WMD: A Lightweight YOLOI11 Extension for
Efficient Complexity Detection in Mechanical Part
Inspection
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Abstract—A key feature of Industry 4.0 is intelligent man-
ufacturing, which calls for the deep integration of advanced
technologies in industrial production. In current manufacturing
practices, the complexity detection of mechanical parts still heav-
ily relies on manual inspection, leading to high labor costs and
low efficiency. To address this challenge, this study proposes an
efficient improved object detection algorithm based on YOLO11,
incorporating Wavelet Convolution (WTConv), Manhattan Self-
Attention (MaSA), and Distance Intersection over Union (DIoU),
collectively referred to as the WMD model. The WMD model
integrates WTConv and MaSA into the backbone and neck of the
YOLOL11 architecture to enhance feature extraction capabilities,
while DIoU replaces the original bounding box regression loss
function to improve localization accuracy. Experimental results
demonstrate that the proposed WMD model achieves significant
improvements over the baseline model: precision increases by
3.6%, mAP@(.5 improves by 1.5%, model parameters decrease
by 0.042 x 10°, and computational cost reduces by 0.1 GFLOPs.
Overall, the WMD model effectively balances detection per-
formance and computational efficiency, making it a promising
lightweight solution for automated mechanical part complexity
detection in smart manufacturing.

Index Terms—YOLO11, Lightweight, Parts Complexity Detec-
tion, Wavelet Convolutions.

I. INTRODUCTION

Recent industrial progress is characterized by the ongoing
incorporation of advanced technologies to improve operational
intelligence and efficiency. Under initiatives like Industry 4.0
[1], analyzing the complexity of mechanical components using
technical drawings greatly accelerates manufacturing intelli-
gence and, in turn, markedly enhances the effectiveness of pro-
duction planning. Nevertheless, current methods for assessing
the complexity of mechanical parts rely on manual inspec-
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tion, which incurs high costs and exhibits limited efficiency,
underscoring the pressing need for automated solutions.

Mechanical part detection primarily serves quality inspec-
tion and defect identification, while complexity assessment
specifically informs production planning. Recent advances
in this domain have predominantly enhanced YOLO-based
detection through three methodological approaches: Structural
optimizations, including modified pooling layers that generate
specialized architectures like SPC modules [2]; Integration
of attention mechanisms accelerated by hardware implemen-
tations [3]; Data enhancement techniques employing both
augmentation protocols and super-resolution neural networks
for refined feature extraction [4], [5]. Besides, [6]—[8] similar
methods are also used to complete their work.These ap-
proaches collectively demonstrate that performance improve-
ments are achieved through network refinement, attention-
based feature weighting, and data quality enhancement.

Automatic complexity assessment of mechanical parts faces
four primary challenges: (1) multi-view discrepancies in part
representation, (2) recognition of orthographic projections, (3)
background interference (red box, Fig. 1), and (4) demanding
requirements for fine-grained feature extraction. The angular
variations in technical drawings are exemplified by multi-
perspective representations (blue box, Fig. 1). These factors
fundamentally limit the applicability of conventional CNN
[9] due to their translation-invariance characteristics. Conse-
quently, domain-adapted YOLO [10] architectures emerge as
superior solutions for this specialized task.

In this study, we propose an end-to-end detection method for
assessing the complexity of process drawings in mechanical
parts manufacturing, based on the aforementioned character-
istics. The proposed method aims to enable a comprehensive
analysis and objective evaluation of the complexity associated
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Fig. 1. An example of the Mechanical part drawing.(Privacy information has
been masked)

with multi-view part drawings while effectively filtering out
irrelevant interfering factors. Furthermore, it incorporates a
fault-tolerant correction mechanism to enhance robustness and
reliability in complexity assessment.

