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ABSTRACT: Scanning tunneling microscopy (STM) images are frequently affected by low-frequency vibrations,
substrate-induced background variations, and bias-dependent contrast changes, which degrade molecular feature
responses and hinder reliable segmentation. To address this challenge, we develop an STM-oriented Feature Pyramid
Network (FPN) + Dual-Path Intensity Calibration (DPIC) framework by adapting a DPIC module, originally derived
from a cloud-noise calibration mechanism, to the specific characteristics of STM molecular images. In this frame-
work, DPIC is reformulated as a noise-aware feature calibration module that suppresses low-response background
interference while preserving foreground molecular contours. We integrated DPIC into the FPN architecture and
systematically evaluated the model on an in-house STM molecular image dataset. Expanded baseline comparisons
and image-level five-fold cross-validation were further conducted to assess segmentation performance and stability.
The proposed FPN + DPIC model achieved an Intersection over Union (IoU) of 0.8347 + 0.0073 and a Dice score
of 0.9077 + 0.0050, outperforming representative deep learning, traditional segmentation, and scanning tunneling
microscopy (STM)-related comparison methods under the same evaluation protocol. Furthermore, we applied the
model to bias-dependent STM images of single 4,4’-Methylenebis(N,N-diphenylaniline) (MTDATA) molecules. By
introducing Radial Skewness as a contour-derived geometric descriptor, we quantified the bias-dependent evolution
of molecular electronic-state morphology. Statistical correlation analysis further showed that Radial Skewness is
negatively associated with the Highest Occupied Molecular Orbital (HOMO)-related spectral response within the
measured STM/scanning tunneling spectroscopy (STS) series. This work provides a noise-aware segmentation strategy
for the tested MTDATA STM molecular images and demonstrates the potential of segmentation-assisted morphology
analysis for quantitative interpretation of bias-dependent STM/STS data under the investigated molecular system and
imaging conditions.

KEYWORDS: Semantic segmentation; scanning tunneling microscopy (STM); noise calibration; electronic
morphology; optoelectronic materials

1 Introduction

Organic molecular materials such as 4’,4"”,4///-tris(N-3-methylphenyl-N-phenylamino)triphenylamine
(m-MTDATA) have been widely investigated as hole-injection and hole-transport materials in organic
optoelectronic devices, including organic light-emitting diodes (OLEDs) [1,2]. Beyond their device-level
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applications, m-MTDATA and its derivatives also provide a useful molecular platform for studying
molecule—substrate interactions, interfacial electronic structure, and bias-dependent molecular orbital
distributions at surfaces [3-6]. m-MTDATA is a star-shaped tribranched molecule consisting of a central
triphenylamine core connected to three N-phenyl-N-(3-methylphenyl)amino substituents (Fig. 1a). Its non-
planar molecular architecture gives rise to rich adsorption configurations and electronic-state distributions
on surfaces. Previous spectroscopic and surface-science studies have investigated m-MTDATA on Au(111),
electronic-interfaces [3-5]. More recently, STM/STS measurements revealed characteristic adsorption con-
figuration structure modifications from triphenylamine to m-MTDATA, and hybridization states at the
molecular of starburst m-MTDATA molecules and identified a HOMO-related resonance near —1.68 V [6].
These studies provide important physical insight into m-MTDATA electronic states; however, the analysis of
bias-dependent real-space molecular morphology has largely remained qualitative. Quantitative descriptors
that can connect STM image morphology with spectroscopic features are still needed.
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Figure 1: Investigating the electronic-state morphological characteristics of m-MTDATA molecules by combining
scanning tunneling microscopy with deep learning-based image segmentation algorithms.

In recent years, “Al for Science” has shown strong potential in microscopy image analysis. Semantic
segmentation networks, such as U-Net, can identify object boundaries and extract quantitative features,
helping convert visual observations into measurable descriptors. In STM studies, artificial intelligence has
also been applied to several tasks. At the preprocessing stage, machine learning has been used for denoising
low-signal STM images, such as simulated graphene images [7], and for improving TMD image quality using
encoder—decoder networks guided by visual-quality labels [8].

Beyond preprocessing, CNN-based methods have been used to automatically identify atoms and
defects [9-11], as well as molecular chirality [12]. Deep learning has also been applied to identifying char-
acteristic states of molecular junctions [13]. STM/SPM image segmentation and molecular recognition have
received increasing attention. For example, Bui et al. proposed a variational segmentation method combined
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with empirical wavelets for STM image segmentation [14]. Zhu et al. developed a deep-learning framework
for automated molecule recognition in scanning-probe-microscopy images [15]. Li et al. demonstrated
machine-vision-based detection and classification of chiral molecules in molecular imaging [10]. More
recently, Kurki et al. introduced an automated structure-discovery framework for STM images [16]. In
addition, machine learning has been extended to broader SPM-related tasks, including AFM image analysis
of polymer blends [17], interpretable deep-learning-assisted chemical transformations on surfaces [18], and
autonomous site-specific atomic-level characterization using Al-equipped scanning probe microscopy [19].
Al-based automation has been used for atom manipulation [20], while deep reinforcement learning has
enabled autonomous atom manipulation [21]. Machine learning has also been applied to automated STM tip
functionalization [22].

