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SUMMARY: To meet the high demands for quality and reliability in the manufacturing of
electronic products, surface micro-defect inspection of printed circuit boards (PCBs) is now
required. At present, the methods available do not meet the demand for light-weight deployment
and high-accuracy small-target detection in complicated industrial environments. Therefore,
an efficient lightweight detector called FHIM-YOLO based on YOLOv8n has been introduced.
C2f_Faster is a modification of C2f in the backbone that reduces the number of parameters and
memory access; it is thus more efficient in computation. An optimised feature enhancement
module (FEM) is added to enhance the local contextual representation of fine defects through
multi-branch dilated convolutions and address feature degradation in deep networks. A High-
level Screening-feature Fusion Pyramid Network (HS-FPN) is used in the neck to improve the
efficiency of multi-scale feature screening and fusion, thereby better isolating micro-defects
from background clutter. Finally, CloU is replaced with Inner-MPDIoU to improve the
accuracy of bounding-box regression in a cluttered background and speed up the training
process. On the HRIPCB dataset, FHIM-YOLO has reached a top-5 mAP of 95.2% and reduced
the number of parameters to 0.95M, which is 68.4% lower than that of the YOLOv8n baseline.
Although the FLOPs are as high as 15.6G, the model can still run at 65.19 FPS and meet the
requirements for real-time industrial applications. Additional experiments on the DeepPCB
dataset have shown that, compared to the baseline, Recall, mMAP@50, and mAP@50-95 have
all improved and exhibit good generalisation to different data distributions. In short, FHIM-
YOLO offers a good balance among model size, detection accuracy and real-time performance,
and is thus very suitable for resource-limited online PCB defect inspection.

KEYWORDS: PCB defect detection; YOLOv8n; FHIM-YOLO; feature enhancement;
bounding box regression loss

1 Introduction

PCBs are used to build many electronic devices now, so they have a direct impact on the work
environment and life span of these devices. There will be certain kinds of surface defects on the
PCBs during production, such as open circuits, mouse bites and spurs, etc. The above defects
will reduce the extended service life of the equipment. Therefore, to improve the production
efficiency and quality of products, high-precision and high-sensitivity PCB defect-inspection
technologies with low false-alarm rates are needed.

However, PCB defect detection is still a challenge: minor defects occupy a very small area
in the image and are thus difficult to find; background clutter and texture interference prevent
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the extraction of discriminative features; and an excellent balance of efficiency and high
accuracy has not been reached.

Before the spread of deep learning, only manual visual inspection and traditional machine
vision could be used to identify PCB defects. Manual methods are subject to errors such as
subjectivity, low efficiency and potential misdetection or missed detection [1]. Traditional
machine vision is also unable to recognise small and complex defect features, and it has poor
cross-scene generalization [2]. On the other hand, deep learning-based detectors are now widely
used due to their superior accuracy, robustness and real-time performance [3].

Existing deep learning detection technologies can be broadly divided into two categories
based on region extraction (such as Faster R-CNN) and one-stage approaches that prioritize
inference speed (e.g., YOLO and SSD). Many have been studied so far. Ren et al. [4, 5]
introduced an RPN in the R-CNN framework for cooperative region proposal and classification
to balance detection speed and accuracy. Ding and others used k-means clustering to
opti[6]mise Faster R-CNN with adaptive anchors and improved the detection performance of
small defects. Liu and Wen [7, 8] proposed MobileNet-YOLO-Fast to improve the speed of
real-time applications by reducing parameters. Kang and others replaced the SSD backbone
with ResNet50 and added a special small-target layer for improved feature extraction. Two-
stage detectors are usually more accurate, but they are also relatively slow and not suitable for
real-time applications. YOLO is a single-stage detector that is both accurate and high-speed,
thus suitable for practical use in PCB defect detection. Recently, some researchers have begun
to adapt the YOLO architecture for specific domains. [9] improved the bounding box regression
of YOLOv4 with GsloU. [10] proposed PCB-YOLO based on YOLOV5 to enhance the speed
of PCB surface defect detection. [11] added coordinate attention (CA) to YOLOv7-tiny to
achieve more precise feature extraction. Li and others [12] introduced an adown module to
reduce the number of parameters for multi-class defect detection in ASF-YOLO. Despite the
above progress, the current technology still has a small-target detection problem, which
generally shows a lack of large receptive fields and limited fusion effectiveness among different
spatial scales.