II. RELATED WORK
A. Wavelet Convolution

Wavelet Convolution (WTconv), a convolutional layer based
on wavelet operations, was introduced by Shahaf E. Finger
et al. [11] A standard strategy for enlarging the receptive
field is to increase the size of the convolutional kernel; for
instance, one of the enhancements in [12] involves using
larger convolution kernels. However, this strategy eventually
reaches a limit: once the kernel is sufficiently large, the
receptive field can no longer be effectively expanded [13].
Moreover, employing excessively large kernels can lead to
over-parameterization of the network.

WTconv leverages the Wavelet Transform [14] to propose
a layer that can be used as a drop-in replacement in existing
architectures. For the WTconv layer, by using the Haar wavelet
transform, which is efficient and straightforward [15]-[17], the
low-frequency contour and high-frequency details (including
vertical details, horizontal details, and diagonal details) de-
composition of the input image are achieved, and convolution
operations are performed at different frequencies. Finally, the
output feature map is obtained through the inverse wavelet
transform. WT(-) denotes the wavelet transform and ITWT(:)
denotes the inverse wavelet transform. W represents the weight
tensor of a k x k deep convolution kernel. The WTconv process
can be concisely expressed as (1).

Y = IWT(Conv(W, WT(X))) (1)

One of the key benefits of employing WTconv is that it in-
creases the number of linear parameters while simultaneously
achieving an exponential expansion of the effective receptive
field [18]. In addition, the frequency-based decomposition of
images enables more effective feature extraction. Thus, the
model could deliver improved performance on multi-angle
planar graphs.
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Fig. 2. The schematic diagram of the parameters required for DIoU calcula-
tion.

B. Manhattan Self-Attention

Manhattan Self-Attention (MaSA) [19] is a self-attention
variant that explicitly incorporates spatial priors into the Vision
Transformer [20] architecture. MaSA, learning from [21]-[27],
adapts RetNet’s [28] one-dimensional, unidirectional temporal
decay into a two-dimensional, bidirectional spatial decay. The
equation for MaSA is shown as (2) and (3).

Dgfrin — ,y\xn—xml-s-\yn—yml )
MaSA(X) = (Softmax(QK ") ® D*H)V 3)

For a pair of tokens located at coordinates (z,,y,) and
(Tm,ym) , the attention score is modulated by a spatial
decay matrix D?? , whose elements are defined as (2) where
v € (0,1) is a decay coefficient. The final attention output is
computed as (3) where ® denotes the Hadamard product. This
formulation directly embeds the geometric distance between
tokens into the attention computation, endowing the model
with explicit awareness of spatial layout.

MaSA introduces a rich, explicit spatial prior by leverag-
ing the Manhattan distance. Besides, MaSA is highly effi-
cient, which aligns with our work on feature extraction and
lightweight features.

C. Distance IoU

Distance-IoU (DIoU), introduced by Zheng et al. [29], is an
enhanced variant of the Intersection over Union (IoU) metric
designed specifically for bounding box regression in object
detection. The calculation parameters and process are shown
in Fig. 2 and (4).

2 B CBTC
DIOU:IOU—W

where p?(-) denotes the squared Euclidean distance between
the centroids By (ground-truth center) and B4 (predicted
center), and C represents the length of the diagonal of the
smallest enclosing box that covers both bounding boxes.

DIoU loss can directly minimize the distance between the
predicted box and the real box, and the regression efficiency
will be very high when the predicted box and the real box are
aligned in both horizontal and vertical directions. This makes
DIoU sensitive to target positioning errors and can achieve a
balance between speed and accuracy in a lightweight design
that aligns with our work.

4)
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Fig. 3. The overall architecture of WMD model. It replaces the C3K2 block of YOLO11 with the C3K2_WT block fused with WTconv. The C2PSA-
SABIlock_VisionRetention Chunk block which substitutes for the C2PSA block integrates the MaSA mechanism. In addition, the DIoU loss function is applied

in the bounding box regression head.

III. METHOD
A. Dataset

The training data consists of a proprietary dataset contain-
ing annotated images of 3,639 simple mechanical parts and
1,318 complex parts. It is divided into training, validation,
and test subsets using an 8:1:1 split. Due to confidentiality
requirements, the dataset provider did not disclose a detailed
definition of part complexity. However, all part drawings in the
dataset are explicitly labeled as either "simple" or "complex".