Opverall, Al-assisted STM analysis has progressed from image preprocessing to molecular recognition,
segmentation, structure analysis, and automated manipulation. However, for low-signal molecular systems
affected by complex substrate backgrounds or low-frequency noise, existing deep learning models still
struggle to provide segmentation accuracy sufficient for reliable physical interpretation.

To address the limitations of qualitative STM image interpretation, this study develops an STM-oriented
FPN + DPIC segmentation framework for molecular contour extraction. Rather than proposing DPIC as a
completely new attention operator, we reformulate a noise-aware dual-path intensity calibration mechanism
for STM images and integrate it into the Feature Pyramid Network (FPN). The module is designed to suppress
low-response substrate/background interference and enhance molecular contour continuity under low
signal-to-noise ratio and spatially non-uniform imaging conditions. The proposed FPN + DPIC framework
was systematically evaluated on an in-house STM dataset of m-MTDATA molecules and compared with
expanded baselines, including representative deep learning models, conventional segmentation methods,
and an STM-related molecular recognition framework. Furthermore, the trained model was applied to
bias-dependent STM images of single m-MTDATA molecules (Fig. 1b). By introducing Radial Skewness
as a contour-derived geometric descriptor, we quantitatively analyzed the voltage-dependent evolution
of molecular electronic-state morphology. Radial Skewness decreases near the HOMO onset region and
reaches a minimum close to the HOMO-related resonance identified by STS. This trend is further supported
by correlation analysis between Radial Skewness and the HOMO-related spectral response. These results
suggest that the proposed noise-aware segmentation framework can assist quantitative analysis of STM
molecular image features and their relation to underlying electronic properties.

2 Data and Methods
2.1 Image Segmentation Techniques for STM Images

Image segmentation, as a core task in computer vision, enables precise object identification through
pixel-level semantic segmentation, serving as a foundational data processing technique in medical imaging,
remote sensing monitoring, and industrial inspection. With the leap in scientific imaging resolution, this
technology has become pivotal in atomic-scale characterization. In the context of scanning tunneling
microscopy (STM), a cornerstone for nanoscale research, image segmentation facilitates the extraction of
molecular morphologies with high precision, providing researchers with reproducible geometric parameter
quantification to enable objective analysis of microstructures. Derived morphological features can establish
quantitative correlations with material physical properties, advancing mechanistic studies of “structure-
function” relationships. Furthermore, segmentation results act as standardized inputs for multimodal data
fusion, efficiently integrating with spectroscopic and electrical measurements to construct a comprehensive
research framework linking “image features—physical properties—functional performance,” thereby bridging
the paradigm gap from characterization to mechanistic understanding.
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Historically, image segmentation relied heavily on manually crafted mathematical models and heuristic
rules rather than data-driven learning. These conventional approaches typically partition images based on
low-level visual cues, such as intensity, gradients, and textures, to create homogeneous regions without
semantic priors. Common techniques include intensity-based thresholding, clustering, and region-growing,
as well as boundary-focused edge detection and watershed algorithms [23]. Despite their utility in standard
imaging, these methods remain sensitive to image-quality degradation in STM data, including noise,
low contrast, and limited effective resolution [24]. Furthermore, because they lack semantic modeling,
conventional methods may struggle to reliably distinguish molecular targets from surface contaminants and
defects, limiting their applicability to atomic-scale morphological quantification.

To overcome these limitations, the field has increasingly shifted toward deep learning-based segmenta-
tion. These approaches utilize parameter-trainable, end-to-end neural networks to extract semantic features
directly from raw pixels, enabling accurate pixel-wise classification. Several core paradigms have driven this
progress. Fully convolutional networks (FCNs), for instance, eliminated fully connected layers to facilitate
direct spatial predictions [25]. Following this, encoder-decoder architectures like U-Net introduced skip
connections to preserve fine-grained morphological details alongside high-level semantic extraction [26].
More recently, multi-scale feature extraction and fusion frameworks, such as Feature Pyramid Networks

(FPN) [27] and DeepLab [28], have improved target detection and segmentation across varying scales
through hierarchical feature fusion and multi-scale contextual modeling.

Nevertheless, generic segmentation architectures often struggle to cope with the physical intricacies
of STM images. The severe degradation in signal-to-noise ratio, combined with spatially non-uniform
background interference and bias-dependent feature variations, renders existing models incapable of reliably
extracting molecular structures from complex backgrounds.

In summary, advancing quantitative scientific research driven by scanning tunneling microscopy (STM)
critically depends on specialized segmentation frameworks. These frameworks must be capable of explicitly
modeling imaging noise mechanisms while preserving sub-nanometer structural details. However, current
STM image recognition and segmentation algorithms remain constrained by localized adjustments to
generic network architectures. They find it challenging to explicitly model the spatially non-uniform noise
caused by tunneling current fluctuations and tip effects. Ultimately, this limitation hinders high-fidelity
morphology reconstruction and geometric feature extraction at the molecular scale, highlighting the urgent
need to develop next-generation, STM-specific segmentation models with physics-aware capabilities.

