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ABSTRACT. Background: Nanoscale measurements of critical dimensions in semiconductor
manufacturing rely on scanning electron microscopy (SEM) and SEM image analy-
ses. The acquisition of SEM images requires a low primary electron beam current
and a low dose of the SEM imaging microscope to avoid integrated circuit (IC)
sample charging and inflicted damage to sensitive IC structures. These require-
ments inevitably result in noisy, low-contrast images, which can make traditional
SEM image analyses no longer viable.

Aim: With the advancement in computational hardware and artificial intelligence (AI)
models, IC structure detection via AI-based SEM image segmentation can extend
the viability of these measurements from noisy, low-contrast images. However, the
use of AI models raises questions about the detection limits of extracted measure-
ments and the confidence in such measurements.

Approach: Our approach is to relate SEM image quality characteristics with AI-
based object segmentation accuracy to establish detection limits of AI-based
models and their relationships to human detection limits. Using SEM image simu-
lation software, we create six image sets of quasi-circular objects on a substrate with
varying noise and contrast characteristics. These sets of SEM images are charac-
terized by 25 image quality metrics and then used to train and evaluate three AI
models. The 25 SEM image quality characteristics and three AI model accuracy met-
rics per SEM image define the mapping between the quality of input SEM images
and the performance of the trained AI models.

Results: We used the mapping to establish the detection limits of trained AI models
with respect to a required confidence and then relate the human detection limits to
the trained AI model detection limits. The human detection limit was established by
Rose as the minimal signal-to-noise ratio (SNR ¼ 5) to reliably delineate the shape
and size of objects in an image. We matched the signal-to-noise ratio (SNR) defined
by Rose to image quality characteristics and demonstrated the upper and lower SNR
bounds for three AI models with respect to the human detection limit and for a speci-
fied confidence.

Conclusion: We establish a method to determine the detection limits of AI-based
SEM dimensional metrology. The study is relevant to semiconductor vendors and
consumers of AI models because critical dimension measurements are derived
from noisy and low-contrast SEM images using AI models with varying performance
characteristics. Given a measured SEM image with estimated noise and contrast
characteristics, each AI model will be characterized by unique detection limits that
can be trusted in semiconductor production. Our method enables improving the trust
in critical dimensions while using advanced AI models.

© 2025 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JMM.24.4.044201]

*Address all correspondence to Peter Bajcsy, peter.bajcsy@nist.gov

2708-8340/2025/$28.00 © 2025 SPIE

J. Micro/Nanopattern. Mater. Metrol. 044201-1 Oct–Dec 2025 • Vol. 24(4)

https://orcid.org/0000-0002-6968-2615
https://orcid.org/0000-0002-2591-4939
https://orcid.org/0000-0002-8823-6098
https://doi.org/10.1117/1.JMM.24.4.044201
https://doi.org/10.1117/1.JMM.24.4.044201
https://doi.org/10.1117/1.JMM.24.4.044201
https://doi.org/10.1117/1.JMM.24.4.044201
https://doi.org/10.1117/1.JMM.24.4.044201
https://doi.org/10.1117/1.JMM.24.4.044201
mailto:peter.bajcsy@nist.gov
mailto:peter.bajcsy@nist.gov
mailto:peter.bajcsy@nist.gov


Keywords: scanning electron microscopy; dimensional metrology; detection limits;
artificial intelligence model

Paper 25070G received Jun. 5, 2025; revised Oct. 2, 2025; accepted Oct. 3, 2025; published Oct.
25, 2025.

1 Introduction
Process control in integrated circuit (IC) semiconductor manufacturing is critical for high yield
in a process and for reliable operations of ICs in a plethora of digital devices. With the higher
density of electronic circuits on IC wafers, in-line scanning electron microscope (SEM) mea-
surements of linewidth, contact hole, and overlay are used for identifying the measurement area
and generating indispensable process control information. The acquisition of SEM images for
that application requires a low primary electron beam current and a low dose of the SEM imaging
microscope to avoid IC sample charging and inflicted damage to sensitive IC structures. These
requirements inevitably result in noisy, low-contrast images, which (depending on the noise
and contrast) can make traditional SEM image analyses no longer viable, for tasks such as,
IC structure detection and dimensional measurements.

With the advancement in computational hardware and artificial intelligence (AI) models, IC
structure detection via SEM image segmentation based on AI models can extend the viability
of these measurements from noisy, low-contrast images. However, the use of AI models raises
questions about the detection limits of extracted measurements and the confidence in reported
measurements. The confidence is captured by a confusion matrix, which includes correct and
incorrect detections—true positive (TP) and true negative (TN) versus false positive (FP) and
false negative (FN). A confusion matrix is computed by comparing the AI model’s predicted
labels to the ground truth labels known for the pixel, object class, or both (semantic, instance,
or panoptic segmentation tasks). Given that humans have a limited ability to detect objects (or
discriminate between foreground and background objects), it is hard to verify AI model perfor-
mance visually unless the reported objects by AI models are erroneous (physically impossible or
statistically unlikely).

Our motivation is to establish and demonstrate the methodology for quantifying detection
limits for AI-based measurements from SEM images. The detection limits establish the relation-
ship between the quality of SEM images and human or AI model detection performance. In
addition, our objective is to assist suppliers and system integrators for original equipment
manufacturers (OEMs) to deliver trusted SEM measurements with known limits of AI-enabled
systems. Thus, our objective is to share all code and visualizations for reuse by others.

