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Abstract

Dynamic atomic force microscopy (AFM) is a key technique for nanoscale characteriza-
tion and mechanical property measurement, where the geometric shape of the probe tip
critically determines imaging quality and measurement accuracy. This study proposes a
tip shape classification framework based on the dynamic response of the AFM microcan-
tilever. First, a dimensionless dynamic model of the microcantilever is established, and
its vibrational response is solved using a finite-difference scheme. For conical, spherical,
and flat tip geometries, interaction force models are provided under both non-contact
and tapping-mode AFM. Based on these formulations, multidimensional dynamic feature
parameters, including amplitude, phase, virial, and root-mean-square force, are extracted.
On this basis, an XGBoost-based classifier is constructed for tip shape identification, and
the model’s decision-making mechanism is further interpreted through a SHAP-based
explainability framework combined with dimensionality reduction and visualization tech-
niques. Results show that, under non-contact conditions, the overall classification accuracy
on the test set reaches 96.7%, with a 100% recognition rate for conical tips. Under tapping-
mode conditions, the classification accuracies for conical, spherical, and flat tips are 100%,
85.5%, and 98.3%, respectively. The results demonstrate the feasibility of identifying tip
shapes from dynamic responses using simulated data, thereby establishing a theoretical
and methodological basis for future experimental validation and the development of tip
diagnostic techniques.

Keywords: atomic force microscopy; tip shape; dimensional analysis; XGBoost
classification model; SHAP model explanation

1. Introduction

Atomic force microscopy (AFM) is a core tool for nanoscale mechanical measurement
and surface morphology characterization. The probe, as a key component of AFM imaging,
consists of a microcantilever and a tip located at its free end. During imaging, interaction
forces between the tip and the sample induce deformation of the microcantilever or changes
in its dynamic state. The feedback system reconstructs the three-dimensional surface
morphology by maintaining a constant tip—sample interaction force [1]. Dynamic AFM is
widely used due to its minimal sample damage and broad applicability across different
materials. The geometric shape of the probe tip directly determines imaging resolution
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and measurement accuracy. However, during dynamic AFM operation, including non-
contact and tapping modes, the tip inevitably undergoes wear, blunting, or fracture. These
effects lead to tip—sample convolution, which consequently introduces imaging artifacts,
significantly affecting the accuracy and reproducibility of quantitative measurements.
Therefore, the development of tip shape identification methods is crucial for enhancing
AFM imaging fidelity.

Substantial research has been devoted to monitoring tip wear and characteriz-
ing tip morphology. Kopycinska et al. [2,3] investigated the contact mechanics of the
tip-sample interaction, finding that the actual contact behavior cannot be accurately de-
scribed by simple idealized geometries. Killgore et al. [4] proposed an indirect approach
for evaluating probe tip wear by monitoring shifts in the contact resonance frequency
of the microcantilever. Liu et al. [5] combined adhesion force measurements with inter-
mittent transmission electron microscopy (TEM) characterization to assess tip properties
during contact-mode scanning. Li et al. [6] identified two distinct tip wear stages: an
initial rapid wear stage followed by a gradual steady-state wear stage. Huang et al. [7]
investigated the wear behavior of single-crystal silicon probes during nanofabrication
processes, enabling rapid detection of tip wear and classification of wear stages. For tip
shape reconstruction, VanLandingham et al. [8] employed mathematical morphology algo-
rithms to perform three-dimensional analysis of different tip geometries from AFM images.
Nguyen and Chung [9] demonstrated that tip shape significantly influences the tip-sample
interactions through indentation data obtained with different tip geometries. However,
most of these approaches rely on specialized imaging equipment or involve complex
mechanical inverse analyses. Moreover, limited attention has been paid to the direct rela-
tionship between tip geometry and the dynamic response of the probe, which constitutes
the fundamental physical basis for online identification.

Based on wear progression, the probe tip can be simplified into three representa-
tive geometries, namely conical, spherical, and flat configurations [10,11]. Tip—sample
interaction forces differ fundamentally for each geometry, directly modulating dynamic
response characteristics of the cantilever, including oscillation amplitude, phase, virial,
and root-mean-square force (Frys). Accordingly, the problem of tip shape classification
can be essentially reformulated as a pattern recognition problem based on dynamic re-
sponses. Machine learning methods have recently been introduced to address the identifi-
cation of tip-sample interaction forces. Yu et al. [12] proposed a cross-scale ML-PSP-AM
framework, summarized machine learning applications in laser metal additive manu-
facturing and analyzed corresponding research bottlenecks, alongside four future devel-
opment paths. Elsherbiny et al. [13] employed various machine learning algorithms to
predict interaction forces of different power-law forms based on dynamic response signals.
Matsunaga et al. [14] proposed an end-to-end deep learning approach for tip reconstruction,
which exhibits strong robustness against noise in AFM images. However, most existing
studies have primarily focused on the inverse identification of tip—sample interaction force
model parameters or post-processing of imaging data. A systematic framework for tip
shape classification based on probe dynamic responses has not yet been established, and
limited attention has been paid to the interpretability of the classification models.

