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Abstract: Microscopic vision plays an important role in automated micro-assembly. However, some uncertain
factors in the assembly process, such as occlusion and stains can lead to the mistakes of feature extraction.
Herein, to solve the problem, the deep learning techniques are introduced into the feature recognition tasks,
focusing on the attention mechanism and visualizing CNNs for DL-based microscopic vision. The main
contributions are summarized as follows: The CBAM attention mechanism is combined with the YOLOv5
algorithm to improve the accuracy and robustness of feature extraction. The micropart feature occlusion
experiment results show that at 70% occlusion degree, YOLOV5-CBAM can reach 97.9% mAP@0.5, which is
4.6% higher than the original one. Visualization analysis of DL-based model is conducted using Grad-CAM to
make the decision result more transparent and avoid potential visual detection risks during assembly. The
heatmap matching degree between GT area and high-light area is increased by 27.81% on average, which
further verify the effectiveness of attention mechanism in micropart feature localization. Additionally,
micropart surface stain and droplet quality classification models based on ResNet50 are trained to replace the
manual sorting. The visual results are consistent with human eye discernment and judgement, confirming the
reliability of parts and droplets sorting.

Keywords: microscopic vision; micro-assembly; convolutional neural network; attention
mechanism; gradient-weighted class activation mapping

1. Introduction

Automated micro-assembly is a crucial technology for cost-effective manufacturing of complex
micro-products, in which microscopic vision is primarily utilized to guide mechanical units in
picking up, placing, and connecting parts. Feature extraction methods in vision typically rely on
feature points or contours via gradient calculation with a single fixed differential operator or a
combination of operators. In fact, various uncertainties exist during the assembly process, including
the surface contamination of microparts, the variations from pre-processing such as dispensing, and
the partial occlusions between parts and grippers which affect the integrity and clarity of the feature
points and contours, thereby leading to the mistakes of feature extraction, as shown in Figure 1. To
prevent further harmful actions with the mistakes, the auxiliary constraints to mechanisms or
algorithms are commonly indispensable. However, if the assembly process requires changes,
numerous adjustments may be necessary with these approaches. Therefore, there is an urgent need
to improve both the universality and robustness of vision techniques in the micro-assembly field. [1-
4]

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Some examples of various uncertainties in assembly of MEMS sensor.

In recent decades, the rapid development of artificial intelligence, particularly deep learning
(DL) and reinforcement learning, has presented new opportunities for advancing micro-assembly.
Deep networks, being the most powerful and practical machine learning models, are commonly
encountered and significantly enhance the performance of various recognition tasks[5-8].

In terms of feature detection, DL-based algorithms can be broadly categorized into single-stage
algorithms and two-stage algorithms. Two-stage algorithms, such as the R-CNN series, firstly
generate candidate regions and then perform classification and regression on these regions. While
two-stage algorithms exhibit high detection accuracy, they involve a complex two-stage computation
process. In contrast, single-stage algorithms, such as the YOLO series, merge region proposal,
classification, and regression into a single stage, significantly enhancing detection efficiency.
Currently, such algorithms had been successfully applied to the recognition of mechanical fasteners
for aerospace assembly and rough positioning of target workpieces for gear assembly, resulting in
significant improvements of both efficiency and accuracy[9-13].

In practical tasks of micro-assembly, the detection aim is often to focus on key features that
dominantly affect the assembly result, even if they only occupy a small area in scene. However, all
parts in the scene are equally emphasized for primary deep neural network. Fortunately, the attention
mechanism can provide a feasible solution, in which the system automatically chooses and
emphasizes these significant regions or features based on the task requirements and image labels.
Thus, the attention mechanism can obviously reduce the interference from irrelevant information and
enhances the expression of important clues. Currently, there are several attention mechanisms
available, including SENet, ECANet, and CBAM, all of which consist of either Channel Attention
Module (CAM) or Spatial Attention Module (SAM). The CAM module learns global channel
correlations, while the SAM module focuses on local structural positions[14,15]. Attention
mechanisms have been utilized by Liu[16], Wu[17], Luan[18], et al. to inspect component defects,
weld seams. Their results show improvements in model detection mean Average Precision etc.