To determine effective strategies for improving the model,
we begin by analyzing the structural and semantic characteris-
tics of the dataset in relation to domain-specific requirements.
As illustrated in Fig. 1, the images display a highly organized
layout, with clearly separated components in each drawing.
However, due to subtle geometric distinctions among similar
parts, there can be substantial differences in complexity even
between drawings that appear visually alike. This underscores
the necessity for robust approaches to assess complexity in
planar multi-angle engineering diagrams and further highlights
the need to strengthen the model’s feature extraction capabil-
ities.

Building on the observations above, the model should
be designed to expand its receptive field and enhance the
quality of its feature representations. Moreover, the proposed
improvements need to be well-adapted to handling highly
structured technical drawings and specifically optimized for

detecting complexity in mechanical part illustrations. It is also
important to develop a more lightweight architecture to boost
computational efficiency without sacrificing performance.

B. Strategy for Network Structure Improvement

The overall architecture of the enhanced YOLOI11-based
model is shown in Fig. 3. In industrial scenarios, models are
expected to be lightweight while providing efficient feature
extraction. To meet these requirements, and to both expand the
model’s receptive field and decrease the number of parameters,
wavelet convolution is incorporated into the C3K2 block,
resulting in the C3K2_WT block.

Building upon the C2PSA block, we refine the module
that integrates the MaSA mechanism to further enhance spa-
tial feature representation and suppress irrelevant background
information. This design strengthens the model’s robustness,
especially against background interference, which is crucial
in industrial environments, while simultaneously lowering
computational cost.

Considering the structured feature characteristics of the
input part drawings, we employ the DIoU loss as the bounding
box regression function. This modification makes the model
more sensitive to target localization errors. In addition, we
perform comparative experiments with several bounding box
regression loss functions, and the results are summarized in
Table I. Among these, DIoU offers an advantageous balance
between inference speed and localization precision under a



TABLE I
COMPARATIVE RESULTS OF BOUNDING BOX REGRESSION LOSS
FUNCTION. BEST VALUES ARE HIGHLIGHTED IN BOLD.

Model P(%) | R(%) | mAP@0.5(%) FPS
YOLOI11n+GIloU 77.5 80.9 83.9 322.6
YOLOI11n+DIoU 73.8 83.5 85.6 312.5
YOLO!11n+ClIoU 77.2 83.0 84.8 322.6
YOLOI11n+EIoU 76.2 83.1 85.4 322.6
YOLO11n+SIoU 754 86.1 84.7 232.6
YOLOI11n+WIoU 77.2 81.1 84.8 333.3

lightweight configuration, making it well suited to industrial
application requirements.

As described, the improved model, integrating WTConv,
MaSA, and DIoU, is named WMD, which stands for Wavelet-
Multi-scale Spatial Attention-DIoU.

IV. EXPERIMENTS
A. Ablation Study

To validate the effectiveness of each individual improvement
in the proposed WMD model, an ablation study was conducted
by systematically adding or removing each enhancement com-
ponent (WTConv, MaSA, and DIoU). This experimental setup
allows for a clear assessment of the contribution of each
module to the overall detection performance.

All training and experiments for the proposed model were
conducted on a single NVIDIA RTX 3060 GPU. The model
was trained using the Stochastic Gradient Descent (SGD)
optimizer for 150 epochs, with an initial learning rate of 0.01
and a weight decay of 0.0005.

The results of the ablation study are summarized in Table II,
demonstrating the incremental improvements achieved by inte-
grating the proposed techniques. These findings provide strong
evidence of the efficacy of the WMD architecture in addressing
the complexity detection task in mechanical part drawings.