The eXtreme Gradient Boosting (XGBoost) is an efficient gradient-boosted decision
tree algorithm that has been widely adopted owing to its superior predictive performance,
robustness, and strong capability in handling high-dimensional features and complex
nonlinear relationships [15,16]. Recent studies have demonstrated the effectiveness of
XGBoost in engineering applications, particularly when combined with SHapley Additive
exPlanations (SHAP) analysis for model interpretability [12,17,18]. These developments
provide a solid methodological foundation for integrating tree-based ensemble learning
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with physical interpretability in complex engineering classification tasks. In this study, a
framework for tip shape classification based on the dynamic response of an AFM probe
is proposed. First, a dimensionless dynamic model of the microcantilever is established,
and its vibrational response is solved using a finite-difference method, thereby decoupling
physical parameters and enhancing both computational efficiency and general applicability.
Interaction force models are then developed for three representative tip geometries, conical,
spherical, and flat, under both non-contact and tapping-mode conditions. Based on these
models, multidimensional dynamic features, including oscillation amplitude, phase, virial,
and FRrys, are systematically extracted. Furthermore, an XGBoost-based classifier is con-
structed for tip shape identification, and the decision-making process is interpreted using
SHAP analysis combined with dimensionality reduction and visualization techniques,
thereby revealing the key physical features that dominate classification performance [17,18].
It should be noted that the present study is based on idealized models and simulated
data. The three representative geometries can be regarded as simplified representations of
realistic tip wear processes: the conical shape approximates a sharp tip, the spherical shape
corresponds to a nanoscale blunted apex, and the flat shape represents a severely worn or
fractured tip end. Such simplification facilitates the clarification of the constitutive mapping
relationship between probe dynamic responses and tip geometry. Unlike previous machine-
learning-assisted AFM studies that mainly focus on image-based analysis or mechanical
property prediction, the proposed framework establishes a physics-guided workflow for
tip shape identification based on dynamic response signals. Rather than relying on raw
measurement data, four physically meaningful features (amplitude, phase, virial, and Frus)
are extracted from the AFM dynamic model and integrated with an interpretable machine
learning framework consisting of XGBoost and SHAP analysis.

2. AFM Microcantilever Dynamic Model and Numerical Solution
2.1. Governing Equation and Boundary Conditions
The dynamic mechanical behavior of the AFM microcantilever is described by the

Euler-Bernoulli beam model, as illustrated in Figure 1. The governing differential equation
of its vibration is given as follows:

4 2
Pylot) |l o (1)

El x4 ot ot?

where y(x,t) denotes the deflection of the microcantilever at time f and position x measured
from the fixed end; E is the Young’s modulus of the microcantilever; I is the area moment
of inertia of the cross-section; p is the density of the microcantilever; A is the cross-sectional
area; and x represents the air damping coefficient.

y(x, 1)

Figure 1. Schematic diagram of the microcantilever model in dynamic AFM.
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At the fixed end (x = 0), a sinusoidal displacement excitation is applied, while the
free end is subjected to the tip—sample interaction force Fis. The corresponding boundary
conditions are given as follows:

y(0,1) = ugsin(wexct) y'(0,£) =0
2
EI2ULl _ o el g (a)

where 1 is the amplitude of the excitation displacement, wexc is the angular excitation
frequency, and d denotes the instantaneous tip—sample separation distance.

2.2. Non-Dimensionalization

To mitigate parameter coupling, improve numerical stability, and enhance the general-
ity of the dimensional governing equations, characteristic length and characteristic time
scales are introduced for non-dimensionalization. The following dimensionless variables

are defined:
=x/L T=t wy

2
la=Kkwol*/EI A= w(’%’?ﬁ 3)

Y(& 1) =y(x,t)/ug

where L is the length of the microcantilever and wy is the fundamental natural frequency

of the first vibration mode. Substituting Equation (3) into Equation (1), the governing
equation can be reformulated in a dimensionless form as follows:
oty Y  ,9%Y
il - — = 4
8§4+€a87+)\ T2 0 @)
It can be observed that the five physical parameters in the original governing equation
(E, L p, A, x) are condensed into two dimensionless parameters ({a, A), thereby significantly
reducing the dimensionality of the parameter space. The corresponding dimensionless
boundary conditions are given as follows:

Y(0,7) =sin(Btr) Y'(0,7)=0

PYis) _ PY(17) ®)
I o3 -

In the above expression, the frequency ratio f and the dimensionless tip-sample
interaction force are defined as follows:
_wq  FL3

p= p= (6)

wy uoEI

2.3. Finite Difference Numerical Solution

The dimensionless governing equation is discretized using the finite difference method.
The spatial domain [0, 1] is divided into n equal intervals with a nodal spacing of
A¢ =1/n, and the time step is At. The fourth-order spatial derivative is approximated
using a five-point central difference scheme, while the second-order time derivative uses
a central difference scheme, and the first-order time derivative uses a forward difference
scheme. The initial conditions are assumed to be a quiescent state. The displacements of the
boundary nodes are determined using boundary conditions via the virtual node method.
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By arranging the nodal displacements in spatial order into a vector form, the following
explicit iterative scheme can be obtained:

1

Yin = 1ic

2y, - (1-C)Y,_, - DMY; - DG]| 7)
where Y is the displacement vector at the j-th time step, M is an n X n coefficient matrix,
and G is the source vector incorporating both the excitation and the tip-sample interaction
force. Their expressions are given as follows:

] Yy
-4 1 0 o) —45in(Q1)
-4 1 0 Y sin(Q)1)
-4 6 -4 1 0 y].<3) 0
_ . G— 0 (8)
1 —4 6 -4 1 - : -
1 4 6 -4 1 YN
0 1 -4 5 -2 yj(N‘l) 0 ,
2 -4 2| Y —2u(Ag)

C and D are dimensionless constants, whose expressions are given as follows:

(A7)

LT
- 22(ag)!

C= 2)2

3. Tip Shape Classification in Non-Contact Mode
3.1. Dynamic Model and Response Analysis in Non-Contact Mode

Three representative tip geometries, i.e., spherical, conical, and flat, are considered
as illustrated in Figure 2. The interaction forces between the tip and the sample differ
fundamentally for each geometry, directly modulating the dynamic response of the micro-
cantilever. Therefore, the tip geometry can be inferred by analyzing the dynamic response
of the microcantilever.

Y

Figure 2. Schematic diagrams of three tip shapes in non-contact mode.

2R

C

Sample

In non-contact mode, the tip—sample interaction force is governed by van der Waals
attractive forces [19,20]. The dimensional van der Waals force is defined and subse-
quently non-dimensionalized by substituting into Equation (6). For a spherical tip, this

HR
Fsphere _ {_@,12 (d > 1)

6a% ( 0)

interaction is:

(10)

where H is the Hamaker constant, R is the tip radius, d is the instantaneous tip—sample
distance, and gy is the intermolecular distance. For a conical tip, the van der Waals force is:

H tan® 6
cone __ ) T 6d (d > ao)
vdW — Y _ H tan? 0 (d <

6{10 ﬂO

(11)
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where 0 is the half-opening angle of the conical tip. For a flat tip, the van der Waals
interaction force is expressed as follows:

HR2

flat " 6ndd <d > aO)
Fdqw = _ HR? (d < ap) (12)
67m8 -

In addition to the dimensionless amplitude and phase of the microcantilever, dimen-
sionless virial and Frys are also introduced as dynamic response features [1,21,22]:

. 1 27

V= 5 [ W¥ipdr (13)

F L 7 ad 4
- 1

ws = 5| [ wde (14

where Y, denotes the dimensionless displacement at the free end of the microcantilever.
A sinusoidal displacement excitation is applied at the fixed end of the microcantilever,
and the dynamic response in the non-contact mode is solved. The geometric and mechanical
parameters of the probe are listed in Table 1, yielding dimensionless parameters {, = 0.455,
A =3.519. At excitation frequency ratio 8 = 1, the dimensionless free amplitude is 42.38. To
maintain purely attractive interaction, the dimensionless microcantilever-sample separation
is set to 44. A reference van der Waals interaction energy scale Hy = 10~ J is introduced,
with a dimensionless Hamaker constant defined as H = H/Hy. To simulate different
surface material properties, the Hamaker constant is treated as a variable, and 200 values
are selected within the range of 1~30 x 10~ J following a logarithmic distribution. The
in-phase and quadrature method is employed to compute the dimensionless amplitude,
phase, virial, and Frys for the three tip geometries. The results are shown in Figure 3.