2.2 STM Noise-Aware FPN Segmentation Model

Drawing inspiration from noise-robust feature calibration techniques in remote sensing, we adapt a
Dual-Path Intensity Calibration (DPIC) mechanism and its core component, the Noise Perception Module
(NPM), to STM molecular image segmentation and integrate them into a Feature Pyramid Network (FPN)
architecture. In this work, DPIC is not treated as a fundamentally new network operator, but as an STM-
oriented adaptation of a dual-path feature calibration strategy. The detailed formulation of the adapted DPIC
framework is presented in Section 2.3.

As illustrated in Fig. 2a, given a 512 x 512 x 1 STM image, the image is first converted into a tensor
and fed into a ResNet-18 encoder to extract multi-level semantic features. ResNet-18 was selected because its
residual structure supports stable optimization on relatively small datasets, while its lightweight design helps
reduce overfitting and computational cost. This makes it suitable for the limited annotated STM dataset used
in this study.
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Figure 2: Network architecture overview. The proposed image segmentation network is built upon the Feature Pyramid
Network (FPN) framework with ResNet-18 as the backbone, incorporating a Dual-Path Intensity Calibration (DPIC)
module adapted for STM molecular segmentation. (a) The ResNet-18 encoder extracts multi-level semantic features.
(b) The FPN decoder progressively fuses high-level semantic information and low-level spatial details through a top-
down pathway, where DPIC modules are embedded at selected feature-fusion stages to calibrate background-interfered
feature responses. (c) Detailed structure of the DPIC module: parallel max-pooling and average-pooling branches are
used to capture local peak responses and averaged contextual information, respectively. (d) Structure of the Noise
Perception Module (NPM): low-response background-dominated regions are estimated through a minimum-response
prior, enabling adaptive feature calibration for suppressing background interference while preserving molecular contour
information.

Following the encoding stage, feature maps are extracted from the second, third, and fourth layers
of the ResNet-18 backbone, corresponding to downsampling ratios of 1/4, 1/8, and 1/16, respectively. These
feature maps are used as lateral inputs to the FPN decoder. As shown in , the decoder follows a
standard top-down FPN design, progressively merging high-level semantic information with lower-level
spatial details through upsampling and lateral fusion. To balance segmentation accuracy and computational
efficiency, feature fusion is terminated at the P2 level, corresponding to 1/4 input resolution. This design
avoids unnecessary high-resolution feature reconstruction at P1 and PO levels while retaining sufficient
spatial detail for STM molecular contour delineation.

The adapted DPIC module is embedded in selected intermediate feature-fusion stages of the FPN
decoder. Its NPM component uses a minimum-response prior to estimate low-response, background-
dominated feature regions and generates calibration weights to modulate feature responses during decoding.
In this way, the model is encouraged to reduce substrate/background interference while preserving molecular
contour information. Finally, the high-resolution feature map produced by the decoder is passed through a
final convolutional layer to generate the binary segmentation mask of the target molecule.
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2.3 Dual-Path Intensity Calibration (DPIC)
2.3.1 DPIC Architecture

Zhang et al. proposed the Noise-Incentive Robust Network (NIRNet) to mitigate the performance
degradation of remote sensing object detectors under atmospheric disturbances such as clouds and haze [29].
We observe that STM imaging noise shares certain similarities with cloud/haze noise: the interference
is not globally uniform but rather spatially non-uniform, structured, and location-dependent; it does
not completely obscure image features—regions with strong responses (e.g., highly activated molecular
peaks) typically retain reliable feature signals. Although the physical origins of cloud obscuration and STM
noise differ fundamentally, both lead to spatially non-uniform signal degradation, resulting in coexisting
reliable foreground regions and unreliable background areas. This necessitates a mechanism capable of
dynamically distinguishing “trustworthy” from “untrustworthy” regions and adaptively adjusting feature
weights accordingly.

Motivated by this insight, we adapt the DPIC (Dual-Path Intensity Calibration) module from NIRNet
to our STM image segmentation task. The architecture of DPIC is illustrated in Fig. 2c. DPIC consists of
two parallel pathways: an intensity pathway and a stability pathway. The intensity pathway employs max
pooling to extract local peak responses, thereby enhancing the discriminability of high-contrast regions
such as molecular boundaries. In contrast, the stability pathway uses average pooling to capture global
mean information, which helps suppress background fluctuations and random noise. Both pathways are
followed by dedicated 1 x 1 convolutions and Squeeze-and-Excitation (SE) attention modules to refine feature
representations. Subsequently, the outputs from the two pathways are fused via another 1 x 1 convolution and
fed into the Noise Perception Module (NPM). This process can be mathematically formulated as follows:

Fine = SE (Conv(l) (Mypax) ) 1)
Feiup = SE (Convl(ﬂ (ng)) (2)
Ffuse = COHVI(II) ([Fintantab]) (3)

In Eq. (1), Fi,; denotes the enhanced feature output from the intensity pathway. It is obtained by
first applying max pooling (M,,,y) to extract local peak responses, followed by a 1 x 1 convolution and
an SE (Squeeze-and-Excitation) attention module to enhance the discriminability of high-contrast regions
such as molecular boundaries. In Eq. (2), Fy,;, represents the refined feature from the stability pathway,
which leverages average pooling (M,, ) to capture global mean information. This feature is then processed
through the same 1 x 1 convolution and SE operations to suppress background fluctuations and random
noise interference. In Eq. (3), Fy,;, denotes the unified feature resulting from the fusion of both pathways.
It is generated by concatenating F;,; and F;,, along the channel dimension and subsequently applying a
1 x 1 convolution. This fused representation preserves both local saliency and global consistency, providing
multi-scale contextual input to the Noise Perception Module (NPM).