Incorporating WTConv into Model 1 results in a substantial
drop in the parameter count (62,000) as well as a reduction in
the overall number of floating-point operations (FLOPs). WT-
Conv effectively contributes to model light-weighting without
compromising detection performance. In Model 2, where
MaSA is introduced, although there is a slight increase in the
parameter count, the model achieves improved Recall (84.5%)
and mAP@0.5 (85.6%), demonstrating the effectiveness of
MaSA in enhancing feature representation and improving
detection accuracy for complex mechanical parts. Furthermore,
Model 3, which employs the DIoU loss function for bounding
box regression, exhibits strong adaptability to the specific task.
It preserves consistent mAP@0.5 performance, suggesting that
DIoU is well-suited to handling the localization difficulties
encountered in complexity detection for engineering drawings.

The combined use of the two improvement modules yields
different levels of effectiveness. Model 4 (WTConv + MaSA)
enhances Recall and mAP@0.5 while simultaneously lowering
both parameter count and FLOPs. Nonetheless, its perfor-
mance remains slightly inferior to Models 1 and 2, sug-
gesting potential for further refinement. Model 5 (WTConv
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Fig. 4. The left figure illustrates the Precision-Recall (PR) curve of the
YOLOI11 model, while the right figure presents the PR curve of the proposed
WMD model. The PR curve of YOLOI11 model is almost entirely enclosed
by the WMD’s one, which indicates that the performance of the WMD model
is superior.

+ DIoU) likewise delivers higher accuracy and further vali-
dates the complementary benefits of structural improvements
with advanced regression. Although FPS declines because of
the added computational burden, the model still achieves a
lightweight design. In contrast, Model 6 (MaSA + DIoU)
shows weak performance, likely because the two modules are
not well aligned in the absence of WTConv. This indicates
that WTConv is crucial for facilitating effective integration of
multiple components.

The WMD model, which combines all three components
(WTConv, MaSA, and DIoU), delivers the best overall results.
Relative to the baseline, it increases precision by 3.6% and
mAP@(.5 by 1.5%, while recall decreases only slightly (by
0.2%). In addition, it cuts the number of parameters by
0.042 x10° and lowers the computational cost by 0.1 GFLOPs,
although there is a moderate reduction in inference speed.
These compromises are considered acceptable in light of the
substantial improvements in detection accuracy and efficiency.

To validate the effectiveness of the improved model, we
conducted repeated experiments on the WMD model. Across
three independent trials, the model achieved a mean precision
of 80.33% with a sample standard deviation of (.81, a mean
Recall of 81.67% with a sample standard deviation of 1.1,
and a mean mAP@0.5 of 86.37% with a sample standard
deviation of 0.21. These statistical results demonstrate the
model’s consistent and superior performance across multiple
runs, confirming the efficacy of our proposed design.

B. Visualization Analysis

As illustrated in Fig. 4, the area under the PR curve
for the WMD model is substantially larger than that of
the baseline model, and in some intervals, the WMD curve
completely encloses the baseline curve. This indicates that
the improved model attains more favorable precision—recall
trade-offs, demonstrating an overall improvement in detection
performance for mechanical part complexity tasks. In addition,
the PR curve of the WMD model is smoother than that of the
baseline model, indicating greater stability and reliability over
the entire detection process. As presented in Table III, WMD
delivers generally better or on-par performance compared
to the baseline, aside from a minor decrease in recall for



TABLE II
ABLATION STUDY OF EACH COMPONENT IN WMD. BEST VALUES ARE HIGHLIGHTED IN BOLD. THE SYMBOL ’Y’ INDICATES THE ADDITION OF THE