YOLOvV8 will be taken as the basic framework of this paper; it has a well-developed
ecosystem and relatively good performance, and has been used to conduct extensive
experiments on PCB defect detection[13] and other high-precision inspection problems.
YOLOVS8 uses a backbone network with CSP and SPPF, and also has a PAN-FPN feature fusion
module in the neck [14]. The Design will improve detection accuracy and inference speed, and
thus YOLOvV8 will be widely applied to PCB defect recognition. Ling and others [?]
strengthened the combined local and global feature extraction of the YOLOV8 backbone by
introducing C2Focal. Chen and Xie proposed Wise-loU and W-YOLOV8 to improve the
capacity for key feature extraction. To reduce the computational cost of PCB detection, Zhang
et al. [15-17] proposed YOLO-RRL and used an RFD module to enhance downsampling and
optimise multi-scale feature fusion. YOLOVS8 still lacks the ability to detect fine-grained
features and is thus not very small or very accurate.

In light of the above limitations, this study proposes FHIM-YOLO with the following
contributions.

(1) A new detection framework called FHIM-YOLO will be built on the YOLOv8n
foundation model. Architectural optimisation has been carried out to meet the strict speed
requirements of industrial applications, and at the same time, a significant reduction in the
number of model parameters and a substantial improvement in detection accuracy have been
achieved.

(2) Optimised FEM is used in the backbone network to enhance perception and feature
representation for small-defect detection. Many Dilations are used to avoid losing the subtle
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spatial features of the image. At the same time, the light-weight C2f_Faster can be used instead
of C2f to reduce both computation and memory-access costs.

(3) HS-FPN is used to redesign the neck network to maintain the accuracy of small defect
detection while reducing the computational and parameter count significantly.

(4) Inner-MPDIoU is used to improve the detection accuracy and convergence speed for
small defects by adjusting the scale of auxiliary bounding boxes dynamically.

The arrangement of this work is as follows. Section 2 introduces the FHIM-YOLO model
and how it is improved. Section 3 presents the results of the experiment and comparative
analysis, as well as ablation studies. Section 4 is the research results, and the space for further
studies will be discussed here.

2 Methods

2.1 General Structure

YOLOV8 [18] generally performs well in object detection due to a CSP backbone and PAN-
FPN mechanism [19], but it has been facing problems in PCB defect recognition. Specifically,
the backbone provides only weak representations of fine details, and the dense C2f blocks
increase the computational cost; thus, it cannot meet the low-latency and high-accuracy
requirements of industry at the same time [20]. The neck also lacks adaptive screening for
multi-scale features and thus reduces the detection rate of micro-targets. Finally, for PCB
defects with an extremely high aspect ratio, the convergence speed and localisation accuracy of
CloU can be limited.

Based on the YOLOv8n architecture, backbone, neck and loss functions have been
improved to create FHIM-YOLO. As shown in Figure 1, lighter C2f_Faster blocks are used
instead of C2f blocks, and the C2f structure in the neck remains unchanged. The improved FEM
is employed in the backbone, and multiple branches of dilated convolutions are used to enhance
the robustness of feature representation for small defects. HS-FPN is used to redesign the neck
for adaptive feature selection and efficient multi-scale fusion; at the same time, small defects
can be enhanced, background noise suppressed, and model complexity reduced. Finally, CloU
loss is replaced by Inner-MPDIoU loss to improve the speed of convergence and regression
accuracy. The above modifications will improve the overall detection ability of the PCB defects.
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Figure 1: Framework of FHIM-YOLO.