Table 1. Dimensions and mechanical parameters of the microcantilever.

Parameters Values Parameters Values
Elastic modulus E;/GPa 160 Half-opening angle 6/° 60
Air damping
Length L/um 120 coefficient x/N-s/m 0.005
Width b/pum 20 Molecular spacing ap/nm 0.165
Thickness i/ pum 2 Tip radius R/nm 20
Density p/kg/ m3 2330 Excitation amplitude up/nm 0.2

As shown in Figure 3a, with increasing Hamaker constant, the spherical and flat
tips, owing to their relatively larger effective interaction areas, exhibit greater suppression
of vibration, leading to more rapid amplitude attenuation. In contrast, the conical tip’s
strong spatial localization at its apex limits the effective interaction area, resulting in
weak attractive force modulation and nearly constant amplitude. In Figure 3b, the flat
tip experiences the steepest force-field gradient, producing the most rapid phase increase
with Hamaker constant; the spherical tip follows, while the conical tip exhibits the most
gradual phase variation. The virial, reflecting the integrated interaction force over one
oscillation cycle, increases sharply for the flat tip with dimensionless Hamaker constant
(Figure 3c), followed by the spherical tip, while the conical tip remains almost unchanged.
The evolution of the dimensionless Frys (Figure 3d) is consistent with that of the virial.
Overall, the dynamic responses of the conical tip are least sensitive to variations in the
dimensionless Hamaker constant, whereas the flat and spherical tips exhibit pronounced
dependencies, providing a clear physical basis for tip shape classification.
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Figure 3. Dynamic response of the microcantilever as a function of Hamaker constant for three
tip shapes in non-contact mode: (a) dimensionless amplitude, (b) phase, (¢) dimensionless virial,
(d) dimensionless Frps.

3.2. XGBoost-Based Classification Model and Interpretability Analysis in Non-Contact Mode

The dynamic response data for the three tip geometries are integrated, with conical,
spherical, and flat tips labeled as 0, 1, and 2, respectively. After mixing, the samples are
randomly shuffled and divided into training and test sets with a ratio of 7:3. An XGBoost
classifier is constructed with four dynamic features as input and tip category as output.
The model uses 300 decision trees with constrained maximum depth and random sub-
sampling to mitigate overfitting and enhance generalization. The results show that the
overall accuracy on the training set reaches 100%. On the test set, the overall accuracy
is 96.7%, with classification accuracies of 100% for conical tips, 93.6% for spherical tips,
and 96.6% for flat tips. As shown in the confusion matrix in Figure 4a, the numbers of
test samples for conical, spherical, and flat tips are 60, 62, and 58, respectively. Among
them, four spherical samples are misclassified as conical, and two flat samples are misclas-
sified as spherical. The ROC curves in Figure 4b yield AUC values of 0.997 (spherical),
0.992 (conical), and 1.000 (flat), all near unity, indicating strong class separability capability
of the model. Misclassifications primarily occur between spherical and conical tips, and
between flat and spherical tips, suggesting that the feature space of spherical tip partially
overlaps with both extremes, while no direct misclassification occurs between conical and
flat tips.
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Figure 4. (a) Confusion matrix and (b) ROC curves for tip shape classification in non-contact mode.

Precision, recall, and F1-score are further evaluated in Figure 5. For conical and flat
tips, all three metrics are close to 1.0. For the spherical tip, the recall (0.936) is slightly lower
than precision (0.967), yielding an F1-score of 0.951, indicating limited misclassifications
primarily assigned to the conical category. This suggests partial dynamic feature similarity
between spherical and conical tips, causing locally blurred decision boundaries in the fea-
ture space. Nevertheless, precision for all three tip geometries exceeds 0.96, demonstrating
high prediction reliability.

1.0
0.8
o 0.6
=
]
%
0.4
B precision
02 B recall
I fl-score
0.0 0 )

1
Class

Figure 5. Bar chart of classification performance metrics in non-contact mode.

To investigate the origin of classification boundary ambiguity, Principal Component
Analysis (PCA) [23,24] is employed for linear visualization of class separability, as shown in
Figure 6a. The two-dimensional PCA projection indicates that the spherical tip samples are
distributed between conical and flat classes, with partial overlap with both. Subsequently, a
nonlinear dimensionality reduction technique, t-distributed stochastic neighbor embedding
(t-SNE) [25,26], is employed to confirm boundary ambiguity between spherical tips and
both conical and flat tips, as shown in Figure 6b. From combined PCA and t-SNE analyses,
the spherical tip exhibits intermediate dynamic response characteristics between conical
and flat geometries. This leads to its tendency to be misclassified into adjacent categories.
In contrast, the conical and flat tips show a clear separation in the feature space, with no
mutual misclassification.
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Figure 6. (a) 2D projection by PCA and (b) 2D projection by t-SNE in non-contact mode.