The technical problem addressed in this paper is relating human observer detection limits to
(a) numerical detection limits (e.g., a trained AI model) and (b) the image quality characteristics.
Human detection limits can be visually verified, whereas numerical observer detection limits are
beyond visual verification and are continuously improving with AI advancements. Both types of
observers associate their confidence with the detection of objects of interest. The confidence is
important in establishing the detection limits from SEM images because it incorporates image
quality (i.e., sample preparation and SEM imaging characteristics) and human eye capabilities
(i.e., image perception) or AI-based image segmentation model performance (i.e., the accuracy of
detecting image pixels belonging to an integrated circuit structure of interest).

The past work on human detection limits dates back to the paper by Rose.1 The Rose cri-
terion is based on a definition of signal-to-noise ratio (SNR) and defines detection limits for
human observers as SNR > 5, which means that to design an equivalent criterion for numerical
observers (AI models executed by computers) to the Rose criterion for human observers, we have
to address the following challenges:

• What digital image quality metrics are equivalent to the human eye-based definition
of SNR?1

• How to simulate digital SEM images with varying image quality, including SNR values
(i.e., noisy, low-contrast)?

• How does the detection limit of a human observer compare with the detection limit of
a specific numerical observer (i.e., an instance of a trained AI model)?
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Our proposed approach is outlined in Fig. 1. We select typical foreground (FRG) and back-
ground (BKG) parameters of SEM images and feed them into a simulator of SEM images.2 The
simulations generate a collection of intensity images with varying sizes and densities of circular
objects, and varying noise and contrast intensity levels. These variables correspond to the var-
iations of exposure time and dot size (area) explored by Rose when deriving the Rose criterion.1

The reference mask images (pixel-level labels of objects) were derived from SEM intensity with-
out noise and with maximum contrast by thresholding. Next, several image quality metrics and
AI-based image segmentation metrics are computed to establish relationships between (a) the
SNR defined by Rose and the digital image quality metrics and (b) the Rose criterion using
an eye model and an AI model.

The novelty of our work lies in relating the AI model accuracy metrics to the image quality
metrics computed over the same set of images and studied in the context of human and numerical
observer detection limits.

2 Related Work
Several past studies were motivated to extend the viability of dimensional measurements from noisy
and low-contrast SEM images using AI models for denoising3–6 and segmentation tasks.7–9 Our
work differs from previous work by designing a methodology for measuring and relating
the detection limits of AI models to the detection limits of human observers to establish boundaries
for trusted measurements (i.e., high-confidence measurements). By contrast, the past work focused
on automating SEM image analysis tasks using AI models and improving AI model accuracy.

Although human detection limits were established by Rose,1 further analyses pointed out
several assumptions of the Rose approach to defining detection limits, for instance, by Burgess10

and Hsieh et al.11 The Rose criterion states that image objects are undetectable by human observ-
ers for SNR < 5. Burgess10 revisited the Rose criterion and pointed out the importance of task
considerations. Rose designed his criterion primarily for appearance optimization tasks in tele-
vision and photography, printing on film. Other optimization tasks to support decision making,
such as detection, discrimination, and identification in medical applications, require different
methods for estimating FRG and BKG parameters. These methods must also consider SEM
detector characteristics and placement as documented by Newbury et al.12 Thus, FRG and
BKG estimation methods from SEM images must be considered in the context of applica-
tion-specific detection tasks.

The estimation methods depend on the application-specific input signals, which may violate
Rose’s assumptions. For instance, Hsieh et al.11 showed that the validity of the Rose criterion is
limited in computer tomography imaging due to the presence of correlated noise. While operat-
ing under similar dose reduction requirements in X-ray medical imaging applications to the
low-dose requirements in in-line SEM IC manufacturing applications, the authors derived differ-
ent tomographic projection SNR values as detection limit criteria for a numerical observer
(e.g., SNR ¼ 1.7 for single object detection tasks).

In the context of SEM applications, Kuisma-Kursula13 analyzed the detection limits in elec-
tron and proton X-ray imaging by characterizing the counting time, the accelerating voltage, the
beam current, the line used to measure the element, and the composition of both the Medieval
Glass sample and the NIST glass standards. The detection limits were defined via concentration

Fig. 1 Outline of the approach to establishing detection limits for numerical observers.
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(parts per million) of material standards (NIST glass standard SRM 611 and 89, and Corning
glass standards C and D). Both medical and SEM applications to glass characterization illustrate
that the detection limits defined via SNR have imaging modality and material dependencies,
as well as numerical observer-specific limits. Currently, there is a gap in establishing the IC
material-specific Rose criterion with human and numerical observers.

One should acknowledge that image quality metrics and AI model accuracy metrics for
segmentation tasks have pitfalls.14 Reinke et al.14 categorized pitfalls into three categories, related
to (1) the inadequate choice of the problem category, (2) poor metric selection, and (3) poor
metric application. In addition, Fiete and Tantalo15 pointed out the confusion in the remote sens-
ing field due to the lack of clarity about how SNR values are computed and how they relate to
image quality (signal versus noise). In our work, although we have a clear problem category, we
selected 10 SNR metrics and 15 other metrics to understand the strengths, weaknesses, and lim-
itations of a variety of relevant image quality metrics. In addition, we mainly focused on noise
and contrast image quality simulation parameters because they directly impact SNR and relate to
human perception abilities according to psychophysics (Weber-Fechner law16).