2.2  Optimization of the Backbone Network

221 FEM

The semantic extraction capability of the YOLOv8n backbone is relatively weak, and thus it
may be prone to feature confusion in the detection of small PCB defects. Based on the FEM
proposed by Zhang et al. [21], this paper further optimises it for PCB surface defect detection.
Figure 2 is shown below. Instead of the single, large dilation rate (Rate=5) of the original FEM,
the optimised FEM now uses several smaller dilation rates (Rate=2, 3). Therefore, this Design
will have a relatively high sampling rate and be more likely to detect small defects. In addition,
this study also maintains the multi-branch convolution structure and, thus, captures semantic
information at multiple depths in the features. The two above can improve the representation
of minor-defect features and enhance general perception quality through FEM.
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Figure 2: Framework of FEM. Shortcut is a residual connection operation, and Concat is the
operation of feature map concatenation.

FEM is as follows mathematically:

C1 = feons [ feonw (Input)] 1)

C2 = faonsUconoUeons feony Input)1}} (2)

Cs = faicono Ucony Uons feomy (Input)13} 3
Output = fLxt[Cat(Cy, Cy, C3)] @D Shortcut(Input) 4)

Among them, fixl f3x3° ¢£3x1 and f.1*3 respectively denote standard convolutions
with 1x1, 33, 31, and 1>3 kernels. £33 = represents a dilated convolution operation with
a variable dilation rate. @ indicates the element-level addition operation of the feature map.
C,, C,,and C; depict the first three branches' output feature maps. “Input” and “Output” are

the input- and output-feature maps of FEM.

2.2.2 C2f Faster

To improve detection performance and maintain inference speed, C2f_Faster is proposed here.
It is based on the core idea of Partial Convolution (PConv) [22]. As shown in Figure 3, the
bottleneck component of the original C2f part has been replaced by FasterBlock. C2f Faster
reduces redundant computations and memory accesses without harming the accuracy of feature
extraction; thus, it has improved inference efficiency and is highly suitable for real-time
interactions and compute-intensive scenarios.

FasterBlock
—>{ FasterBlock
[CoanNSiLUJ—’[ Split H FasterBlock } Concat ConvBNSiLU

Figure 3: Lightweight C2f_Faster Module Architecture Diagram Integrated with FasterBlock.
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2.3 HS-FPN

HS-FPN is proposed to handle the complex background and small defects of PCBs that have
higher requirements for feature fusion. Industrial edge devices have limited computing power;
therefore, the actual application needs to be a light-weight design. Therefore, this study will use
HS-FPN[23] to replace the original neck design. HS-FPN can combine and optimise multi-
scale features effectively, and has a small number of parameters and computational complexity.
The two components are feature fusion and selection. Together, these modules can enhance the
semantic representation of features to improve the detection performance of small-object
detection. The framework of HS-FPN can be seen in Figure 4.

Backbone Feature Selection : Feature Fusion

& ml*lczun\»: v P
/NﬁI 7

["SFF | ,: Transposed Convolution Bilinear Interpolation i
1 CA
Fou
""""""" Max Pool T
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Figure 4: Framework of HS-FPN. SFF is for selective feature fusion, and CA is the channel
attention mechanism.

Feature Selection Module: A new Screening method will be added to this module.
Dynamically generate channel-wise weights via a Channel Attention (CA) module, then
multiply these weights with the input features element-wise. A 1x1 convolution is used to
reduce the number of channels.

Feature fusion module: The core module for feature fusion is the selective feature fusion
(SFF) operation. Filters and selects the relevant semantic information from low-level features
according to high-level features as weights. The input consists of high- and low-level feature
maps that have been generated by feature selection. The fusion process is given by (5)-(6).