To gain deeper insight into the XGBoost decision-making mechanism and enhance
interpretability, the SHAP method [27] is employed to quantify the contribution of each
feature to model predictions, as shown in Figure 7. Based on the mean absolute SHAP value
(Figure 7a), dimensionless Frys exhibits an average contribution of approximately 0.6,
significantly higher than other features, indicating it is the most critical feature reflecting
the integrated strength and asymmetry of the tip-sample interaction. Virial feature ranks
second, while phase shows the lowest global contribution.

(a)

Frus

Virial
Amplitude

Phase

0.‘0 0.‘1 0.‘2 0:3 0:4 0:5 0:6
mean(|SHAP value|) (average impact on model output magnitude)

(b) | High
FRMS ' 0 ® o womes {' @ coes o Qoo ose } .
Virial o+-—-'- o g

Amplitude o oo -'-u*— - o %
Phase wee H.. =

Low

-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75  1.00
SHAP value (impact on model output)

Figure 7. SHAP importance analysis results in non-contact mode: (a) bar plot, (b) bee swarm plot.

The SHAP bee swarm plot (Figure 7b) reveals feature value distribution patterns and
their relative importance. The SHAP values of Frys exhibit a pronounced bipolar distri-
bution. Specifically, low Frys values (blue points) are strongly associated with negative
SHAP values, indicating that lower Frys significantly increases the probability of assigning
samples to a specific tip category. This observation is consistent with the physical behavior
shown in Figure 3d, where the Frys of the conical tip remains consistently the lowest, and
also explains why spherical tips are more likely to be misclassified as conical. Conversely,
high Frms values (red points) correspond to positive SHAP values, indicating a strong
tendency to predict flat tip prediction. This clearly separated bipolar pattern confirms
that Frys is the dominant discriminative feature and indirectly accounts for the unclear
decision boundaries in the dimensionality reduction results. The virial feature shows a rela-
tively concentrated SHAP distribution around zero. Higher virial values tend to produce
positive SHAP contributions, serving as auxiliary discriminative information when Frys
values lie near the decision boundary. The SHAP distributions of amplitude and phase are
more scattered, with weak correlations between feature magnitude and SHAP sign. These
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features therefore act as complementary inputs rather than primary determinants in the
classification process.

To further elucidate the physical significance of the SHAP ranking, the feature impor-
tance is discussed from the perspective of the underlying tip-sample interaction mechanism.
Frvs exhibits the highest contribution because it represents the root-mean-square value
of the tip-sample interaction force over an oscillation cycle, simultaneously capturing
both the magnitude and temporal characteristics of the interaction. Since different tip
geometries produce distinct effective interaction areas and force gradients, they directly
modify the nonlinear tip-sample interaction, making Frys highly sensitive to variations
in probe morphology. The virial ranks second in importance because it characterizes the
conservative component of the tip—sample interaction and reflects the reversible energy
exchange between the cantilever and the sample. Variations in probe geometry alter the
interaction force gradient and conservative force field, resulting in distinguishable virial re-
sponses for different tip shapes. In contrast, the oscillation amplitude primarily reflects the
overall dynamic response of the cantilever and is simultaneously influenced by excitation
conditions, damping, and feedback control, making it less sensitive to differences in probe
geometry. Similarly, the phase shift is a combined effect of tip-sample interaction, experi-
mental parameters, and environmental factors, which reduces its discriminative capability
compared with interaction-related descriptors. Thus, the SHAP importance ranking is
physically consistent with the interaction dynamics of AFM, confirming that descriptors
directly related to tip—sample interactions carry more geometry-specific information than
global cantilever response variables.

To comprehensively evaluate the robustness and generalization of the model under
various perturbation conditions, systematic tests are performed from three aspects: noise
perturbation, feature perturbation, and input distribution shift. For noise robustness analy-
sis, zero-mean Gaussian noise with varying intensities (noise = 0.0~3.0) is directly added to
the extracted feature vectors of the test set. The noise level is defined as the standard devia-
tion of the Gaussian perturbation applied independently to each feature. This simplified
feature-level perturbation assesses classifier robustness against input uncertainty, without
explicitly modeling the propagation of measurement noise in raw AFM vibration signals.
These datasets are then fed into the trained model for prediction to assess its sensitivity to
stochastic measurement errors and the corresponding performance variation, as shown
in Figure 8. When noise = 0, the model achieves an accuracy of 0.97. Under a low noise
level (noise = 0.1), the performance remains relatively high at 0.83. As the noise intensity
increases to 3.0, the accuracy decreases to 0.41. The model performance exhibits a smooth
and monotonic degradation trend with increasing noise, without abrupt fluctuations or
instability, indicating good anti-noise capability and strong robustness.