Another issue worth noting is the interpretability. For many applications in precision
manufacturing field, the requirements for error compliance and process traceability are very
rigorous. However, these machine learning methods are generally considered as black box containing
billions of parameters that takes an input vector and returns an output vector. Unfortunately, no
definitive answer exists for what exactly happen in the black box. Therefore, the existential risks could
result in serious failures of assembly, and it is also difficult to exactly give out remedial tactics to
ensure that it will not occur again. To solve the problem, the explainable Al had been presented to
intrinsically assess the black box, in which the visualization plays a key role. Gradient-weighted Class
Activation Mapping (Grad-CAM) generates a coarse localization map by using the gradients of the
target concept in the last layer, thereby highlighting important areas of the image that are used to
predict the target concept. Recently, it has been frequently used to produce "visual explanations" for
decisions from class of CNN-based models[19]. For example, Noh[20] and Lin[21] use the Grad-CAM
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visualization algorithm to evaluate the quality of anti-loosening coating on bolts and detect the
bearing status of machine tools. The results show that this approach makes the decision results of
their model more transparent and explainable.

Herein, in order to improve the performance of micro-assembly, we focus on the attention
mechanism and visualizing CNNs for DL-based microscopic vision. The attention mechanism is
combined with the single-stage detection algorithm to improve the sensitivity of detection algorithm
to the target features. Visualization analysis of DL-based model is conducted using Grad-CAM to
reveal the black box roperty and avoid potential risks during micro-assembly. The experiments about
three typical assembly scenarios are performed to verify the learning effect and the detection
accuracy.

2. Principle and Method

Figure 2 illustrates the overall framework and the work process. Firstly, sample images are
collected via the microscope installed on home-made device as shown in Figure 4 and annotated with
the software of Labellmg. Then the constructed datasets are inputted into the object detection model
and classification model for training. Secondly, after model deployment, the home-made device
performs visual detection tasks through two main processes. On one hand, it utilizes the microscope
to capture images of microparts and inputs them into the object detection model to achieve feature
recognition and localization, guiding the manipulator to carry out various operations. On the other
hand, it captures images of micropart surfaces and droplets, feeding them into a Resnet50-based
classification model for categorization.
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Figure 2. Overall framework and visual detection task.

Finally, the interpretability algorithms are utilized to generate heatmaps for visual analysis and
to confirm whether there are potential visual detection risks during micro-assembly.

2.1. Enhanced YOLOuv5s Model with Attention Mechanism

Here the single-stage YOLOV5s algorithm model as shown in Figure 3 is adopted. This algorithm
utilizes the CSPDarknet53 backbone network, incorporating FPN feature pyramids and its detection
head structure. Furthermore, the introduction of Adaptive Anchor Boxes effectively enhances
detection performance and training speed.
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Figure 3. Structure of the YOLOv5s enhanced by attention mechanism.

Attention mechanisms, as pluggable modules, can be integrated into neural networks,
enhancing the model's detection accuracy with minimal increase in computational complexity. Here
we embed SENet, ECANet, CBAM, SimAM, and ShuffleAttention attention mechanisms into the
neck of YOLOv5s model. This incorporation aims to enable the model to capture crucial features
more accurately, thereby improving its generalization and accuracy. A comparative analysis will be
conducted to select the optimal attention mechanism.

2.2. Implementation of Deep Learning Visualization Methods

Grad-CAM can evaluate the importance of each pixel in image for a specific class by computing
the gradients of the model's last convolutional layer. These gradients are treated as weights for
feature maps, which are used to weight the sum of the last convolutional layer's feature maps,
resulting in a heatmap of class activations. The formula for Grad-CAM algorithm is described as
Equations (1) and (2) [17].

LG ag-cam = ReLU(Z; af Ai) D

1 as.
ai = EZk:le:l% 2)
where S, represents the predicted score by the network for class ¢, Aj; represents the data at
position (k,j) in channel k of feature layer A, afrepresents the weight for A', Z represents the
width x height of the feature map.

Guided Grad-CAM is obtained by element-wise multiplication of the heat map generated by
Grad-CAM and the gradient results (aa—}:) produced by Guided Backpropagation, resulting in a more
detailed visualization effect. The calculation formula is described as Equation (3) [19].

c — JC 9y°©
RGuide Grad-cam = Lrascam O ox 3)
Where © represents element-by-element multiplication operation.

In the heatmap, the red and highlighted areas indicate regions where the model has a significant
impact on the classification prediction results, suggesting that the model relies more on the features
extracted from these regions.