Fgte = BL(T — Conv(Fhigh)) (5)
Fout = Fiow * CA(Fatt) + Fait (6)

In the formula, BL shorts for bilinear interpolation; T — Conv stands for transposed
convolution; CA stands for channel attention mechanism; Feature map F,,, € RC¢*HIXW1,
Output the feature map F,,, € RE*HIXW1,
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2.4 Inner-MPDIloU

Minor defects and background interference make PCB defect detection difficult, and
conventional localization loss functions may not be suitable for both detection accuracy and
optimisation behaviour. Therefore, to improve both the generalisation ability and convergence
speed of this paper, the Inner-MPDIoU loss function will be adopted. Inner-loU controls the
scale of the auxiliary bounding box via a scale factor [24], and thus helps to learn defect
information at all scales effectively. The related formula is:

Bl =x, — w*rzatio , Br =x, + W*rzatio (7)
B, ZYC_h*T:tiO'Bb :)IC+MTTM (8)
Blgt — x&gt . Wgt*zratio'B{Agt — x&gt + Wgt*;”atio (9)
It = ygt _ Mratio pat _ gt | hratio (10)

2 2

Sincer = (min(BY", B,) — max(B*, B,))  (min(BS*, B,) — max(Bf*,B))  (11)

Sunion = (W9t x h9t) x (ratio)® + (w * h) * (ratio)® — Siyeer (12)
inner _ Sinter
IoU ir— (13)

where (x., y.) represents the shared center point of the anchor box and the inner anchor box,
and (x? t ycgt) means the shared center point of the ground-truth box and the auxiliary bounding
box. h and w mean the height and width of the anchor box, respectively, while h9t and

w9t mean those of the ground-truth box. B;, B,, B,, and B, represent the center points of
the left, right, bottom, and top boundaries of the anchor box, respectively, while Bf’t, Bft,
Blf’t, and Btgt denote the corresponding points of the ground-truth box.

MPDIoU is employed to reduce the distance between the lower-right (upper-left) corners of

the predicted bounding box and those of the ground-truth box [25], thus improving the accuracy
of localisation and enhancing the stability of regression.

d? = (" = 1% + (P - y79)? (14)

d2 = (" — x99 + (P - yI)? (15)

dz d3

w2+h2  w2+h?

MPDIoU = IoU —

(16)

Among them, (x7°,y%) and (xJ*, yJ*) denote the coordinates of the upper-left and lower-

right corners of the actual bounding box, respectively, while (xP™%,y™*) and (x2"%,yP™®)

refer to those of the estimated box. w and h denote the input image's width and height,
respectively.
The loss function of MPDIoU is as follows: Equation (17).

LMPDIOU =1—-— MPDIoU (17)
7
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MPDIoU and Inner-loU are used to construct an inner-MPDIoU loss that enhances the
fitting of low-quality samples by including loU calculation for auxiliary bounding boxes. Inner-
MPDIoU generally reduces the problems of complex background textures and small defects,
thus improving the accuracy and convergence stability of the model. The Formula is:

Linner—mppiov = Luppioy + 10U — loU™™e" (18)

Among them, JoU™"e" is the ratio of intersection to union of auxiliary bounding boxes.

3 Experiments and Results

3.1 Experimental Setup

All the experiments were carried out in Ubuntu 20.04, and an NVIDIA GeForce RTX 4090
GPU with 24 GB of memory and an Intel Xeon Gold 6430 CPU (16 vCPUs) were used. All the
models were built in Python 3.8 and PyTorch 2.0.0. All the models in the ablation experiments
were trained from scratch under the same training conditions. The resolution of the input image
is 640>640; the batch size is 64; the number of training epochs is 200; the random seed is set
to 0; and AdamW is used as the optimizer with an initial learning rate of 0.01 and a weight
decay of 0.0005. The above are the training parameters. The models used for comparison were
obtained from the official GitHub releases. Given the same input size, batch size and training
epochs, the default hyperparameter settings of all repositories were used to ensure fairness and
strictness in the comparison. The confidence threshold and loU threshold for the test were set
to 0.001 and 0.7, respectively; they are the same as those in the ablation study.

3.2 Data Sources

HRIPCB [26] is the primary dataset; it is a public PCB defect dataset from Peking University.
It has 693 images and corresponding annotation files of the six types of defects (see Figure 5).
Most of the defects in each image are relatively small and account for about 0.24% of the total
pixel area [27]. The ratio of the 8:1:1 split for the training set, validation set and test set in this
study is used. This division will introduce some rare fault types in all divisions to help

generalisation.

