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1. Supplementary figures 

 

Figure S1. Representative electron microscopy images of nanoparticles in the dataset 

constructed in this study. (a) TEM image of ordered CuPd nanocubes synthesized with 

different amounts of 1,2-TDD (0.1 mmol) [1]; (b) TEM image of gold nanorods synthesized 

using a seed solution amount of 0.04 [2]; (c) SEM image of PFA nanospheres synthesized 

under the conditions of “PSA (2.8)–SDS (1.4)–FA (5.0)” [3].Reprinted with permission. 

Copyright 2023 American Chemical Society; (d) TEM image of Cu nanocubes [1]; (e) TEM image 

of gold nanorods synthesized using a seed solution amount of 0.16 [2]; (f) SEM image of PFA 

nanospheres obtained after 4 h of reaction under FA acid catalysis in the presence of SDS [3]. 

Reprinted with permission. Copyright 2023 American Chemical Society. Due to layout constraints, 

these images were cropped proportionally, and the scale bars were redrawn according to the 

original image scale. 

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://crossmark.crossref.org/dialog/?doi=10.55092/aimat20260006
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Figure S2. Training loss curves of YOLOV11, YOLOV11 with DSConv and YOLOV11 with 

BADSConv: (a) Lbox; (b) Lseg; (c) Lcls; and (d) Ldfl. 

 

Figure S3. Visual comparison of segmentation results produced by different models: (a) TEM 

image of the Ag nanocubes [4]. Reprinted with permission. Copyright 2013 American Chemical 

Society; (b) Ground-truth annotation; (c–f) Segmentation results generated by U-Net, DeepLabV3+, 

YOLOv11, and NSYOLO, respectively. 
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Figure S4. Visual comparison of segmentation results produced by different models: (a) TEM 

image of the Au nanorods [5]. Reprinted with permission. Copyright 2022 American Chemical 

Society; (b) ground-truth annotation; and (c–f) Segmentation results generated by U-Net, 

DeepLabV3+, YOLOv11, and NSYOLO, respectively. 

 

Figure S5. Visualization of instance boundary segmentation results produced by different models. 

(a) TEM image of the Cit-Au NPs [6]; (b) YOLOv11; (c) YOLOv11 with DSConv; (d) YOLOv11 

with BADSConv; (e) YOLOv11 with BRA; (f) YOLOv11 integrating both BADSConv and BRA 

(NSYOLO). The color intensity indicates the boundary response strength of the predicted instances. 
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Figure S6. Visualization of instance boundary segmentation results produced by different 

models. (a) TEM image of the pristine 16 nm CuNCs [7]; (b) YOLOv11; (c) YOLOv11 with 

DSConv; (d) YOLOv11 with BADSConv; (e) YOLOv11 with BRA; (f) YOLOv11 integrating 

both BADSConv and BRA (NSYOLO). The color intensity indicates the boundary response 

strength of the predicted instances. 

 

Figure S7. Segmentation results of non-ideal nanoparticles images using the NSYOLO model. 

(a) SEM image of 0.2-C@MoS₂ [8]. Reprinted with permission. Copyright 2015 American 

Chemical Society; (b) its segmentation results; (c) TEM image of the Au particles with different 

nanostructures [9]. Reprinted with permission. Copyright 2017 American Chemical Society; (d) its 

segmentation results. 
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Figure S8. Segmentation performance of the NSYOLO model across different imaging 

modalities. (a) BSE-SEM image of LCMFC-IR particles [10]. Reprinted with permission. 

Copyright 2025 American Chemical Society; (b) BF-TEM and (c) DF-TEM images of the BaTiO3 

nanoparticles [11]; (d,e,f) Segmentation results corresponding to (a,b,c), respectively. 

 

Figure S9. Segmentation results of nanoparticles with unknown morphologies at different 

confidence thresholds. TEM images of (a) the gold nanotriangles [12]. Reprinted with permission. 