IMPROVEMENT.
Model | WTconv | MaSA | DIoU | P(%) | R(%) | mAP@0.5(%) | FPS | Params(10°) | GFLOPS
YOLOI11 772 | 83.0 84.8 322.6 2.583 6.3
Modell Y 73.2 83.0 84.7 322.6 2.521 6.2
Model2 Y 76.6 | 84.5 85.6 312.5 2.602 6.3
Model3 Y 73.8 | 83.5 85.6 312.5 2.583 6.3
Model4 Y Y 73.7 84.3 85.0 303.0 2.541 6.2
Model5 Y Y 76.5 | 83.3 85.5 285.7 2.521 6.2
Model6 Y Y 77.3 83.7 84.8 217.4 2.602 6.3
WMD Y Y Y 80.8 | 82.8 86.3 222.2 2.541 6.2
TABLE 11T TABLE IV
COMPARISON RESULTS OF YOLO11 AND WMD. COMPARISON OF YOLO SERIES MODEL EFFICIENCY. BEST VALUES ARE
HIGHLIGHTED IN BOLD.
Model | Label | P(%) | R(%) | mAP@0.5(%)
YOLOI1 0 83.3 90.0 91.2 Model P | R mAP@(.5| FPS |Params | GFLOPs
[ 711 | 76.1 78.4 yolov5n6u|68.7|84.8] 8I1.8 [333.3| 2.503 7.1
WMD ? s | 28 K yolov8 |73.5|80.7| 81.7 |312.5] 3.006 | 8.1
‘ ‘ ‘ yolovl0 |765(81.0] 845 |294.1| 2.695 82
YOLOI1 [77.2[83.0] 848 [322.6] 2.583 6.3
WMD [80.8[828| 863 2222 2541 6.2
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Fig. 5. The confusion matrices of the YOLO11l and WMD models are
displayed in the left and right, respectively. Comparing whether diagonal
elements are larger and non diagonal elements are smaller, it indicates that
the performance of the WMD model is superior.

simple parts. Importantly, it substantially boosts precision on
complex parts, directly tackling the primary shortcoming of
the baseline. Precision for simple parts also rises, reflect-
ing improved overall consistency. Collectively, these findings
confirm the effectiveness of WMD in enhancing detection
accuracy and robustness. By examining the confusion matrices
in Fig. 5, it becomes apparent that the WMD model achieves
marginally better performance along the diagonal compared to
the baseline model. In general, the WMD model yields fewer
misclassifications, which makes it more appropriate for real-
world applications.

C. YOLO Series Algorithm Comparison Experiment

To evaluate the effectiveness and practical utility of our pro-
posed improvements, we designed and conducted a series of
comparative experiments. The results are reported in Table I'V.

In the experiment, the WMD model is compared with
other models trained using previous YOLO series algorithms.
According to the results, the WMD model achieves the best

overall performance, demonstrating superior precision (80.8%)
and mAP@0.5 (86.3%). It also shows competitive perfor-
mance in terms of recall, model parameters, and computational
cost. These results validate the effectiveness of the proposed
improvements. The detection outcomes of the model are
presented accordingly.

V. LIMITATION

Although the proposed design improves the efficiency of
object detection, certain limitations remain. For instance, the
model may misidentify global assembly views as individual
parts or inconsistently label different sections of the same
part drawing with varying complexity levels. Future research
will focus on enhancing the model’s robustness alongside its
performance to achieve more reliable results.

VI. CONCLUSION

For the automatic complexity evaluation of mechanical parts
from engineering drawings, YOLOI11 is adopted as the base-
line model, as it satisfies the demands for fast detection, high
accuracy, multi-angle analysis, robust anti-interference perfor-
mance, and fault-tolerant correction. To strengthen feature ex-
traction, enlarge the receptive field, and maintain a lightweight
architecture, the WTConv, MaSA, and DIoU modules are
integrated into the network. Following these enhancements
and subsequent training, the WMD model is obtained. The
effectiveness of the proposed modifications is demonstrated
through ablation studies and comparative experiments. The
detection outcomes are visually illustrated in Fig. 6 and Fig. 7.



Fig. 6. An example of the model detecting simple mechanical parts. The *0’
on the box is the label (The part is the simple one), and the number after it
represents the confidence level.
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Fig. 7. An example of the model detecting simple mechanical parts. The "1’
on the box is the label (The part is the complex one), and the number after
it represents the confidence level.
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