The dual-path design strategy based on max pooling and average pooling is a classic feature enhance-
ment mechanism widely used in attention and feature calibration modules [30]. Therefore, we do not claim
the pooling operation or SE attention itself as a newly invented component. Instead, in this work, the
contribution lies in reformulating this calibration principle for STM molecular images, where low-response
feature regions are interpreted as unreliable substrate/noise-dominated responses and calibrated during FPN
decoding to improve molecular contour reconstruction.

Fig. 2d illustrates the architecture of the Noise Perception Module (NPM). The goal of NPM is to
identify noise-dominated regions by applying a local minimum operation—implemented as negative max
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pooling (i.e., —maxpool)—to detect the weakest-response areas in the image, which typically correspond
to low signal-to-noise ratio (SNR) backgrounds. Subsequently, this minimum map is element-wise added
to the negated max-pooled feature map, and the resulting tensor is processed through a 1 x 1 convolution
layer followed by an SE Block to generate the final calibration weight map. This weight map is then used to
dynamically modulate the original input features, enabling the model to adaptively enhance feature responses
in target regions while suppressing the influence of noisy areas during decoding. This mechanism facilitates
robust segmentation of sub-nanometer molecular contours in STM images. The overall process can be
formulated as follows:

y=x0 (W, x SE ((-maxpooly (-x)))) (4)

where y denotes the output noise map, x represents the input feature map, o is the Sigmoid activation
function, and W, refers to the noise-perception convolutional kernel implemented as a 1 x 1 convolution.

In summary, the DPIC module effectively addresses noise in STM images by leveraging the stability
pathway to sense substrate undulation noise in low-response regions and the intensity pathway to capture
foreground structures in high-response regions. The Noise Perception Module (NPM) then adaptively
identifies and suppresses noise regions in the input features. The specific performance and effectiveness of
this approach will be detailed in Section 3.1.

2.3.2 STM-Specific Redesign and Physical Interpretation

Although the dual-path calibration strategy is adapted from NIRNet, the present work does not simply
transfer the original remote-sensing module to STM images. Instead, DPIC is reformulated for the specific
characteristics of low-SNR molecular STM segmentation in three aspects. First, the calibration objective
is changed from object-level robustness under cloud/haze-corrupted remote-sensing scenes to pixel-level
molecular contour preservation in STM images. This is important because the segmented masks are not only
used for IoU and Dice evaluation, but also serve as the basis for contour-derived electronic morphology
descriptors such as Radial Skewness. Second, the minimum-response prior in the Noise Perception Module
is reinterpreted as an STM-specific reliability prior. In STM images, low-response feature regions often
correspond to substrate-induced background undulations, tunneling-current fluctuations, tip-state-related
contrast variations, or other low-SNR regions, whereas molecular electronic-state features usually exhibit
more spatially coherent responses [31]. Therefore, the NPM is used to suppress unreliable background
responses while preserving molecular contours. Third, the module is embedded into the FPN decoding and
feature-fusion stages, where high-level semantic features and low-level spatial details are progressively com-
bined. This placement allows background-induced feature ambiguity to be reduced before high-resolution
molecular masks are reconstructed. Thus, the novelty of this work does not lie in inventing new pooling
or SE-attention operators, but in the STM-specific redesign, physical reinterpretation, and validation of
noise-aware feature calibration for molecular STM segmentation and electronic morphology analysis.

2.4 Dataset and Implementation Details

The proposed model was evaluated on an in-house STM molecular image dataset consisting of 369
m-MTDATA images acquired using a low-temperature STM system at 5 K. The dataset covers a bias-
voltage range from -2 to +2 V and contains images with different molecular contrasts, substrate-background
variations, and bias-dependent electronic-state morphologies. Reference masks were first initialized using
K-means clustering and were then manually inspected and corrected according to the visible molecular
contrast in the original STM images. The manual correction was performed by several graduate students
and PhD students with experience in condensed-matter experiments and STM image interpretation. The
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corrected masks were further cross-checked by multiple annotators to reduce subjective annotation errors.
The correction mainly focused on weak molecular boundary regions, isolated background pixels, and local
discontinuities in the molecular contour. No fully independent masks drawn without K-means initialization
were used as final training labels in this study. Instead, the K-means-initialized masks were treated only as
initial candidates, and the final reference masks were determined after manual correction and multi-person
checking. The K-means baseline reported in the experiments was evaluated as an automatic segmentation
method against the final manually corrected reference masks, rather than against the initial K-means
masks themselves.

