical for both optimizers. Therefore, SGD was adopted as the default optimizer in this study.



Optimizer | mAPys (%) | mAPys.09s (%) | F1(%) | FPS
SGD 98.1 69.7 95.5 135
AdamW 96.7 68.3 93.0 | 135

Table 2. Sensitivity analysis of different optimizers on the proposed SFD-YOLO model.
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Figure 13. Model training results.

Result And Experimental Comparison

The model was trained on our custom dataset, and the training dynamics are illustrated in Fig. 13. Convergence was achieved
within 250 epochs, with the training loss decreasing rapidly during the first 70 epochs. The loss curves for the training and
validation sets followed similar trends and remained closely aligned, indicating stable learning. Precision, recall, and mAP
gradually improved and tended to plateau between epochs 190 and 250, at which point the model reached optimal performance.

For comparative evaluation, SFD-YOLO was benchmarked against SSD, Faster RCNN, RT-DETRv2s, YOLOv5n,
YOLOv8n, YOLOv10n, YOLOvI1n, and CACS-YOLO*. We used mAP and FPS as the primary metrics to assess both
detection accuracy and inference speed. Due to resource constraints, all methods were evaluated on the same augmented
target-plate fragment dataset. The results are summarized in Table 3.

As shown in Table 3, the proposed SFD-YOLO achieves the best overall performance among all compared methods on the
target-plate dataset. It attains the highest mAP@0.5 of 98.1% and mAP@[0.5:0.95] of 69.7%, together with a precision of
97.1%, a recall of 93.9%, and an F1 score of 95.5%. In terms of per-class performance, SFD-YOLO achieves an AP of 98.8%
for penetrative fragment holes and 97.4% for non-penetrative impact marks, indicating balanced detection capability across
different fragment types. Meanwhile, SFD-YOLO maintains a compact architecture with only 2.15 million parameters and 11.8
GFLOPs, while achieving the fastest inference speed of 135 FPS.

Compared with classical detectors such as SSD and Faster R-CNN, SFD-YOLO improves mAP@0.5 by 20.8% and 17.7%,
respectively, while increasing inference speed from 45 FPS and 16 FPS to 135 FPS, using only a small fraction of their model
parameters. Relative to the transformer-based RT-DETRv2s, SFD-YOLO achieves higher mAP@0.5 (98.1% vs. 95.4%) and
mAP@[0.5:0.95] (69.7% vs. 61.8%), while reducing FLOPs from 60.0 G to 11.8 G and improving inference speed from 78
FPS to 135 FPS.

When compared with lightweight YOLO-series models, SFD-YOLO further refines the trade-off between accuracy and
efficiency. It outperforms YOLOv11n by 2.7% in mAP@0.5 and 2.6% in mAP@[0.5:0.95], while reducing the parameter count
from 2.59 M to 2.15 M and increasing inference speed from 126 FPS to 135 FPS. Compared with the small-object—oriented
CACS-YOLO, SFD-YOLO achieves comparable or slightly higher mAP@0.5 (98.1% vs. 97.8%) and a higher F1 score (95.5%
vs. 94.4%), while reducing model parameters by more than 25 M and lowering computational cost by approximately six times,
demonstrating its suitability for real-time and resource-constrained target-plate testing scenarios.



Model | P (%) |R (%) | APfrag (%) | APpnon (%) | mAPq 5 (%) | mAPy 5,095 (%) | F1 (%) | Params (M) | FLOPs (G) | FPS

SSD 825|598 | 874 67.2 773 473 693 | 2635 352 | 45
Faster-RCNN | 78.2 | 75.1 | 88.2 72.6 80.4 52.6 76.6 | 134.62 180.5 | 16
RT-DETRv2s | 94.3 | 914 | 965 94.3 95.4 61.8 92.8 | 2043 60.0 | 78
YOLOv5n | 912 | 90.1 | 949 89.7 923 573 90.6 2.19 45 121
YOLOv8n | 949 | 924 | 97,0 94.6 95.8 59.5 93.6 321 87 | 131
YOLOvIOn | 959 | 935 | 96.4 95.8 96.1 64.8 94.7 271 67 | 106
YOLOvIIn | 948 | 927 | 972 93.6 95.4 62.9 93.7 2.59 6.5 126
CACS-YOLO | 96.7 | 923 | 98.1 97.5 97.8 66.9 944 | 2744 66.6 | 101
SFD-YOLO | 97.1 | 939 | 98.8 97.4 98.1 69.7 95.5 2.15 11.8  [135

Table 3. Performance comparison of different detection models on the target-plate dataset. APfre and APpo, denote per-class
average precision for penetrative fragment holes and non-penetrative impact marks, respectively.

Three images were randomly selected and tested using different detection algorithms for comparative analysis, as shown
in Fig. 14. In the first image, SSD, Faster-RCNN, RT-DETRv2s, YOLOv8n, YOLOvV10n, and YOLOv11n all exhibited
missed detections. Additionally, SSD and Faster-RCNN showed low confidence scores, while YOLOvS and CACS-YOLO
produced false detections. Specifically, YOLOVS failed to effectively distinguish between penetration and non-penetration
holes, and CACS-YOLO mistakenly identified parts of the background as holes. In contrast, the proposed SFD-YOLO
successfully detected all target holes, correctly classified penetration and non-penetration types, and achieved the highest
detection confidence.

In the second image, SSD, Faster-RCNN, RT-DETRv2s, and YOLOVS all missed non-penetration fragment holes, while
YOLOvV10n, YOLOVI11n, and CACS-YOLO showed duplicate detections. SFD-YOLO, however, avoided all of these issues.

In the third image, SFD-YOLO again achieved the best detection performance. Although CACS-YOLO detected all
fragment holes, it incorrectly classified a background region as a non-penetration hole, while other algorithms still exhibited
missed detections. Overall, these results ciearly demonstrate that SFD-YOLO not only achieves state-of-the-art accuracy but
also maintains real-time processing capability, providing a more practical and efficient solution for fragment-hole detection in
warhead target-plate testing.

To qualitatively evaluate the robustness of the proposed method against common imaging degradations encountered in
field acquisition, we generated multiple degraded variants from the same clean test image, including motion blur, contrast
variation, and illumination change. Specifically, we synthesized motion blur using a linear kernel with size kK = 15 and rotation
angle 6 = 45°; high-contrast enhancement using a linear transformation I’ = o with o = 1.4; low-contrast degradation
using I’ = (I —128) - f 4+ 128 with f = 0.6; overexposure by increasing brightness with I’ = I + A and A = +40 and low-light
conditions simulated by gamma-based darkening (y = 1.8), followed by a global brightness reduction (A = —30) and additive
Gaussian noise (0 = 5) to mimic sensor noise under insufficient lighting. All variants were applied consistently to both
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