1.0

S
%
T

Accuracy
e o
= £
. .
/'/.
/

/./

{
|

S
S
T

L L

00 05 1.0 15 20 25 3.0

Noise level

Figure 8. Noise robustness variation trend in non-contact mode.
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In the feature robustness analysis, a feature-wise perturbation strategy is adopted,
where each of the input variables is independently perturbed while keeping the other
features unchanged, evaluating the influence of individual physical descriptors on model
stability. Results show that the model maintains relatively high classification accuracy
under all single-feature perturbation conditions, with values of 0.85 for amplitude, 0.93 for
phase, 0.93 for virial, and 0.92 for Frms. The model is relatively insensitive to perturbations
in any single feature, demonstrating good feature-level robustness. Overall, the model
exhibits stable and gradual performance degradation under both Gaussian noise and feature
perturbations, demonstrating good robustness within the current simulation framework.

4. Tip Shape Classification in Tapping Mode
4.1. Dynamic Model and Response Analysis in Tapping Mode

In tapping mode, the probe tip intermittently interacts with the sample surface during
each oscillation cycle. The tip—sample interaction force consists of van der Waals attractive
forces in the non-contact mode and elastic repulsive forces in the contact regime. The
corresponding contact states for different tip geometries are illustrated in Figure 9, where a
denotes the contact radius between the tip and the sample, and ¢ represents the indentation
depth of the tip, defined as 6 = ag — d. The total tip-sample interaction force is expressed in
a piecewise form:

F, (d) d>ay
Fi(d) = vaw 15
tS( ) {Fcontact(d) + deW(d) d S ap ( )

where Feontact Tepresents the elastic contact force.

e oLV Sample

T

Figure 9. Schematic diagram of tip-sample contact in tapping mode.

Based on the Sneddon model, the contact between an arbitrary axisymmetric tip and
an elastic half-space is described [28]. By considering the tip and the sample as elastic
bodies [29,30], the reduced elastic modulus E* is introduced:

1 1-v 1-92

E* K Es

(16)

where Es, vs, Et, and vy are the elastic moduli and Poisson’s ratios of the sample and the tip,
respectively. The elastic contact force between a conical tip and the sample is:

H tan?0
peone {_H o, A=) (17)
an’
B 64y + 7T tanf (d S HO)

The contact force between a spherical tip and the sample is expressed as:

HR
FsPhere _ T 6d? 3 (d > {10) (18)
h —%’gJr%E*\/E(ao—d)E (d < ag)
The contact force between a flat tip and the sample is:
Fﬂat _ 67'(d23 0 (19)
" — ggg +2E*R(ag —d) (d < ap)
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Substituting the above dimensional interaction forces into the second equation of
Equation (6) yields the dimensionless forms. The dimensionless sample elastic modulus is
defined as Es = Es/ Eyef, with the reference modulus E,o =1 GPa. A sinusoidal displacement
excitation with amplitude 5u is applied at the fixed end of the microcantilever, resulting in
a dimensionless free oscillation amplitude of 212. The amplitude setpoints for the spherical
and conical tips are set to 0.6, with the Hamaker constant set to be 10 x 10~20J. Because the
flat tip has a much larger effective interaction area, it experiences a substantially stronger
attractive force than the conical and spherical tips under identical operating conditions.
To maintain a stable and physically meaningful oscillation regime and to allow a fair
comparison of the dynamic responses across tip geometries, the amplitude setpoint for
the flat tip is increased to 0.8 to reduce the influence of the attractive interaction, while the
Hamaker constant is set to 1 x 10720 J. The sample elastic modulus is within the range of
0.1~100 GPa, with 200 values sampled according to a logarithmic distribution.