To assess annotation reliability and estimate the extent of manual correction, we conducted a random
quality audit on 50 reference masks. Among them, 42 masks (84.0%) were accepted without modification,
7 masks (14.0%) required only minor boundary adjustment, and 1 mask (2.0%) required major correction.
Thus, 49 of the 50 audited masks (98.0%) did not exhibit major annotation errors. These results suggest
that the K-means initialization was generally consistent with the visible molecular regions, while manual
correction mainly refined ambiguous low-contrast boundaries and removed occasional background artifacts.
Residual annotation uncertainty therefore mainly arises from weak boundary regions rather than from the
main molecular body.

All deep learning models were implemented in PyTorch and evaluated using the same image-level five-
fold cross-validation protocol. Images and masks were resized to 512 x 512 pixels. The random seed was fixed
to 42, and identical fold partitions were used for all methods. Each model was trained for 50 epochs with a
batch size of 16 using the AdamW optimizer. The initial learning rate was set to 1 x 10~ with a weight decay
of 1 x 107%, and a cosine annealing learning-rate schedule was adopted. Binary segmentation was optimized
using a weighted combination of binary cross-entropy loss and Dice loss, with the positive-class weight
set to 80. During evaluation, a threshold of 0.5 was applied to obtain binary segmentation masks for IoU
and Dice calculation. Since STM images are single-channel grayscale images and differ substantially from
natural-image datasets, all deep learning models were trained from randomly initialized weights without
using pretrained parameters to ensure a fair comparison.

3 Results and Discussion
3.1 Model Performance Analysis
3.1.1 Expanded Baseline Comparison with Five-Fold Cross-Validation

To comprehensively evaluate the segmentation performance of the proposed FPN + DPIC framework,
we conducted image-level five-fold cross-validation on the in-house m-MTDATA STM dataset and com-
pared it with a broad set of baseline methods. The comparison includes conventional segmentation methods,
general deep learning segmentation networks, lightweight models, Transformer-based models, and an STM-
related deep learning method. Specifically, the evaluated methods include Otsu thresholding, K-means
clustering, Watershed, Chan-Vese active contour, Mask-R-CNN-STM, U-Net, U-Net++, Attention U-Net,
FPN baseline, PSPNet, DeepLabV 3, MobileNet-DeepLab, SegFormer, and the proposed FPN + DPIC.

As shown in Table 1, conventional segmentation methods achieved limited performance on the STM
molecular images, indicating that simple intensity- or contour-based strategies are insufficient for separating
weak molecular structures from substrate-induced background variations. Among deep learning methods,
SegFormer and MobileNet-DeepLab achieved relatively strong results, with IoU values of 0.8178 + 0.0214 and
0.8147 + 0.0095, respectively. The STM-related Mask-R-CNN-STM baseline also performed competitively,
achieving an IoU of 0.8068 + 0.0080. FPN + DPIC achieved the highest mean IoU across the five cross-
validation folds (0.8347 + 0.0073), together with the highest Dice score (0.9077 + 0.0050). Compared with
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the FPN baseline, DPIC improved the IoU from 0.7948 + 0.0101 to 0.8347 + 0.0073 and the Dice score from
0.8829 + 0.0071to 0.9077 + 0.0050. FPN + DPIC contained 12.24 M trainable parameters, slightly fewer than
the 13.04 M parameters of the FPN baseline, indicating that the performance improvement was achieved
without increasing the overall model size. The parameter counts of all deep learning models are reported
in Table 1. These results indicate that the proposed noise-aware calibration module improves molecular
segmentation accuracy under the same cross-validation protocol.

Table 1: Expanded five-fold baseline comparison.

Method Category IoU Dice Parameters (M)
Otsu [32] Traditional 0.3401 + 0.2188  0.4727 + 0.2155 -
K-means [33] Traditional 0.3396 + 0.2192  0.4720 + 0.2158 -
Watershed [34] Traditional 0.2388 +0.1441 0.3648 + 0.1789 -
Chan-Vese [35] Traditional 0.2489 + 0.1355  0.3826 + 0.1483 -
Mask-R-CNN-STM [15] STM-related method 0.8068 + 0.0080 0.8908 + 0.0053 43.97
U-Net [26] CNN-based 0.7635 £ 0.0068  0.8631 + 0.0048 14.32
U-Net++ [36] CNN-based 0.7680 £ 0.0121 0.8664 + 0.0079 15.96
Attention U-Net [37] Attention CNN 0.7998 £ 0.0195 0.8859 + 0.0123 14.44
FPN baseline [27] Pyramid-based CNN  0.7948 + 0.0101  0.8829 + 0.0071 13.04
PSPNet [38] Pyramid-based CNN  0.7797 + 0.0134  0.8716 + 0.0096 11.32
DeepLabV3 [39] Atrous CNN 0.8051 + 0.0120  0.8894 + 0.0079 15.89
MobileNet-DeepLab [40]  Lightweight CNN  0.8147 £ 0.0095  0.8954 + 0.0062 4.38
SegFormer [41] Transformer-based 0.8178 + 0.0214  0.8973 + 0.0136 3.71
FPN + DPIC Proposed 0.8347 £ 0.0073  0.9077 + 0.0050 12.24

To further assess statistical significance, paired two-sided ¢-tests were performed on the fold-level
IoU values. Compared with MobileNetV3-DeepLab, FPN + DPIC achieved a statistically significant
improvement (mean difference = 0.0200, 95% CI: 0.0130-0.0270, p = 0.0014). Compared with SegFormer,
FPN + DPIC obtained a higher IoU in all five folds (mean difference = 0.0169), although this difference did
not reach statistical significance (p = 0.0849).