3. Experimental Setup

3.1. Experimental Platform

As shown in Figure 4, the experimental platform consists of microscope, dispensing module, 3-
DOF manipulator, feeding robot, rotating platform, etc. The microscope consists of one CCD (MER-
630-60U3/C-L, Resolution: 3088 x 2064, Pixel size: 2.40 pm) and one sleeve lens. For the microscope,
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the working distance is 65 mm, and its maximum visual field is 7.5 mm. The dispensing module is
composed of a dispenser and a pneumatic slide table. To adjust these observed microparts, the
rotating platform is constructed with a rotary stage and two linear stages. The 3-DOF manipulator is
utilized for tasks such as picking, aligning, and assembling microparts.

./ c N

Figure 4. Experimental platform.

3.2. Dataset Preparation

Preparation of Object Detection Dataset. As shown in Figure 5, three specific regions on
microparts for MEMS sensor are selected as interest regions for target recognition based on the
formulated automated assembly strategy. With the assistance of experimental platform, the datasets
comprising a total of 1538 images are collected. There are 1123 images in the training set, 230 in the
validation set and 185 in the testing set. Approximately 30% of the images exhibit varying degrees of

doi:10.20944/preprints202404.0823.v1

occlusion in the feature region due to the involvement of the manipulator.

Semicircular Feature Raised Feature Rectangular Connected
Feature

Figure 5. Feature regions of MEMS sensor.

Preparation of Droplet Classification Dataset. Adhesive droplets are dispensed on the surface
of 300 sets of microparts using needles with an inner diameter of 0.2 mm. The parameters of the
dispenser are set to pressure 150 kPa and dispensing time 100~700 ms. A dataset, which comprises
2462 droplet images, is selected from a large number of droplet samples, including 817 images of
circular droplets, 740 images of serrated droplets, 544 images of gourd-shaped droplets, and 361
images of irregular droplets. The four types of droplets are shown in Figure 6.
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Figure 6. Various adhesive droplets.

Circular droplets exhibit good spreading properties, while gourd-shaped and Jagged droplets
are caused by incomplete cleaning of the surfaces between microparts. Irregular-shaped droplets are
often caused from bubbles and particles in adhesive. Generally, these imperfect droplets may lead to
the poor connection strength or the additional stress. Thus, it is crucial to promptly identify and
address those adhesive droplets before the contact connection of parts.

Preparation of Surface Classification Dataset. A total of 1286 images of micropart surfaces are
collected for model training in this experiment. Among them, there are 655 images of contaminated
micropart surfaces and 631 images of clean micropart surfaces.

' . . ».-” w :“J_‘»T‘_&

(a) (b)

Figure 7. Images of micropart surface. (a) Clean surface. (b) Contaminated surface.

3.3. Training Details

All experiments are conducted based on the Pytorch deep learning framework with Python. The
hardware is configured with a NVIDIA GeForce GTX 3080Ti GPU and an Ubuntu operating system.
A batch size of 16 is employed during training to expedite the process. Regarding the training epochs,
all data are iterated over 80 times and the best model is saved.

For the object detection task, the training results of YOLOv5-SENet, YOLOv5-ECANet,
YOLOV5-CBAM, YOLOV5-SimAM, and YOLOv5-ShuffleAttention models are shown in Figure 8.

mMAP@0.5:0.95 and Validation Box Loss Comparison

08

24

>
°
°
3

~— Original YOLOV5 mAP=0.888
—— CBAM YOLOV5 mAP=0.895
~— SE YOLOV5 mAP=0.887
~—— SImAM YOLOV5 mAP=0.886
—— Shuffle YOLOV5S mAP=0.878
—— ECAYOLOV5S mAP=0.879

MAP@0.5:0.95
°
Y
°
°
]
Validation Box Loss

°
°
4

02

0.0

0 10 20 30 40 50 60 70 80
Epoch

Figure 8. Training results of models.
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By the 25th epoch, the loss gradually stabilizes, and after 30 epochs, the loss decreases to around
0.015. Comparing to other models, it is observed that the YOLOv5-CBAM method achieves an
mAP@0.5:0.95 metric improvement of approximately 2%. Therefore, it is chosen for subsequent
testing of micropart target feature occlusion.

Precision (P), Recall (R), Average Precision (AP), and mean Average Precision (mAP) are used to
comprehensively evaluate the models[16].