Missing hole Mouse bite Open circuit

Short Spur Spurious copper

Figure 5: Six Typical PCB Defects.
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Test the above model on DeepPCB and check its cross-datas[28]et generalisation
performance. The six kinds of defects in DeepPCB are short, open, spur, copper, mouse bite
and pin-hole (which are the same as the missing-hole defects in HRIPCB). 1,500 images
(640>640) have been annotated with accurate bounding boxes. DeepPCB has more uniform
images and less background interference than HRIPCB, so the detection difficulty is relatively
lower [29]. This paper uses the 8:1:1 training/validation/test split for this dataset.

3.3 Indicators

To comprehensively and statistically evaluate the suggested PCB fault detection model,
precision (P), recall (R), average precision (AP), and mean average precision (mAP) were taken
as assessment indicators in this study. Model size is the number of parameters in the model.
The quantity of floating-point operations per second (GFLOPS) indicates computational
difficulty, and frames per second (FPS) shows inference speed. The formulas of the above three
indices are as follows: TP = True positives, FP = False positives, and FN = False negatives.

TP

P = TP+FP (19)
TP
R= TP+FN (20)
1
AP = [ P(R)dR (21)
mAP = YL, AP, (22)

3.4 Ablation Studies

This section presents ablation studies of FHIM-YOLO to verify that each proposed part. First,
the baseline YOLOv8n was used. Then, components FEM+C2f_Faster, HS-FPN and the Inner-
MPDIoU loss were added sequentially to study their individual contributions. Finally, the
components were paired and then all of them were examined together. As shown in Table 1,
the eight ablation settings are as follows: Model | is YOLOv8n. All the experiments were
conducted in the same training environment for fair comparison.

Method (VIII) is reasonably light and has good detection accuracy. Adding
FEM+C2f_Faster (I1) increased FLOPs due to the 11 dimensionality-reduction convolution
performed by FEM on the concatenated high-dimensional feature maps, but it significantly
reduced the parameter count and raised mAP@50 from 89.1% to 96.1%. HS-FPN (111) and
Inner-MPDIoU (IV) further increased the accuracy by 3.6% and 5.9%, respectively, and HS-
FPN also reduced the model size. Synergistically, the mAP@50 values for Model V and Model
VII were slightly lower than those of Model 11 and Model IV. It is probably because HS-FPN
has significantly reduced both FLOPs and parameters, and thus does not cause a problem.
However, it was still better than that of the baseline. When all the components were added
(VI), the parameters dropped to 0.95 M from 3.01 M (a decrease of 68.4%) and mAP@50
increased to 95.2% (an absolute increase of 6.1 over the baseline). Although the FPS decreased
t0 65.19 due to an increase in FLOPs, the model was still feasible for real-time detection. Model
V111 is generally the best all-round trade-off among the above settings.
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Table 1: Comparison of the Results of Ablation Experiments.

Model C;‘EIZI\;rter | e, | mAP@S0/9% | ParamsiM | FPS(fls) | FLOPS/G
| 89.1 3.01 88.50 8.1
T N 96.1 1.98 67.11 21.8
1T N 92.7 1.96 81.83 6.5
1V N 95.0 3.01 89.93 8.1
Vv N N 94.7 0.95 60.83 15.6
VI N N 95.8 1.98 67.02 21.8
VI N N 93.7 1.96 84.89 6.5
VI N N N 95.2 0.95 65.19 15.6

—_

\ means adding the module.

As shown in Figure 6, P-R curves of the HRIPCB test set before and after optimisation are
presented here. As shown in Figure 6(a), YOLOv8n had an mAP@50 of only 89.1% and was
not suitable for small defect detection. The lower two categories (mouse bites and spurs) had a
lower starting value of 83.9% and 78.1%. As shown in Figure 6(b), FHIM-YOLO increased
MAP@50 to 95.2%. Among the spur type that was lower than the others in the baseline, only
one had a higher accuracy of 91.5% and the mouse-bite type rose by 9.7%. After optimisation,
the envelope area of the P-R curve is larger and more concentrated in distribution. The range
of the worst-to-best category performance has decreased to 7.5%, indicating that most defect
categories can now be detected more reliably.