Representative qualitative results are shown in Fig. 3, where the segmentation overlays of FPN + DPIC
and all comparison methods are visualized on the same fold-1 test sample. In the overlay images, red regions
indicate model predictions, green regions indicate reference annotations, and yellow/orange regions indicate
the overlap between prediction and ground truth. Compared with conventional segmentation methods and
deep learning baselines, the proposed FPN + DPIC model shows a larger overlap with the reference mask
and produces more continuous molecular contours, while reducing isolated background responses. These
qualitative observations are consistent with the quantitative evaluation in Table I and further support the
effectiveness of DPIC in improving molecular contour reconstruction under low-contrast STM imaging
conditions. Because molecular boundaries in STM images can be visually ambiguous, the overlay comparison
is interpreted as qualitative evidence of improved segmentation consistency and background suppression,
rather than as proof that the model corrects annotation errors.
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Figure 3: Qualitative overlay comparison of segmentation results on a representative fold-1 test STM image. The
displayed methods are arranged from left to right as follows: first row, input STM image, ground-truth mask, Otsu,
K-means, Watershed, Chan-Vese, Mask-R-CNN-STM (M-R-C-STM), and SegFormer; second row, U-Net, U-Net++,
Attention U-Net, FPN, PSPNet, DeepLabV3, MobileNet-DeepLab (DeepLab-m), and the proposed FPN + DPIC
model. In the overlay images, red regions indicate the predicted foreground mask, green regions indicate the reference
annotation, and yellow/orange regions indicate the overlap between prediction and ground truth. Compared with the
baseline methods, the proposed FPN + DPIC model shows a larger overlap with the reference mask, more continuous
molecular contours, and fewer isolated background responses, indicating improved molecular contour reconstruction
under low-contrast STM imaging conditions.

3.1.2 Ablation Analysis of DPIC

To further clarify the contribution of each component in DPIC, we conducted component-level
and insertion-position ablation experiments. The component ablation results are summarized in Table 2.
Compared with the FPN baseline, adding only the intensity path increased the IoU from 0.7948 + 0.0101 to
0.8294 + 0.0162, suggesting that local high-response features are useful for preserving molecular contours.
Adding only the stability path resulted in a smaller improvement, reaching an IoU of 0.8085 + 0.0172. The
dual-path design without NPM achieved an IoU of 0.8255 + 0.0144, indicating that the combination of local
peak responses and averaged contextual information is beneficial for STM feature calibration. However,
the full DPIC module achieved the highest performance, with an IoU of 0.8347 + 0.0073 and a Dice
score of 0.9077 + 0.0050. These results show that the intensity path, stability path, and NPM contribute
complementary effects, and that their combination provides the most effective noise-aware calibration.

Table 2: Component ablation of DPIC.

Ablation IoU (Mean =+ std) Dice (Mean =+ std)
FPN baseline 0.7948 £+ 0.0101 0.8829 + 0.0071
FPN + intensity path only 0.8294 + 0.0162 0.9043 + 0.0094
FPN + stability path only 0.8085 + 0.0172 0.8916 + 0.0101
FPN + dual path without NPM 0.8255 + 0.0144 0.9021 + 0.0090
FPN + NPM only 0.7972 £ 0.0068 0.8847 + 0.0048
FPN + full DPIC 0.8347 + 0.0073 0.9077 £ 0.0050

We also evaluated the effect of the DPIC insertion position within the FPN decoding pathway. As shown
in Table 3, inserting DPIC at a single level, such as P4 or P3, improved performance only moderately.
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Table 3: Insertion-position ablation of DPIC.

1

Ablation IoU (Mean = std) Dice (Mean = std)
FPN baseline 0.7948 + 0.0101 0.8829 + 0.0071
DPIC at P4 only 0.8035 + 0.0070 0.8885 + 0.0045
DPIC at P3 only 0.8056 + 0.0189 0.8899 + 0.0123

DPIC at P3-P2
DPIC at P4-P3-P2
DPIC at P4-P3 (now)

0.8147 + 0.0164
0.8260 + 0.0167
0.8347 + 0.0073

0.8953 + 0.0108
0.9022 + 0.0105
0.9077 + 0.0050

3.1.3 External Validation on a WSe, STM Defect Dataset

Applying DPIC across multiple fusion stages further improved the results. The best performance was
obtained when DPIC was inserted at the P4-P3 fusion stages, achieving an IoU of 0.8347 + 0.0073 and a
Dice score of 0.9077 + 0.0050. This suggests that calibrating features during the intermediate decoding and
feature-fusion stages is more effective than applying DPIC only at a single resolution level. The result also
supports our STM-specific design choice, where background-induced feature ambiguity is reduced before
high-resolution molecular masks are reconstructed.