Copyright 2017 American Chemical Society; (e) the gold nanostructure with mixed nanospheres 

and nanotriangles [9]. Reprinted with permission. Copyright 2025 American Chemical Society; SEM 

images of (i) the pentagonal nanoparticles [13] and (m) the rectangular arrays formed by regularly 

arranged pentagonal gold/silver nanoprisms [13]. Reprinted with permission. Copyright 2023 

American Chemical Society; (b–p) Segmentation results of NSYOLO at a confidence threshold of 

(b,f,j,n) 0.25, (c,g,k,o) 0.5, and (d,h,l,p) 0.75. 
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Figure S10. Comprehensive morphological characterization of spherical nanoparticles obtained 

from the proposed automated system: (a) original image; (b) segmentation result using the proposed 

method; (c) diameter distribution; (d) sphericity distribution; (e) area distribution; (f) sphericity 

versus diameter relationship; (g) surface roughness analysis; and (h) Voronoi area distribution. 

The scale bar was redrawn based on the original image for clarity. 

 

Figure S11. Comprehensive morphological characterization of nanorods obtained from the 

proposed automated system: (a) TEM image of the gold nanorods [14]. Reprinted with permission. 

Copyright 2015 American Chemical Society; (b) segmentation result using the proposed method; 

(c) aspect ratio distribution; (d) area distribution; (e) length distribution; (f) width distribution; 

(g) aspect ratio versus length relationship; and (h) orientation analysis. The scale bar was redrawn 

based on the original image for clarity. 
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Figure S12. Comprehensive morphological characterization of nanocubes obtained from the 

proposed automated system: (a) TEM image of the nanocubes [15]; (b) segmentation result using 

the proposed method; (c) area distribution; (d) equivalent diameter distribution; (e) aspect ratio 

distribution; (f) corner sharpness distribution; (g) rectangularity distribution; and (h) relationship 

between rectangularity and corner sharpness. The scale bar was redrawn based on the original 

image for clarity. 

2. Supplementary tables 

Table S1. Ablation analysis of DSConv and the proposed BADSConv. 

Method Precision Recall mAP@0.5 mAP@0.5:0.95 Params (M) GFLOPs 

M1 0.885 0.882 0.906 0.696 2.98 9.7 

M2 0.897 0.882 0.915 0.702 2.43 9.9 

M3 0.903 0.890 0.920 0.723 2.61 10.5 

Note: 

M1 represents the baseline YOLOv11 model. 

M2 denotes the baseline model equipped with the original DSConv module. 

M3 corresponds to the proposed method, in which DSConv is further enhanced by the proposed BADSConv. 

All experiments are conducted under identical training settings, and only the convolution modules are 

modified while the remaining network architecture is kept unchanged. The computational complexity 

(Params and GFLOPs) is measured using the official Ultralytics implementation by profiling a single forward 

pass with an input resolution of 640 × 640. The reported GFLOPs reflect the practical inference complexity 

and are used for relative comparison among different model variants. 
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Table S2. Experimental environment configuration. 

Category Specification Description 

Operating System Ubuntu 22.04 64-bit 

CPU Intel® Xeon® Gold 6430 16 cores 

GPU NVIDIA RTX 4090 24 GB 

CUDA CUDA 12.4 GPU acceleration 

Python Python 3.10 Runtime environment 

Deep Learning Framework PyTorch 2.5.1 PyTorch version 

IDE Vscode Development and debugging 

Table S3. Model training hyperparameter settings. 

Parameter Value Description 

Input image size 640 × 640 Input image size 

Epochs 100 Total training epochs 

Batch size 16 Number of samples per batch 

Optimizer SGD Stochastic Gradient Descent 

Initial learning rate 0.01 Starting learning rate 

Momentum 0.937 SGD momentum 

Weight decay 0.0005 L2 regularization 

Table S4. Detection performance on nanoparticles with non-trained morphologies under different 

confidence thresholds. 

Confidence Threshold Detection Rate 

0.25 0.76 

0.50 0.64 

0.75 0.32 

Note: The detection rate is defined as the ratio of correctly detected nanoparticles to the total number of nanoparticles. 
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