Precision-Recall Curve Precision-Recall Curve
1.0 1.0 —
L
0.84 0.8+
0.64 0.6 1 | L
= =
£ 8
2 5
5] o] | |
2 = L
=9 =B}
0.4 1 0.4
—— missing_hole 0.965 —— missing_hole 0.990
mouse_bite 0.839 mouse_bite 0.936
0.2 { —— open_circuit 0.855 024 —— open circuit 0.939
—— short 0.937 —— short 0.950 \
spur 0.781 spur 0.915
. \
—— spurious_copper 0.971 4 \ —— spurious_copper 0.985
== all classes 0.891 mAP@50 N \\ = all classes 0.952 mAP@50 AN
0.0 T T T r \ 0.0 T v T v
0.0 0.2 0.4 0.6 0.8 . 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall

(a) (b)

Figure 6: PR curves of YOLOv8n and FHIM-YOLO on HRIPCB. (a) PR curve of YOLOv8n. (b)
PR curve of FHIM-YOLO.

Some Modules are designed to provide the necessary functions of this model.

3.4.1 FEM+C2f Faster

To further verify the effectiveness of FEM+C2f_Faster for small defects, this paper grouped
the defects by size and compared the mAP@50 improvements. Spur, open circuit and mouse
bite are regarded as small objects; short defects are considered medium objects; and spurious

10
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copper and missing holes are considered large objects. With FEM+C2f_Faster, the mAP@50
values for missing hole, mouse bite, open circuit, short, spur, and spurious copper were 98.3%,
94.5%, 95.0%, 99.3%, 90.8%, and 98.8%, respectively. Based on the above data, the average
MAP@50 values of the original and improved models for each group of defects were computed.
As shown in Figure 7, the mAP@50 for small objects increased from 82.5% to 93.4% (an
absolute increase of 10.9%). The mAP@50 for medium objects rose to 99.3% from 93.7%, and
this increase rate was lower than that for small objects. The large objects were still highly
accurate and received a small improvement. Based on the above, FEM+C2f_Faster can reduce
the impact of feature loss in small targets and improve multi-scale robustness.

It can be seen from the above that the hierarchical receptive fields produced by FEM are
better at retaining fine morphological features of small abnormalities that are likely to be lost
in standard continuous pooling operations.

1.05

0 YOLOv8n
@ YOLOv8n+FEM+C2f Faster

1.00 1 0.993

0.95 +

0.90 1

mAP@50

0.85 1

0.80 +

0.75 1

Small Objects Medium Objects Large Objects

Figure 7: Mean of defects in each group before and after improvement mAP@50.

Figure 8 shows the quality results. The baseline model was unable to identify flaws such as
spurs and mouse bites in some pictures because they were too small and had a low feature
response. Although the improved model did not eliminate the missed detections entirely, it
clearly improved the detection results and reduced false positives compared to the baseline,
especially for micro-defects such as mouse bites and open circuits.

11
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(a)

(c)

Figure 8: Qualitative detection performance on HRIPCB: (a) Ground truth annotations; (b)
Predictions of YOLOv8n; (c) Predictions of the model with FEM+C2f_Faster.

342 HS-FPN

To verify that HS-FPN can preserve the important features of small defects, the confusion
matrices are shown in Figure 9. Diagonal entries are recall values; Background is not a detection.
Mouse-bite and short-circuit defects benefited most from HS-FPN. The proportion of missed
mouse-bite samples in the baseline was 17%; after adding HS-FPN, it dropped to 10%. The
recall rates of short and open circuits increased by 11% and 4%, respectively, and thus the
detection sensitivity of slender linear features also rose. In the baseline, 8% and 2% of the short-
circuit cases were incorrectly identified as spur and spurious copper defects, respectively; this
confusion has been significantly reduced by the improved model. The above results show that
HS-FPN learns better-discriminative representations to reduce category confusion. HS-FPN
dynamically adjusts feature weights at different spatial scales to reduce the semantic gap
between deep semantic layers and shallow high-resolution layers, and thus isolate genuine
defect signals from background trace patterns.

uil mouse_bite missing_hole

open_cire

Predicted
hor

Predicted

T spur

irious_coppe

background spu

missing hole  mouse bite  open cicult  short spur

True

(a)

Figure 9: Confusion Matrices of YOLOv8n

[ 014 004 0ls 004

background spurious_capper spur

spurious_capper background
True

(b)

and YOLOv8n+HS-FPN. (a) YOLOv8n; (b)

YOLOv8n+HS-FPN.