3 Methods
We structured this section to address the three technical challenges introduced in Sec. 1:
(1) matching SNR derived from a human eye model with digital image quality metrics; (2) sim-
ulation of SEM images with varying SNR values; and (3) comparison of the detection limits for
human and numerical observers.

3.1 Matching SNR Derived from a Human Eye Model with Digital Image Quality
Metrics

Our approach to matching eye model-derived SNR with image metrics is based on correlating
SNR assumptions in an eye model with the numerical values of a multitude of SNR definitions
in imaging. Rose1 assumed that human detection limits are established from a signal (foreground
pixels in images) with known parameters (size, shape, location) in additive, uncorrelated
Gaussian noise of a known background observed by a human observer. A signal is measured
as a photo-electron count by the detector, where an imaging sensor is characterized by its quan-
tum efficiency, and a human eye achieves ∼0.5% to 5% efficiency of detection during 0.5 s of
accumulation time. These assumptions were mapped to a signal-to-noise ratio defined in Eq. (1)

EQ-TARGET;temp:intralink-;e001;114;340ΔN ¼ k ×
ffiffiffiffi
N

p
; (1)

where N is the average absorption of fluctuating light quanta in the primary photo-process,ΔN is
the smallest change in N that may be detected by a human eye, and k is the threshold SNR. SNR
is determined experimentally by considering a characteristic equation relating scene luminance
B, percent contrast C, detector side h, angle subtended at the lens α, quantum yield θ, diameter
of a lens D, and exposure time t in Eq. (2)

EQ-TARGET;temp:intralink-;e002;114;255B ¼ 5 ×
k2

D2 × t × θ

1

α2 × C2
× 10−3 × 3.4262590996

cd

m2
: (2)

To relate the k defined by Rose1 (while considering the pitfalls of image quality metrics),14

we explored 10 definitions of SNR metrics because the definitions depend on the science and
engineering disciplines. All 10 mathematical definitions of SNR metrics in a set S ¼ fSNRig;
i ¼ 1; : : : ; 10 are provided in Appendix A. We optimized the match of SNRRose ¼ k to one of
the 10 SNR definitions by analyzing SNRi statistics computed over an image set with varying
quality. The optimization follows Eq. (3):

EQ-TARGET;temp:intralink-;e003;114;147SNRselected ¼ min
SNRi∈S¼fSNRig

ðμðSNRiÞ − SNRRoseÞ; (3)

where μðSNRiÞ is the average of all SNR values for a defined type of SNRi computed over a set
of images with varying image quality, and the value of SNRRose ¼ k is set to 5.

We also explored an additional 15 image data quality metrics defined in Appendix B as
potential proxies for SNRRose. In practice, all data quality metrics can be classified into categories
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depending on the supplementary information needed to compute them. In our work, we included
metrics that depend on (1) only the intensity image (e.g., Michelson contrast using minimum and
maximum intensity values), (2) the intensity image and the segmented mask (e.g., mutual infor-
mation), and (3) the intensity image and the reference intensity image (e.g., structural similarity
index). The pair-wise numerical correlations of the additional image quality metrics can be found
in Appendix C.

3.2 Simulation of SEM Images with Varying SNR Values

To simulate the variations of exposure time and dot size (area) by Rose,1 we created six
collections of SEM images with the open-source software, artificial SEM image generator
(ARTIMAGEN),2 written by Cizmar and Swedlove.17 The software enables designing image
content to include particles, lines, and contact holes of integrated circuits, suitable for our study.
Varying-size, quasi-circular objects approximate IC contact holes and help assess the directional
fidelity of segmentation. The designed SEM images can be augmented very quickly by simulated
imaging effects, such as noise, contrast, astigmatism, focus, density, drift distortion, vibration,
and edge effect.

Each of the six collections is unique in terms of varying sizes of quasi-round objects (par-
ticles) and their spatial densities, as shown in Fig. 2. Each SEM image collection contains images
augmented with Poisson noise λ that varied between 7 and 915 (27 λ values), and by contrast,
that varied between 0 and 100 (21 intensity multiplier values). Figure 3 displays the collection of
images with varying noise and contrast and one zoomed image.

3.3 Comparison of the Detection Limits for Human and Numerical Observers

A numerical observer can be any of the popular AI models designed for object detection or image
segmentation. A trained AI model is characterized by its accuracy metrics. In our work, we

Fig. 2 (a) Six SEM image configurations of varying size quasi-round objects (particles) and their
spatial densities. (b) The segmentation masks for the six SEM image in panel (a).

Fig. 3 Visualization of images in one SEM image collection.
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considered the U-Net architecture18 as our segmentation task-specific AI model. The AI model
was trained on simulated SEM images. The accuracy of an AI model is typically derived from
confusion matrix entries (TP, TN, FN, and FP defined in Appendix D). In our work, we derived
three single-valued metrics from the confusion matrix with the resulting values within the
range ½0;1�:

• Dice–Sorensen similarity index: D ¼ 2TP
2TPþ FPþ FN

.
• False positive rate: FPR ¼ FP

FPþTN
.