As shown in Figure 10, when the sample elastic modulus is relatively low (Es < 10),
the dynamic response of the microcantilever undergoes significant variations. This is
attributed to the soft materials’ proneness to elastic deformation during tip—sample inter-
action, leading to an increase in both the contact area and indentation depth. When the
sample modulus is sufficiently high (Es > 10), the response gradually becomes stable. With
increasing sample elastic modulus, both the amplitude and phase of the conical and spheri-
cal tips decrease, while the Frys gradually increases. The virial initially decreases rapidly,
then slightly increases, and finally converges to a steady value. This can be explained by the
transition of the dominant interaction mechanism. At low sample modulus, the attractive
forces dominate, leading to a rapid decrease in virial. As the sample modulus increases,
the repulsive forces gradually become dominant, resulting in an increase in virial. For the
flat tip, due to its larger contact area and stronger adhesion effect, the amplitude, phase,
virial, and Frys consistently exhibit higher magnitudes. Moreover, even a small change
in the sample modulus can induce pronounced variation in the contact force, resulting in
noticeable fluctuation in the dynamic response.
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Figure 10. Dynamic responses of the microcantilever as a function of sample modulus for three
tip shapes in tapping mode: (a) dimensionless amplitude, (b) phase, (c¢) dimensionless virial,
(d) dimensionless Frms.
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4.2. XGBoost-Based Classification Model and Interpretability Analysis in Tapping Mode

The dataset is combined and randomly shuffled, then divided into a training set and
a test set with a ratio of 7:3. The input features consist of four dimensionless dynamic
response quantities (amplitude, phase, virial, and Fryms), while the output corresponds to
the tip class (conical: 0, spherical: 1, flat: 2). The same XGBoost parameter configuration as
in the non-contact mode is adopted. The confusion matrix and ROC curves are shown in
Figure 11. The conical tip prediction accuracy achieves 100%, consistent with its highest
AUC value. The spherical tip yields an accuracy of 85.5%, while the flat tip reaches 98.3%. A
certain deviation between classification accuracy and ROC-based AUC values is observed,
mainly attributed to the suboptimal classification threshold selection. Nevertheless, the
model still maintains high overall classification performance. The precision, recall, and
F1-score distributions for the three tip geometries are shown in Figure 12. For the conical
tip, all three metrics reach 1.0, indicating the highest feature separability and enabling
perfect classification. For the spherical tip, precision is higher than recall, whereas for
the flat tip, precision is lower than recall. However, all F1-scores exceed 0.9, demonstrat-
ing that the model maintains strong robustness and reliability even under tip—sample
contact conditions.

60
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Figure 11. (a) Confusion matrix and (b) ROC curves for prediction results in tapping mode.
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Figure 12. Bar chart of classification performance metrics in tapping mode.

PCA is employed to visualize the boundaries of the three tip geometries, as shown in
Figure 13a. The results indicate a clear clustering tendency in the two-dimensional feature
space, with the flat tip samples being distinctly separated from the other two categories,
suggesting that their dynamic response characteristics differ most significantly. However,
since PCA only preserves directions of maximum variance, it is limited in capturing
nonlinear structures and therefore has restricted discriminative capability for classes with
high overlap. To address this limitation, t-SNE is further applied to capture nonlinear
relationships, as shown in Figure 13b. It can be observed that t-SNE provides a clearer
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representation of nonlinear class boundaries. Nevertheless, partial overlap still exists
between spherical and flat tip clusters, which explains the mutual misclassification between
these two categories observed in the confusion matrix.
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Figure 13. (a) 2D projection by PCA and (b) 2D projection by t-SNE in tapping mode.

The SHAP method is employed to quantitatively evaluate the contribution of each
feature to model predictions in tapping mode, as shown in Figure 14. The results indicate
that the dimensionless Frys and virial are the most influential features for classification,
with significantly higher importance than amplitude and phase. High values of these
two features tend to drive the model toward predicting a flat tip, whereas low values favor
the conical tip class. This trend is consistent with the observed dynamic response char-
acteristics, thereby providing mutual validation between the data-driven interpretability
analysis and the underlying physical behavior.

(a)
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Figure 14. SHAP importance analysis results in tapping mode: (a) bar plot (b) bee swarm plot.

Compared with the non-contact mode, the amplitude and phase become more infor-
mative in tapping mode because the tip—sample interaction contains both attractive and
repulsive components during each oscillation cycle. Under these conditions, the oscillation
amplitude and phase are more directly influenced by contact-induced changes in energy
exchange. Consequently, both features carry richer information about the interaction dy-
namics than in the non-contact mode, leading to higher contributions in the SHAP analysis.
Nevertheless, their discriminative capability remains lower than that of the interaction-
related descriptors because they are also affected by excitation conditions and feedback
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control. Compared with the non-contact mode, the increased importance of amplitude
and phase further demonstrates that the transition from purely attractive interactions to
combined attractive-repulsive interactions introduces additional dynamic information that
benefits tip shape discrimination.