Precision in Equation (4) refers to the percentage of correctly predicted targets, with high
precision indicating a low false detection probability.

TP
" TP+FP (4)

where TP represents correctly predicted positive targets, FP represents incorrectly predicted
positive targets, and FN represents incorrectly predicted negative targets.
Recall in Equation (5) represents the percentage of correctly predicted targets among all targets.

TP

= TP+FN ()
The average precision (AP) value in Equation (6) is the area under the precision-recall curve.
AP = Yol (rps1 = 1P (1)} (6)
nd mAP in Equation (7) is the average of AP values for all classes.
mAP = 235, AP ?)

where mAP_0.5 represents the average precision (AP ) when the IOU threshold is 0.5, and
mAP_0.5:0.95 calculates the mAP value by averaging the AP values calculated for IOU thresholds
from 0.5 to 0.95 with an interval of 0.05. This metric focuses more on the precision of target
localization.

4. Results and Discussion

4.1. Visualization Analysis of YOLOv5-CBAM

The visualization results of YOLOv5-CBAM and YOLOv5 model with Grad-CAM are shown in
Figure 9. The original YOLOv5 model struggles to filter background information and tends to
disperse attention across regions, resulting in poor visualization outcomes. In contrast, the YOLOv5-
CBAM model can better focus attention on places around the target regions.

YOLO: L
- -
YOLO-CBAM:
~

Figure 9. Visualizations of models with Grad-CAM.

To quantitatively evaluate its effectiveness, we utilized the Intersection over Union (IOU) metric
to assess the degree of alignment between the highlighted regions in the heatmap and the ground
truth (GT) regions. A higher IOU value indicates a superior match. IOU is defined as the ratio of the
number of intersecting pixels between the actual target region and the highlighted region to the total
number of pixels in their union as shown in Figure 10. The formula is described as Equation (8).
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Figure 10. Segmentation images of highlighted regions.

From the results in Table 1, the YOLOv5-CBAM model achieves significantly higher IOU values
on all the three types of target features compared to the original model, with an average improvement
of 27.81%. Therefore, the YOLOv5 model with integrated CBAM can more proficiently filter out the
useless background and accurately reflect the location of the target regions when generating

heatmaps.
Table 1. Calculation results of IOU between GT regions and high-light regions.
Types IOU(YOLOV5) IOU(YOLOvV5-CBAM)  Improvement Ratio
Semicircular Feature 17.16% 44.86% 27.72%
Raised Feature 10.48% 42.79% 32.31%
Rectangular Feature 10.63% 34.04% 23.41%

4.2. Occlusion Experiment of YOLOv5-CBAM

Firstly, the part features in the test set are subjected to four different degrees of occlusion
processing, as illustrated in Figure 11a. Subsequently, the YOLO-CBAM model and YOLO model are
selected to perform object detection on them. The respective detection performance metrics are
presented in Table 2. Some sample detection results are shown in Figure 11b.

Without occlusion 30% 50% 70%

ﬁU’ \_‘ .j\J "\ @
30% 50% 50% 70% 70% 70% 70%

T

70% 70% 70% (b)

BPOD 'E BPQD 0.76
L

1

YOLOVS

]

YOLOVS-
CBAM

Gripper

0.9

Figure 11. Object detection results of the model under various occlusions.
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Table 2. Performance metrics of model under various occlusions.
Occlusion rate Model P R mAP@0.5 mAP@0.5-0.95
YOLOV5 0.999 1 0.995 0.785
Without
Occlusion YOLOV5-
CBAM 0.999 1 0.995 0.792
YOLOV5 0.997 1 0.995 0.737
30%
YOLOV5-
CBAM 0.999 1 0.995 0.771
YOLOV5 0.997 0.993 0.995 0.447
50%
YOLOV5-
CBAM 0.998 1 0.995 0.461
YOLOvV5 0.907 0.751 0.933 0.258
70%
YOLOV5-
CBAM 0.970 0.972 0.979 0.317

At no occlusion and 30% occlusion levels, the YOLOv5-CBAM model exhibits performance
comparable to or even better than YOLOVS5 across various metrics. However, as the occlusion level
increases to 50% and 70%, the YOLOv5-CBAM model outperforms the YOLOv5 model in all metrics.
Moreover, it can still accurately identify and outline the target objects with high confidence even with
increased occlusion. In contrast, the original YOLOvV5 model has a missing detection phenomenon in
most images, and the recall rate is only 0.751. This suggests that the performance of the original
YOLOvV5 model significantly deteriorates when facing visual occlusion pressure.