• False negative rate: FNR ¼ FN
FNþTP

.

Our approach to establishing detection limits relates single-valued AI model accuracy met-
rics Dice, false positive rate (FPR), and false negative rate (FNR), with image data quality metrics
SNRi via a common set of images with varying quality. The segmentation masks are inferred
using the AI model with an input image characterized by image quality metrics. The AI model
accuracy is derived by comparing the predicted and ground truth segmentation masks, resulting
in the accuracy metrics. For the human borderline detection case of an image with SNRRose ¼ 5,
we can determine the corresponding single-valued AI model metric to relate the likelihood of
correct detection by the human and by the AI model.

Figure 4 illustrates how the AI model accuracy captured by the Dice index can be related to
SNRRose. In this example, we used Dice ¼ 0.7 because AI model predictions cannot be trusted
for smaller values of Dice.19 Similarly, application-specific requirements can be imposed on FPR
and FNR. Figure 4 includes the values of FPR ¼ 0.294 and FNR ¼ 0.097 that correspond to the
value Dice ¼ 0.7.

To visualize the human detection limits SNRRose ¼ 5 for the application-specific AI model
accuracy, we selected the values of Dthresh ¼ 0.8, FPRthresh ¼ 0.1, and FNRthresh ¼ 0.1 as the
minimum acceptable Dice or maximum acceptable FNR and FPR values. For these threshold
values, we compute the average corresponding SNR value over the images with close values (see
Eq. (4) for SNRDthresh

index, where N is the number of SNRi values that meet the inequality for
ϵ ¼ 0.1). Figure 5 shows the example visualization with two planes referring to the defined
detection limits as SNRRose ¼ 5 (red plane) and Dthresh ¼ 0.8 (blue plane). The mapping of
Dthresh to SNR is shown at the top of the graph for Dthresh and Dmax.
EQ-TARGET;temp:intralink-;e004;114;187

SNRDthresh
¼ 1

N
×
X

i

SNRi; ∀ ijDðSNRiÞ −Dthreshj < ϵ

SNRDmax
¼ 1

N
×
X

i

SNRi; ∀ ijDðSNRiÞ −Dmaxj < ϵ: (4)

4 Experimental Results
We organized the experimental results assuming that training and testing SEM image collections
with varying image quality parameters have already been generated. We describe (1) selection of
matching SNR, (2) AI model training, and (3) establishing detection limits for trained AI models.

Fig. 4 Relating AI model accuracy to image quality via evaluations of the same SEM image
collection with varying noise and contrast parameters.
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4.1 Selection of Matching SNR

We computed statistics for all SNR definitions and their numerical values over a set of images
with varying quality. The statistics are summarized in Table 1. Based on Eq. (3), the SNR equa-

tion is based on the inverse coefficient of variation: SNRparam
invCV ¼ μðFRGÞ

pnoise
where μðFRGÞ is the

average pixel intensity of all foreground pixels, and pnoise is the noise parameter of the back-
ground pixel intensity generator. The definition assumes knowledge of the pnoise from the sim-
ulator of SEM images. However, this parameter pnoise is unknown in the case of measured SEM
images. Therefore, the analysis of SNRest

invCV with estimated pnoise by σðBKGÞ is needed as well.
In practice, we would like to determine detection limits for a measured SEM image and a trained
AI model, and therefore, we need to estimate the inputs needed by a variety of mathematical SNR
definitions.

Fig. 5 Visualization that relates the Dice ¼ 0.8 accuracy of a trained AI model (ID 5) with the
human detection limit of SNRRose ¼ 5 using one of the possible SNRi definitions as a matching
SNR and the simulated SEM image collection.

Table 1 Statistics of 10 SNR definitions used for matching SNRRose.

SNR type Min Max Average
Standard
deviation

SNRest
power 0.59 1.44 1.04 0.10

SNRest
RMSpower 0.09 33.31 2.01 3.36

SNRest
invCV2 1.07 89,348.06 1641.09 6612.09

SNRest
invCV 1.04 298.91 21.46 34.39

SNRparam
invCV 0.11 27.11 3.66 4.86

SNRparam
invCV2 0.01 734.89 37.02 85.25

SNRparam
power 2.60E–06 16.28 0.54 1.56

SNRparam
RMSpower 0.01 1.97 0.33 0.42

Cohendest 0.04 5.55 1.24 1.47

Cohendparam 7.19E–05 17.85 0.89 2.09

Note: The bold average value 3.66 for one of the SNR definitions is the
closest to the human detection limit of SNR = 5.
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4.2 AI Model Training

To run the training, inference, and AI model accuracy computations, we leveraged the open-
source scientific framework called the web image processing pipeline (WIPP).20 The WIPP
framework provides full computational provenance and computational scalability on a GPU clus-
ter and allows the creation of workflows from interoperable software packaged in Docker con-
tainers. In this work, we leveraged the open source implementations of U-Net CNN training
plugin and U-Net CNN inference plugin available as Docker containers.21

We trained three AI models with different hyper-parameter configurations to illustrate the
unique detection limits of each trained AI model. Table 2 summarizes the three sets of training
hyper-parameters. The rest of the hyper-parameters were constant and set to default values (use
of intensity scaling and no image tiling options). When augmentation was enabled, reflection and
rotation-based augmentations were used. Each AI model was trained on five sets of simulated
images described in Sec. 3.2. The sixth set of simulated images was used to evaluate the final
accuracy of trained AI models and to relate the detection limits of human and numerical (AI
model) observers. Figure 6 shows intensity images without and with noise from the sixth set
(a) and the qualitative accuracy of predicted masks with respect to the ground truth mask (b).