HS-FPN improves efficiency as well; YOLOv8n with HS-FPN has only 1.96M parameters
and 6.5 GFLOPs, which is significantly lower than the baseline. Figure 10 shows the mAP@50
performance and parameter count of several models. The improved model with HS-FPN
maintained a high accuracy and had a smaller number of parameters. And Table 1 shows that
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FLOPS of Il are 1.6G lower than those of YOLOv8n (1). Therefore, HS-FPN has contributed
to the lightweighting project.

Models
0964 @ YOLOvSn

yoLoves ) g AYOLOVEm
YOLOvEm YOLOvSs

A
095 | @ YOLOVSN+HS-FPN

0.94 1

@PYOLOVEN  HIS-FPN

0.91 1

0.90

@YOLOvSn
0.89 4

0 5 10 15 20 25
Parameters (M)

Figure 10: Trade-off between mAP@50 and parameter count of the compared models.

3.4.3 Inner-MPDIoU

To verify that the inner-MPDIoU loss has improved detection accuracy and accelerated
convergence, the training dynamics of the improved method and the baseline were also
compared in this paper. As shown in Figure 11(a), during the initial training stage (20-50
epochs), the mAP@50 curve of the proposed model increased more rapidly and was
continuously higher than that of the baseline. Therefore, Inner-MPDIoU accelerates feature
learning and achieves a faster convergence. Figure 11(b) shows mAP@50-95 with a higher 1oU
threshold and thus better localisation accuracy. After 150 epochs, the mAP@50-95 curve

gradually increased and surpassed that of the baseline, showing improved boundary localisation
for small defects.
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Figure 11: Comparison of Training Processes. (a) mMAP@50 curves; (b) mAP@50-95 curves.
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3.5 Contrast Experiment

To show the advantages of FHIM-YOLO in more detail, this paper compares it with some other
high-performing detectors. As shown in Table 2, FHIM-YOLO had the highest mMAP@50 of
95.2% and mAP@50-95 of 51.9% among all the compared methods. The above results are
better than those of the older YOLOv5s (90.8%/44.6%) and YOLOVG6s (88.6%/43.9%).
Compared with a large model such as YOLOv6s (18.50M parameters and 45.2GFLOPs),
FHIM-YOLO has reduced the number of parameters by 94.9% and computation by 65.5%
while maintaining a high mAP@50 of 95.2%. In short, according to the experimental results,
FHIM-YOLO has good detection accuracy and is relatively fast.

Table 2: Comparison of the Performance of Several Methods.

Model Params/M MAP@50/% MAP@50-95/% FLOPs/G

YOLOv3-tiny 8.68 90.2 43.7 12.9
YOLOv5s 7.03 90.8 44.6 15.8
YOLOvV6s 18.50 88.6 43.9 45.2
YOLOv7-tiny 6.02 40.1 15.1 13.1
YOLOv8n 3.01 89.1 47.4 8.1
YOLOV9-t 2.62 77.4 36.7 10.7
YOLOv10n 2.70 78.9 39.0 8.2
FHIM-YOLO 0.95 95.2 51.9 15.6

To study the generalisation and robustness of the model further, this paper also conducted
an experiment on the publicly available DeepPCB dataset. As shown in Table 3, FHIM-YOLO
has achieved comparable or slightly better performance on DeepPCB compared to YOLOv8n,
and there is no significant drop in cross-dataset transfer.

Table 3: Comparison Results on DeepPCB.