4.3. Visualization Analysis of Droplet Classification Model

The classification accuracy of 91.43% on the test set is achieved by the trained droplet
classification model. And the visualization results using Grad-CAM and Guided Grad-CAM are

shown in Figure 12.

°
o 0 0 X0 &0 W
Guided Grad-CAM

o ° °
% 100 1% 200 06 s W0 10 200 0 % 100 0 0 0 0 W0 10 2

Figure 12. Grad-CAM and Guided Grad-CAM images of adhesive droplets.
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We collect the pixel coordinates of the highlighted and dark regions in all Guided Grad-CAM
charts (225x225) by category and calculate the mean and standard deviation using the formulas
Equations (9) and (10). The results are shown in Table 3.

1 1
Hy = Nzgilxiuuy = NZ{V=1 Vi (9)

Ox = \/%Zﬁvﬂ(xi —Ux)?, Oy = \/%Zliv=1(yi — )%, (10)

where (x;, y;) represents the coordinates of each pixel, N is the total number of pixels, and p(uy, u,)
is the mean of the pixel coordinates.

Table 3. Mean and standard deviation of the high-light pixels distribution.

Type Mean(p,, u,) Standard Deviation(o,, o,)
Circular Droplet (113.19,110.69) (22.84, 22.38)
Gourd Droplet (113.25,137.66) (42.90, 24.35)
Jagged Droplet (108.37,104.25) (41.62, 33.16)
Irregular Droplet (126.11,92.33) (28.25,31.13)

Obviously, the droplet quality classification model in this study tends to focus on the edge and
central features of the droplets during the task. For the circular droplets, their smooth and regular
edges are the main features, resulting in a regular distribution of attention areas in the heatmaps,
with the mean of the highlighted areas close to the center of the image and minimal standard
deviation. For the gourd-shaped and serrated droplets, the distinctive features lie in the waist
depression and serrated patterns, leading to a sinking mean center for gourd-shaped droplets and
the largest standard deviation for serrated droplets. As for irregular-shaped droplets, due to their
variable morphology and lack of specific features, the model needs to analyze the droplets as a whole,
with particular attention to their irregular edges.

Therefore, the droplet classification model trained in this study is a reliable model with high
classification accuracy and it can effectively identify the prominent features of various-shaped
droplets, which are consistent with human visual discernment and judgment.

4.4. Analysis of Surface Classification Model

With the trained model, the classification accuracy of 98.45% is achieved on the test set. The
Grad-CAM hierarchical visualization results are shown in Figure 13. In layerl, the heatmap is
relatively scattered and blurry, without any obvious concentrated areas, indicating that the model
does not have a clear judgment on stains or black spots. In layer2 and layer3, some distinct green and
bright yellow areas start to appear, indicating localized attention areas and preliminary recognition
of stain features. In layer4, the model's attention scale reaches its maximum, accurately covering the
appearance and potential locations of stains and black spots. This process demonstrates the gradual
improvement of model in feature extraction, ultimately achieving precise localization and
classification recognition of stains. It also validates the effectiveness and the interpretability of surface
classification model.
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Figure 13. Visualization of different layers of the model.

5. Conclusions

To improve the microscopic-related tasks, we focus on the attention mechanism and visualizing
CNNss for DL-based microscopic vision. The main results are as follows:

(1) The attention mechanism is combined with the YOLOVS5 algorithm. With this hybrid algorithm,
the robustness of the algorithm in scenes with occluded feature has been improved. The results
demonstrate that even under 70% occlusion, the proposed algorithm has shown promising
results with a mAP@0.5 of 97.9%, surpassing the original model by 4.6%.

(2) The visualization effect of YOLOv5-CBAM model is evaluated with Grad-CAM, which make
the decision result more transparent, and the quantitative analysis results further verify the
effectiveness of the attention mechanism in micropart feature localization.

(3) The trained micropart surface stain and droplet classification models both exhibit accuracies
exceeding 90% in the experiments. And the results of the visual analysis align with human eye
discrimination, validating the reliability of parts and droplets sorting.
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