4.3 Establishing Detection Limits for AI Models

To explore the space of image data quality metrics and their relationships to AI model accuracy
metrics in the context of detection limits, we generated two-dimensional (2D) scatter plots and
three-dimensional (3D) surface plots of metrics as a function of simulated noise and contrast
variables. In addition, we created pair-wise visualizations of image data quality metrics to explore
correlations. Finally, we created 3D surface plots for all 10 SNR definitions, for which we
included the detection limits as planes corresponding to human and numerical (AI model)
observers. The relationships between the detection limits were established for all three sin-
gle-valued AI accuracy metrics (Dice, FPR, FNR) and 10 SNR definitions according to Sec. 3.3.

Table 2 Three sets of AI model training hyper-parameters.

Model
ID

Train
fraction

Batch
size

Learning
rate

Test every
N steps

Early stopping
epoch count

Use
augmentation

3 0.7 4 3 × 10−4 10 2 No

5 0.8 8 3 × 10−4 5 10 Yes

7 0.75 8 1 × 10−4 5 10 Yes

Fig. 6 Left column: intensity image without noise (a) and the corresponding mask (b). From right
to left, three columns: intensity images with noise (a) and their AI model-predicted masks (b). The
AI model predicted images (from right to left) are characterized by (noise, contrast, SNRparam

invCV ,
SNRest

invCV) values of (23, 16, 5.09, 13.08), (23, 13, 5.0, 15.64), and (23, 11, 4.92, 18.51).
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To explore the characteristics of training images and trained AI models, we generated a total
of 540 graphs: (1) 171 2D scatter plots for 25 image quality metrics × 6 image sets + 7 AI model
accuracy metrics × 3 trained AI models, (2) 171 3D surface plots for the same configurations as
in the case of 2D scatter plots, (3) 99 3D surface plots for 10 SNR image quality metrics × 3 AI
model accuracy metrics × 3 trained AI models, and (4) 99 line graphs for the mappings between 3
AI model accuracy metrics and 10 SNR image quality metrics × 3 trained AI models. Figure 7
shows the relationship for one of the AI models (ID 5 in Table 2) with FNR (a) and FPR (b) as the
selected single-valued AI model accuracy metrics related to SNR

param
invCV (the same model as in

Fig. 5, but Dice is replaced with FNR and FPR). We chose to plot the SNR values on a log-
arithmic scale because the values across the 10 SNR definitions varied a lot (see Table 2).

Due to the volume of visualizations, we designed a website with an interactive online access
to the graphs at Ref. 22. The interactive interface enables subsetting of the visualizations based on
the category (image quality metrics, AI model accuracy, detection limits, AI to SNR mapping),
visualization dimension (2D or 3D), and the ID of a dataset (set 1 to 6) or a trained AI model (ID
3, 5, 7).

Following Eq. (4) for Dice, we created 3D surface visualizations with two planes denoting
human detection limits (red plane) and numerical (AI model) detection limits (blue plane).
Figure 8 shows two such 3D surface plots with numerical values of the Dice threshold value
related to SNR

param
invCV definition (blue text). The maximum Dice value for the particular AI model

is also shown (green text) to illustrate the delta between the application-required Dice threshold
and the maximum value. Similarly, we created 3D surface visualizations with two planes for FPR
and FNR in Fig. 9.

Table 3 lists the minimum and maximum Dice, FPR, and FNR values with the corresponding
SNR

param
invCV values for all three trained AI models. Within these ranges, one can build mappings, as

illustrated in Fig. 9. The values in Fig. 9 are the average and standard deviation computed from all

Fig. 7 Visualization that relates the FNR ¼ 0.1 (a) and FPR ¼ 0.1 (b) of a trained AI model (ID 5)
with the human detection limit of SNRRose ¼ 5 using the SNRparam

invCV definition as a matching SNR
and the simulated SEM image collection.

Fig. 8 Example comparison of AI model accuracy measured by Dice for two trained AI models
[(a) ID 3, (b) ID 7] with the SNR type SNRparam

invCV .
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SNRi values that meet Eq. (4), where ϵ ¼ 2�ðmax D−min DÞ
100

andDthresh takes 100 uniformly sampled
values betweenmin D andmax D. Using the mappings, a user-specified minimum value of Dice
or a maximum value of FPR or FNR will establish the minimum SNR

param
invCV of an input image.

The established value can be compared with the human detection limits of SNRparam
invCV ¼ 5.