Feature-response visualization further supports this interpretation. As shown in Fig. 4, the FPN baseline
exhibits stronger activations in background regions, especially in areas affected by substrate undulations
and weak contrast. After introducing DPIC, the feature responses become more concentrated around
molecular structures, while diffuse background activations are reduced. This indicates that DPIC improves
the discriminability of molecular foreground features by suppressing unreliable low-response background
interference during decoding.

F

Input DPIC-FPN FPN

Figure 4: This figure presents the visualization of average responses from the P2-level decoder layer of the FPN
architecture in the ablation study. As shown, the response map with the integrated DPIC module is notably cleaner,
exhibiting stronger activation and less noise. This demonstrates that the DPIC module effectively enhances the clarity
of feature responses and suppresses noise.

To further examine whether the proposed DPIC module provides benefits beyond the in-house m-
MTDATA dataset, we performed an auxiliary external validation experiment on a public WSe, STM defect
dataset [42]. This dataset differs from our m-MTDATA molecular dataset in material system and target
morphology, and therefore it was not used as a direct replacement for the main benchmark. Instead, it served
as an independent STM imaging scenario to test whether DPIC can still improve the FPN baseline under
different STM contrast and defect morphology conditions.

As shown in Table 4, FPN + DPIC achieved an IoU of 0.6708 + 0.0050 and a Dice score of
0.8007 + 0.0038 on the external WSe, dataset, while the FPN baseline achieved an IoU of 0.6505 + 0.0074 and
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a Dice score 0f 0.7854 + 0.0057. These results suggest that the adapted DPIC module may provide useful noise-
aware feature calibration in this auxiliary WSe, STM defect-segmentation setting. However, because the
WSe, dataset differs from the m-MTDATA molecular dataset in both material system and target morphology,
this experiment should be regarded as an auxiliary validation under another STM imaging condition rather
than as full evidence of general single-molecule morphology extraction.

Table 4: External validation on the WSe, STM defect dataset.

Ablation IoU (Mean =+ std) Dice (Mean = std)
FPN baseline 0.6505 + 0.0074 0.7854 + 0.0057
FPN + DPIC 0.6708 + 0.0050 0.8007 + 0.0038

Opverall, the expanded five-fold comparison, component-level ablation, insertion-position analysis, and
external validation collectively demonstrate that the performance gain of FPN + DPIC is not solely due to a
specific data split or a single baseline selection. Instead, the results support the effectiveness of STM-oriented
noise-aware feature calibration for improving molecular or defect segmentation under low-contrast STM
imaging conditions.

3.2 Voltage-Modulated Evolution of m-MTDATA Electronic Morphology

Based on the validated segmentation performance of FPN + DPIC, we further explore its practical appli-
cation in STM data analysis. A major challenge in STM image processing is the spatially varying background
induced by substrate undulations, which manifests as low-response regions that are difficult to distinguish
from true molecular boundaries using conventional threshold-based methods. The Noise Perception Module
(NPM) of the DPIC module directly addresses this challenge by identifying minimum-response priors,
enabling the adaptive separation of the substrate background from molecular electronic states. Specifically,
the minimum-response prior exploits the fact that substrate undulation regions typically exhibit weaker
signal responses compared to molecular electronic state regions, thereby suppressing substrate interference
while preserving the complete molecular contour. Thanks to this high-fidelity contour extraction, we can
translate the segmented binary mask into a quantifiable geometric descriptor—In this study, we use Radial
Skewness because the purpose of the following analysis is not only to measure the total size or regularity of the
segmented molecule, but also to evaluate whether the apparent STM morphology shows a bias-dependent
redistribution between the molecular center and the peripheral branches. For the star-shaped m-MTDATA
molecule, bias-dependent STM contrast may appear as a relative enhancement or suppression of the central
region and the outer branches, while the overall area or elongation may change only weakly. Therefore, a
descriptor sensitive to the radial distribution of the segmented morphology is needed.

T3, S (6 y) - (ray —tir)
(25,869 (rey =)D

here, S (x, y) denotes the coordinates of a point within the segmented molecular shape, and ., represents
the radial distance from the point (x, y) to the centroid of the shape. y, is the weighted mean radius (i.e.,
the first-order moment), weighted by the pixel intensity I:

ZIX Ty
py = 2 T
ley

(5)

Radial Skewness =

(6)
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This weighting scheme ensures that the mean radius is biased toward regions of higher spectral intensity,
effectively tracing the ‘center of mass’ of the electronic state.

Radial Skewness is defined as the third standardized moment (skewness) of the one-dimensional radial
intensity distribution, quantifying the asymmetry of this distribution relative to its mean. Geometrically,
it indicates whether the “mass” of the distribution is concentrated closer to the center or skewed toward
the periphery. In the context of STM single-molecule images, Radial Skewness effectively characterizes the
geometric tendency of the electronic state distribution.