Model Recall/% MAP@50/% MAP@50-95/%
YOLOvV8n 93.1 97.7 74.2
FHIM-YOLO 94.0 98.2 74.5

3.6 Analysis of Detection Results

Figure 12 shows the qualitative comparison of the three representative minor defects. FHIM-
YOLO increased the confidence of a certain detection in the short-circuit defect from medium
(0.77) to high (0.99) for short-circuit defects. FHIM-YOLO has also successfully detected the
short- and open-circuit instances that the baseline failed to find with high confidence scores of
0.98 and 0.96, respectively. The base line also had a false-positive that mistook mouse bites for
an open circuit. FHIM-YOLO corrected the error to a high-confidence value of 0.98. Therefore,
based on the above qualitative analysis, the new model reduces both false detections and
missing detections and offers more reliable confidence scores.
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Figure 12: Qualitative Visualization of Detection Performance: YOLOv8n vs. FHIM-YOLO on
the HRIPCB dataset.

3.7 Mechanism Analysis and Interpretability Discussion

In order to understand why FHIM-YOLO performs better than the benchmark model more
deeply, this section will conduct a theoretical analysis of the internal operating mechanism of
the model based on experimental results.

3.7.1 Evolution of Receiving Domains in FEM

Standard convolution in YOLOV8n often has the problem of a limited reception domain, and
as a result, the network fails to maintain global context continuity for small targets, such as
open circuits. Optimised FEMs have been employed to construct a balanced hierarchical
reception domain for the network. Specifically, by setting multiple expansion rates (ratio = 2,
3), a dense sampling mode is achieved that can effectively cover the typical spatial range of
microdefects without the problem of sparse sampling. The 10.9% increase in mAP for small
targets is a direct result of this reception-domain optimisation; therefore, even minute pixel
variations in texture can be incorporated into local contextisation.

3.7.2 Optimization of the Signal-to-Noise Ratio in HS-FPN.

PCB images show a high-frequency background noise due to copper wires and screen printing.
This noise in the benchmark PAN-FPN can reduce the strength of a small defect's signal. The
HS-FPN in this paper serves as a semantic filter. Channel Attention in the 'feature selection'
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module suppresses uncorrelated background channels and improves the signal-to-noise ratio of
the feature map. This way has reduced class confusion substantially; now, the model no longer
considers short circuits false alarms and has learned to distinguish the morphological "signals”
specific to each class from the noisy background.

3.7.3 Feature Redundancy and Information Flow in C2f_Faster

The new C2f_Faster also has a lower number of parameters. PConv is used to reduce feature
redundancy that occurs in deep CSP structures in FHIM-YOLO. Many convolution kernels in
the standard C2f blocks learn highly correlated and redundant features, thus wasting memory
bandwidth and generating noise. C2f_Faster pushes the network to learn a more compact and
non-redundant representation. Therefore, a bottleneck occurred in the information;
consequently, the model focused only on the most discriminatory attributes, and thus Model
VIII retained a high accuracy of 95.2% after reducing the parameter count by 68.4%. Therefore,
it will not overfit the background texture and can instead generalize according to the geometry
of the defect.

4 Conclusion

The first problem that needs to be solved in this paper is how to balance the requirements for
high accuracy, a small-sized design, and real-time operation in detecting small PCB defects in
automated manufacturing. Therefore, FHIM-YOLO is put forward, which has added an
improved feature enhancement module, a lightweight C2f_Faster module, a modified neck
architecture based on HS-FPN, and a good localization loss function (Inner-MPDIoU). On the
HRIPCB dataset, FHIM-YOLO reaches a top-1 mAP@50 of 95.2% with only 0.95 million
parameters and is 6.1 percentage points higher than YOLOv8n; at the same time, it maintains a
real-time inference speed of 65.19 FPS. DeepPCB also has a stable gain and may be more
generalisable across different datasets.

Our evaluation still has some limitations; mainly due to the use of public datasets, we have
not covered all the variations in real-world production conditions, such as different images,
devices, and noise interference. In the future, we will build and annotate more industrially
representative datasets, carry out cross-domain and cross-device generalization studies, and
improve the efficiency and robustness of edge deployment further by combining model
compression with hardware-aware optimisation. Several Random Seeds will be used in the
experiment to test the training stability under a highly variable deployment environment.
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