5 Discussion
The problem of matching a human eye model to digital image quality metrics is not a simple one-
to-one mapping. Although we included results for the closest match between SNRRose →
SNR

param
invCV, we disseminate other SNR definitions and their relationships to AI model accuracy

in our online visualization. The decisions about what SNR definition to use (or other image
quality metric), what value of that SNR definition represents human detection limits, what sin-
gle-valued AI metric is the most important for a problem (or a vector of them), and what value of
the single-valued AI metric should be met are application-dependent questions and answers. For
example, if an object detection task requires evaluating an AI model’s accuracy in terms of the
alignment of the object’s boundary, then the Dice index would be applied only to the boundary
pixels as opposed to all image pixels. Due to the open-ended nature of these questions, our objec-
tive was to demonstrate the methodology and share all code and visualizations for reuse.

Regarding the AI modeling part, the presented work is AI model architecture agnostic. The
results show the importance of hyper-parameters for training as the three presented models have
the same architecture but differ in their detection limits (performance) due to training. The reason
for labeling the AI model with odd numbers lies in our failed attempts to increase the batch size
beyond eight images due to a limited GPU memory size. This is another reason why detection
limits must be evaluated for each trained AI model individually given that hardware, software,
and hyper-parameters affect the AI model performance.

6 Conclusion
Our work established a methodology for determining the detection limits of AI-based SEM di-
mensional metrology. Although substantial improvements in object detection and segmentation

Table 3 Comparison of three trained AI models and their corresponding ranges of AI accuracy
metrics and image quality metrics defined by SNRparam

invCV .

Model ID
Min Dice
SNR

Max Dice
SNR

Max FNR
SNR

Min FNR
SNR

Max FPR
SNR

Min FPR
SNR

3
0.49 0.89 0.37 0.0 0.44 0.11

0.156 5.428 5.916 1.21 7.828 0.128

5

0.47 0.97 0.52 0.0 0.28 0.01

0.143 5.546 6.531 0.121 12.074 0.122

7
0.42 0.99 0.53 0.0 0.35 0.01

0.161 6.230 7.478 0.125 11.806 0.124

Fig. 9 Mapping of AI accuracy metrics Dice (a), FPR (b), and FNR (c) to SNRparam
invCV to establish

min SNRparam
invCV of an input SEM image. The curves are for a trained AI model ID 5.

Bajcsy, Sathe, and Vladar: Relating human and AI-based detection limits. . .

J. Micro/Nanopattern. Mater. Metrol. 044201-10 Oct–Dec 2025 • Vol. 24(4)



are possible by applying AI models to low-contrast and high-noise SEM images, their detection
limits must be recognized and quantified in the context of critical dimension measurements. The
contribution of this work lies in our ability to characterize each AI model and its unique detection
limits when used in semiconductor production to obtain trusted critical dimensions.

In the future, we plan to design a recommendation system that can evaluate measured SEM
images and AI models that are being trained to automate and speed up SEM-based dimensional
measurements. Such solutions are needed not only for increasing throughput but also for increas-
ing trust in the measurements.

7 Appendix A: Signal-to-Noise Definitions
The mathematical definitions of SNR values computed from intensity SEM images. The symbols
refer to

• μðFRGÞ is the average pixel intensity of all foreground pixels
• σðFRGÞ is the standard deviation of all foreground pixels
• μðBKGÞ is the average pixel intensity of all foreground pixels
• σðBKGÞ is the standard deviation of all foreground pixels, and
• pnoise is the noise parameter of the background pixel intensity generator.

The pixel membership to foreground and background is known from labeled image masks. The
value of pnoise is known from the simulator of SEM images. Table 4 explains the definitions
of SNR.

8 Appendix B: Additional Image Quality Metrics
We investigated additional image quality metrics and their relationship to the detection limits of
human and numerical observers. The list of additional metrics is provided below.

Table 4 SNR name and its definition.

SNR name Definition

SNR power estimate SNRest
power ¼

ðσðFRGÞÞ2
ðσðBKGÞÞ2

SNR root mean squared (RMS) power estimate SNRest
RMSpower ¼

σðFRGÞ
σðBKGÞ

SNR inverse coefficient of variation to the power of two CV 2 estimate SNRest
invCV2 ¼ ðμðFRGÞÞ2

ðσðBKGÞÞ2

SNR inverse coefficient of variation (CV) estimate SNRest
invCV ¼ μðFRGÞ

σðBKGÞ

SNR inverse CV parameter SNRparam
invCV ¼ μðFRGÞ

pnoise

SNR inverse CV2 parameter SNRparam
invCV2 ¼ ðμðFRGÞÞ2

ðpnoiseÞ2

SNR power parameter SNRest
power ¼

ðσðFRGÞÞ2
ðpnoiseÞ2

SNR RMS power parameter SNRest
RMSpower ¼

σðFRGÞ
pnoise

Cohen’s d estimate SNRest
Cohend ¼ ðμðFRGÞÞ − μðBKGÞ

σðBKGÞ

Cohen’s d parameter SNRparam
Cohend ¼ ðμðFRGÞ − μðBKGÞÞ

pnoise
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• MeanFRG: average pixel intensity in the foreground region
• MeanBKG: average pixel intensity in the background region
• VarFRG: variance of pixel intensities in the foreground region
• VarBKG: variance of pixel intensities in the background region
• Meanintensity: average intensity over the entire image
• Stdintensity: standard deviation of intensities over the entire image
• Varintensity: variance of intensities over the entire image
• Michelson contrast: contrast measure defined as ðImax−IminÞ

ðImax þ IminÞ
• RMS contrast: root mean square contrast measure
• SSIM: structural similarity index measure
• PSNR: peak signal-to-noise ratio
• Edge effect: contrast-enhancing, increased secondary electron emission at the edges
• MI: mutual information between image regions
• NMI: normalized mutual information
• CE: cross-entropy between image distributions

9 Appendix C: Correlations of Image Data Quality Metrics
Figure 10 shows the correlations of image data quality metrics. The figure also includes the two
simulation parameters (noise and contrast). Based on the values, one can conclude that the

Michelson contrast ðImax−IminÞ
ðImax þ IminÞ correlates with the simulated contrast parameter as expected.