Based on the SHAP analysis, the Fryis and virial exhibit the highest importance in the
model, dominating the overall classification decision process, while the contributions of
amplitude and phase are relatively limited. To further investigate the role of each feature
and the stability of the model, feature perturbation analysis and noise robustness tests are
conducted. The results show that, in the feature-wise perturbation experiments, phase
perturbation has the most significant impact on model performance, reducing the accuracy
to 0.73. In contrast, perturbations in virial and amplitude lead to smaller performance
degradations (0.92 and 0.90, respectively), while Frys exhibits an intermediate effect (0.83).
This indicates that although the phase has lower global importance in the SHAP ranking,
it is highly sensitive to variations near decision boundaries and plays a critical role in
distinguishing closely related classes. The noise robustness trend under tapping-mode
operation is presented in Figure 15. Similar to the non-contact mode, the classification
accuracy decreases gradually as the Gaussian noise level increases. At low noise levels
(noise < 0.3), the accuracy remains above 0.93, indicating that the model is relatively insen-
sitive to small feature perturbations. As the noise level increases further, the classification
accuracy gradually decreases (approximately 0.87 at noise = 1.0 and 0.71 at noise = 3.0),
while exhibiting a smooth and monotonic degradation without abrupt fluctuations. These
results further demonstrate that the model maintains stable classification performance
under feature perturbations in the tapping mode.
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Figure 15. Noise robustness variation trend in tapping mode.

5. Conclusions

This study focuses on the problem of tip shape recognition in dynamic AFM and
develops a systematic framework that integrates dynamic modeling, numerical simulation,
and data-driven classification. By solving the dimensionless dynamic model using a finite
difference method, the dynamic response characteristics of conical, spherical, and flat tips
are systematically computed under both non-contact and tapping modes. Based on these
results, an XGBoost-based classification model is constructed for tip shape identification.
Furthermore, SHAP-based interpretability analysis and dimensionality reduction visualiza-
tion techniques are employed to investigate the underlying classification mechanisms and
boundary ambiguity. The main conclusions are summarized as follows:

(1) The simulation results demonstrate that the dynamic response features of the micro-
cantilever exhibit strong discriminative capability for the three tip geometries. Due to
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its larger contact area and stronger adhesive effects, the flat tip shows highly distin-
guishable behaviors in amplitude, phase, virial, and Frys across the entire parameter
range. In contrast, the conical tip, owing to its highly localized tip—sample interaction,
is largely insensitive to variations in both the Hamaker constant and the sample elastic
modulus, and thus exhibits higher stability and classification accuracy. These results
indicate that tip shape information can be effectively characterized through dynamic
response features of the microcantilever.

The XGBoost-based classification model achieves high accuracy on the simulated
dataset, validating the feasibility of tip recognition driven by dynamic response
features. In the non-contact mode, the overall test accuracy reaches 96.7%, with a 100%
recognition rate for conical tips. In the tapping mode, the model maintains a high level
of performance, with classification accuracies of 100%, 85.5%, and 98.3% for conical,
spherical, and flat tips, respectively. Moreover, the model exhibits stable and well-
controlled performance degradation under various typical uncertainty conditions,
demonstrating strong robustness.

SHAP analysis identifies Fryjs and virial as the dominant discriminative features in
both operating modes, which is physically consistent with the underlying tip-sample
interaction mechanisms. Compared with amplitude and phase, these interaction-
related descriptors provide more direct information about probe geometry, thereby
contributing more significantly to the classification performance.

The classification ambiguity between spherical and flat tips can be attributed to the
similarity in mechanical responses of the two contact mechanisms within a specific
transition range of sample elastic modulus. This finding provides guidance for fur-
ther optimization of the feature set. Nevertheless, the present study is confined
to an idealized simulation framework. Although the simulated datasets are gener-
ated from a physics-based dynamic AFM model, they do not fully capture practical
factors encountered in real AFM measurements, such as instrumental noise, envi-
ronmental disturbances, tip contamination, calibration errors, and manufacturing
variability. Therefore, the applicability of the framework under experimental con-
ditions requires further validation. Moreover, the training and testing datasets are
randomly partitioned from the same simulation database. While this strategy is
appropriate for evaluating the classification capability within the current parameter
space, it essentially reflects interpolation within a single data distribution and may
yield optimistic performance estimates when applied to different operating condi-
tions. Future work will incorporate experimentally acquired AFM data, explore more
realistic tip morphologies, introduce realistic measurement noise into the simulated
cantilever time-domain signals prior to feature extraction, and systematically evaluate
the framework to further assess its robustness and generalization capability.
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