Fig. 5 presents the bias-dependent Radial Skewness analysis and representative segmented molecular
morphologies of the same m-MTDATA molecule. Fig. 5a shows the Radial Skewness curve and the corre-
sponding scanning tunneling spectroscopy (STS) spectrum as a function of bias voltage. Radial Skewness was
used as a contour-derived geometric descriptor calculated from the segmented molecular masks. Specifically,
the descriptor characterizes the skewness of the radial-distance distribution of foreground pixels relative to
the molecular centroid, thereby providing a quantitative description of whether the segmented molecular
contour is relatively more extended toward the periphery or more concentrated near the center. The shaded
band around the Radial Skewness curve represents the 95% within-mask bootstrap confidence interval.
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Figure 5: Bias-dependent Radial Skewness analysis of a single m-MTDATA molecule. (a) Normalized dI/dV spectrum
and Radial Skewness curve as a function of bias voltage. The shaded region indicates the 95% confidence interval of
Radial Skewness, and the dashed line marks the HOMO peak. (b) Representative STM images with segmentation-
mask overlays at selected bias voltages, showing the bias-dependent evolution of the molecular contour used for Radial
Skewness calculation.

The dashed segment of the Radial Skewness curve corresponds to the molecular bandgap region, where
the apparent STM contrast is not dominated by a specific resonant molecular orbital state. Therefore, this
region was not included in the subsequent HOMO-related correlation analysis. The quantitative analysis was
restricted to the predefined HOMO-related bias window from —-2.00 to —1.40 V.
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Within this HOMO-related bias window, Radial Skewness exhibits a clear decreasing trend as the
HOMO-related STS response increases. The minimum Radial Skewness occurs at approximately —1.70 V,
while the HOMO resonance peak identified from the STS spectrum is located at approximately —1.75 V,
corresponding to a voltage difference of 0.05 V. This proximity suggests that the extracted contour-derived
descriptor is sensitive to the HOMO-related change in the apparent molecular electronic-state morphology
within the measured bias series.

To further quantify this relationship, we performed correlation analysis between Radial Skewness and
the corresponding STS intensity within the predefined HOMO-related bias window from —2.00 to —1.40 V.
The full bias-dependent STM image series contained 22 STM images, and the STS spectrum was sampled
at 61 bias points. For the correlation analysis, we used only the STM images within the HOMO-related
window, with a bias interval of 0.1 V, resulting in 7 paired data points between Radial Skewness and the
corresponding STS response. Because this analysis was based on a limited bias range and a single measured
m-MTDATA molecule, the resulting correlation should be interpreted as a morphology-based indication
within this specific STM/STS series, rather than direct evidence for a universal electronic-state localization
mechanism. Fig. 5b further provides representative segmentation overlays at selected bias voltages of —1.70,
-1.50, -1.40, —0.70, 0.60, and 1.00 V. These overlay images visually illustrate the bias-dependent evolution of
the segmented molecular contours used for Radial Skewness calculation. Near the HOMO-related negative-
bias region, the segmented morphology appears relatively more center-concentrated, whereas at other bias
voltages the apparent contour is comparatively more extended or less centrally concentrated. This visual
trend is consistent with the quantitative Radial Skewness curve in Fig. 5a. The confidence intervals shown
in Fig. 5a represent within-mask bootstrap uncertainty of the Radial Skewness descriptor at each bias
voltage, estimated by resampling the foreground-pixel radial-distance distribution within the corresponding
segmented mask. Therefore, these intervals reflect the uncertainty of the Radial Skewness descriptor arising
from the finite foreground-pixel distribution within each segmented mask, rather than variability across
independent molecules or repeated STM measurements.

4 Conclusion

In this study, we developed an STM-oriented FPN + DPIC framework for noise-aware segmentation
of molecular STM images. By reformulating a dual-path feature calibration mechanism for STM imaging
characteristics and integrating it into the FPN architecture, the proposed model improves molecular contour
reconstruction under substrate-induced background variations and low-SNR imaging conditions. Expanded
baseline comparisons and image-level five-fold cross-validation show that FPN + DPIC achieves improved
IoU and Dice performance compared with representative conventional segmentation methods, deep learning
baselines, and an STM-related molecular recognition framework.

Beyond segmentation performance, we applied the trained model to bias-dependent STM images of
single m-MTDATA molecules and introduced Radial Skewness as a contour-derived geometric descriptor.
The extracted Radial Skewness showed a statistically supported negative association with the HOMO-related
STS response within the measured bias-dependent STM/STS series. This result suggests that segmentation-
assisted geometric analysis can provide quantitative support for connecting apparent STM molecular
morphology with spectroscopic features.

Several limitations remain. First, although image-level five-fold cross-validation was conducted, the
main dataset is still limited to 369 STM images from a specific m-MTDATA molecular system. Therefore,
the conclusions of this study should be interpreted mainly within the tested molecular system and the
corresponding STM imaging conditions. Second, although the auxiliary WSe, defect dataset provides an
additional STM imaging scenario, it differs from the m-MTDATA dataset in both material system and
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target morphology, and therefore does not fully validate general single-molecule morphology extraction.
Third, although a random annotation quality audit indicated that major annotation errors were rare, weak
molecular boundaries in low-SNR STM images may still involve boundary-level uncertainty. Fourth, the
relationship between Radial Skewness and the HOMO-related STS response should be interpreted as a
statistically supported association within the measured STM/STS series, rather than definitive proof of
a universal electronic-state localization mechanism. Future work will extend this framework to larger
STM datasets, additional molecular systems, broader imaging conditions, multi-expert annotations, and
uncertainty-aware molecular contour analysis.
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