The second highest correlation is between SNR
param
invCV ¼ μðFRGÞ

pnoise
and mutual information MI.

10 Appendix D: AI Model Accuracy Metrics
As the AI model accuracy metrics, we considered the basic values of the confusion matrix (true
positive, true negative, false positive, and false negative), and the derived Dice coefficient as
listed below.

Fig. 10 Pair-wise correlation of image data quality metrics.
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• TRUE POSITIVE (TP): AI model correctly predicts the image foreground pixels
• TRUE NEGATIVE (TN): AI model correctly predicts the image background pixels
• FALSE POSITIVE (FP): AI model incorrectly predicts the image foreground pixels
• FALSE NEGATIVE (FN): AI model incorrectly predicts the image background pixels
• DICEðDÞ: Dice–Sorensen similarity index—D ¼ 2TP

2TPþ FPþFN
.

• FPR: false positive rate—FPR ¼ FP
FPþTN

.
• FNR: false negative rate—FNR ¼ FN

FNþTP
.
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Code and Data Availability
All simulated images, computed image data metrics fused with AI model accuracy metrics, and
trained AI models are available from https://metis.nist.gov with the DOI 10.18434/mds2-3838. The
source code for detection limits is available from GitHub: https://github.com/usnistgov/detection_
limits. The interactive access to all 2D and 3D visualizations is available from the nist-pages:
https://pages.nist.gov/detection_limits/web/index.html. The AI training and inference workflows
are available using the open source WIPP frameworks accessible for installation from https://
github.com/usnistgov/WIPP.
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or policies of NIST or the United States Government.

Acknowledgments
This work was performed with funding from the CHIPS Metrology Program, part of CHIPS for
America, National Institute of Standards and Technology, U.S. Department of Commerce. We
would like to acknowledge the contributions of Brycie Wiseman, Carina Carino, and Michael
Majurski from the National Institute of Standards and Technology (NIST) to U-Net training and
image visualization.

References
1. A. Rose, “The sensitivity performance of the human eye on an absolute scale,” J. Opt. Soc. Am. 38, 196–208

(1948).
2. P. Cizmar, A. E. Vladár, and M. T. Postek, “Optimization of accurate SEM imaging by use of artificial

images,” Proc. SPIE 7378, 737815 (2009).
3. F. Linwei et al., “Brief review of image denoising techniques,” Vis. Comput. Ind. Biomed. Art 2, 7

(2019).
4. E. Giannatou et al., “Deep learning denoising of SEM images towards noise-reduced LER measurements,”

Microelectron. Eng. 216, 111051 (2019).
5. S. Shin et al., “Applications of deep learning-based denoising methodologies for scanning electron micro-

scope images,” Meas. Sci. Technol. 36, 015406 (2024).
6. C. Tian et al., “Deep learning on image denoising: an overview,” Neural Networks 131, 251–275 (2020).
7. A. Shah et al., “Automated image segmentation of scanning electron microscopy images of graphene using

U-net neural network,” Mater. Today Commun. 35, 106127 (2023).
8. P. Bajcsy et al., “Approaches to training multiclass semantic image segmentation of damage in concrete,”

J. Microsc. 279, 98–113 (2020).
9. T. B. Gaines et al., “Scanning electron microscope image segmentation with foundation AI vision model for

nanoparticles in autonomous materials explorations,” in IEEE Conf. Artif. Intell. (CAI), pp. 1266–1271
(2024).

10. A. E. Burgess, “The Rose model, revisited,” J. Opt. Soc. Am. A 16, 633–646 (1999).
11. S. S. Hsieh et al., “A minimum SNR criterion for computed tomography object detection in the projection

domain,” Med. Phys. 49, 4988–4998 (2022).
12. D. Newbury et al., “SEM/EDS trace analysis: limits imposed by fluorescence of the detector,” Microsc.

Microanal. 23, 1026–1027 (2017).

Bajcsy, Sathe, and Vladar: Relating human and AI-based detection limits. . .

J. Micro/Nanopattern. Mater. Metrol. 044201-13 Oct–Dec 2025 • Vol. 24(4)

https://metis.nist.gov
https://metis.nist.gov
https://metis.nist.gov
https://doi.org/10.18434/mds2-3838
https://github.com/usnistgov/detection_limits
https://github.com/usnistgov/detection_limits
https://pages.nist.gov/detection_limits/web/index.html
https://github.com/usnistgov/WIPP
https://github.com/usnistgov/WIPP
https://doi.org/10.1364/JOSA.38.000196
https://doi.org/10.1117/12.823415
https://doi.org/10.1186/s42492-019-0016-7
https://doi.org/10.1016/j.mee.2019.111051
https://doi.org/10.1088/1361-6501/ad7e41
https://doi.org/10.1016/j.neunet.2020.07.025
https://doi.org/10.1016/j.mtcomm.2023.106127
https://doi.org/10.1111/jmi.12906
https://doi.org/10.1364/JOSAA.16.000633
https://doi.org/10.1002/mp.15832
https://doi.org/10.1017/S1431927617005797
https://doi.org/10.1017/S1431927617005797


13. P. Kuisma-Kursula, “Accuracy, precision and detection limits of SEM—WDS, SEM—EDS and PIXE in the
multi-elemental analysis of medieval glass,” X-Ray Spectrom. 29, 111–118 (2000).

14. A. Reinke et al., “Understanding metric-related pitfalls in image analysis validation,” Nat. Methods 21, 182–
194 (2024).

15. R. D. Fiete and T. A. Tantalo, “Comparison of SNR image quality metrics for remote sensing systems,” Opt.
Eng. 40(4), 574–585 (2001).

16. S. Pednekar et al., “Weber’s law of perception is a consequence of resolving the intensity of natural scin-
tillating light and sound with the least possible error,” Proc. R. Soc. A Math. Phys. Eng. Sci. 479(2271),
20220626 (2023).

17. P. Cizmar and B. Swedlove, “Artificial SEM image generator (ARTIMAGEN),” 2009, https://github.com/
strec007/artimagen (accessed: 2025-04-30).

18. O. Ronneberger, P. Fischer, and T. Brox, “U-net: convolutional networks for biomedical image segmenta-
tion,” Lect. Notes Comput. Sci. 9351, 234–241 (2015).

19. A. A. Dadras and P. Aichinger, “Deep learning-based detection of glottis segmentation failures,”
Bioengineering 11(5), 443 (2024).

20. P. Bajcsy, J. Chalfoun, and M. Simon,Web Microanalysis of Big Image Data, 1st ed., Springer International
Publishing, Cham (2018).

21. M. Majurski, “U-Net CNN training and inference plugins,” https://github.com/usnistgov/WIPP-unet-train-
plugin (accessed: 2025-04-30).

22. P. Bajcsy, P. Sathe, and A. Vladar, “Interactive web-based access to SEM detection limit graphs,” 2025,
https://pages.nist.gov/detection_limits/web/index.html (accessed: 2025-10-15).

Peter Bajcsy is a computer scientist and a project leader in the Information Technology
Laboratory at the National Institute of Standards and Technology (NIST). He received his PhD
in electrical and computer engineering in 1997 from the University of Illinois at Urbana-
Champaign (UIUC) and his MS degree in electrical and computer engineering in 1994 from
the University of Pennsylvania (UPENN). He is the author of more than 50 papers in peer-
reviewed journals, co-authored 10 books or book chapters, and more than 100 conference papers.
His current research interests include imaging, large-scale image-based analyses, and syntheses
using mathematical, statistical, and computational models.

Pushkar Sathe is a data scientist in the Information Technology Laboratory at NIST. He received
his PhD in polymer science in 2019 from the University of Akron, Ohio, and his MS degree
in metallurgical engineering from the Indian Institute of Technology, Kharagpur W. Bengal,
India. He has been working on multidisciplinary projects leveraging knowledge in data science,
machine learning, and image processing.

Andras A. Vladar is the 3D SEMMetrology Project Leader at the NIST Physical Measurement
Laboratory. He is an internationally recognized expert in scanning electron microscope (SEM)
critical dimension (CD) metrology as a research scientist and a technical leader. His current
research interests are model-based computational SEM, developing methods to work in ultra-
high cleanliness to make atomic-level quantitative SEM measurements possible, and laser inter-
ferometry-based sub-nanometer accuracy beam positioning, including nonraster beam scanning.
He is the author of several technical and scientific book chapters and more than 300 papers on
nanometer-scale scanning electron microscopy, atomic-resolution 3D measurements of particles,
and semiconductor devices.

Bajcsy, Sathe, and Vladar: Relating human and AI-based detection limits. . .

J. Micro/Nanopattern. Mater. Metrol. 044201-14 Oct–Dec 2025 • Vol. 24(4)

https://doi.org/10.1002/(SICI)1097-4539(200001/02)29:1%3C111::AID-XRS408%3E3.0.CO;2-W
https://doi.org/10.1038/s41592-023-02150-0
https://doi.org/10.1117/1.1355251
https://doi.org/10.1117/1.1355251
https://doi.org/10.1098/rspa.2022.0626
https://github.com/strec007/artimagen
https://github.com/strec007/artimagen
https://github.com/strec007/artimagen
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.3390/bioengineering11050443
https://github.com/usnistgov/WIPP-unet-train-plugin
https://github.com/usnistgov/WIPP-unet-train-plugin
https://github.com/usnistgov/WIPP-unet-train-plugin
https://pages.nist.gov/detection_limits/web/index.html
https://pages.nist.gov/detection_limits/web/index.html
https://pages.nist.gov/detection_limits/web/index.html
https://pages.nist.gov/detection_limits/web/index.html

