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Abstract Artificial intelligence enables the development of machine learning algorithms that can identify and

categorize patterns using large amounts of data across various areas. Computational tools were created to analyze

these algorithms, allowing for the validation and comparison of their results. The Receiver Operating Characteristic

(ROC) is an important statistical technique used for analyzing binary classification models. A ROC curve is commonly

utilized in image analysis as a validation metric to compare images generated by a classification model with images

created by humans, referred to as Ground Truth (GT). Currently, machine learning algorithms produce ROC curves

with a limited number of points, even when trained on large-scale datasets. The result is the presence of outliers which

can significantly distort the ROC curve, potentially leading to inaccurate conclusions about the model’s performance.

This study introduces a novel method for preventing outliers in the creation of ROC curves, guaranteeing a reliable

and robust evaluation of image classification models. We implemented our algorithm in Python using a dataset of

1000 grayscale contour images. Performance was compared against Logistic Regression, SVM, Random Forests

and SKlearn using ROC curves, AUC, precision, accuracy, and F1-score. Statistical significance was assessed via

paired t-tests and Cohen’s d for effect size, with outlier detection via Local Outlier Factor. Results demonstrated that

SPROC showed a refined curve with more precise AUC values on noisy images in contrast to machine learning

approaches.
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1 Introduction

Classifiers are computational tools used to bridge the gap in

analyzing and recognizing data-driven patterns through a class

label defined by a set of attributes (Friedman et al., 1997). Ex-

amples of classifiers include random forest [Breiman, 2001],

logistic regression [Sachs, 2017], SVM (Support Vector Ma-

chine) [Pourghasemi and Rahmati, 2018], convolutional neu-

ral networks [Zeiler and Fergus, 2014], and Bayesian classi-

fiers (Friedman et al., 1997), which can generate divergent re-

sults when analyzing the same dataset [Khosravi et al., 2018].

In this context, studying receiver operating characteristics

(ROC) in images is particularly important as a method for

analyzing the overall performance of each classifier.

ROC analysis was first introduced during World War II

to quantitatively assess the capabilities of radar operators

in differentiating between signals and noise. This approach

is a statistical method used to validate results and measure

their ability to distinguish between different options, such

as diagnosing a condition or predicting an outcome. ROC

curves have a wide range of applications in several fields

today. They have been utilized in medicine for the purpose

of examining and aiding in the diagnosis, particularly with

images, as well as for analyzing and comparing the perfor-

mance of algorithms [Kun-Peng et al., 2018; Hannun et al.,

2019; Gao et al., 2020; Zhao et al., 2021]. In geology, they

are used to identify susceptibility to floods and landslides

[Termeh et al., 2018; Khosravi et al., 2018; Hong et al., 2018;

Pourghasemi and Rahmati, 2018]. Additionally, some studies

investigate the impact of biases in ROC analysis [McGowan

et al., 2016; Cook, 2017]. They are also used in nuclear

technology [Bueno et al., 2018], radiology [Wu et al., 2022],

communication [Wang et al., 2022], computing [Sachs, 2017;

Moreira, 2020], and medicine [Li et al., 2020; Shkurnikov

et al., 2021; Du et al., 2022; Zhao et al., 2022].

ROC curves in image analysis have received considerable

attention from the community [He et al., 2010; Bueno et al.,

2018; Keidar et al., 2020; Niu et al., 2021] since there is a

demand for more accurate metrics to validate proposed algo-

rithms. This study engages a binary classification model that

maps cases from the true class to the predicted class, yielding

either a positive or negative outcome. The classification is

often based on a cutoff value, with each cutoff value repre-

sented by a point in the ROC space [Fawcett, 2006]. Binary

classification comparison entails the examination of two im-

ages: one represents the output of an algorithm, while the

other is either manually crafted by a domain expert or gener-

ated by an intelligent system to serve as a reference. Images

generated are commonly known as Ground Truth (GT) or

gold standard. The Ground Truth (GT) is compared with the

images generated by the classification algorithms to identify

an optimal detection observation for the construction of Re-
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ceiver Operating Characteristic (ROC) curves [Bueno et al.,

2018].

Figure 1. Confusion Matrix.

Let a binary set of the true class be labeled as P or N, as

illustrated in Figure 1, representing the number of positive

and negative instances, respectively. The predictive class,

which constitutes the classifier to be analyzed, is represented

by p for positive instances and n for negative instances. As

illustrated in the confusion matrix in Figure 1, the classifica-

tion of a set of instances can lead to four distinct situations:

True Positive (TP) refers to positive values where the clas-

sifier judged them as positive; False Positive (FP) refers to

negative values where the classifier judged them as positive;

True Negative (TN) refers to negative values where the classi-

fier judged them as negative; and False Negative (FN) refers

to positive values where the classifier judged them as nega-

tive. The ROC curve is generated by counting the number of

TP, FP, FN, and TN, then calculating and plotting the TPR,

which represents the true positive rate or the probability of

detection, and the FPR, which means the false positive rate

(probability of false alarm), according to different detection

threshold values [Khawaja et al., 2023]. Equations (1) and

(2) define the vectors for the TPR and FPR measures, respec-

tively. Depending on the context, sensitivity may be more or

less relevant than specificity [Nahm, 2022]. In terms of object

detection or image classification, sensitivity and specificity

can vary, but both metrics are fundamental for evaluating and

improving image analysis algorithms. Therefore, this present

study limits itself to treating sensitivity and specificity as

equally relevant, without the necessity of finding the optimal

threshold value.

TPRi =

N∑
k=0

TPk

N∑
k=0

[TPk + FNk]
(1)

FPRi =

N∑
k=0

FPk

N∑
k=0

[FPk + TNk]
(2)

In addition, there are other metrics that can normally be

used together with ROC analysis to evaluate the performance

of the models. These include Accuracy (ACC), Precision

or Positive Predictive Value (PPV), and F1-score. These

metrics can be calculated using Equations (3), (4), and (5)

respectively.

ACC =

N∑
k=0

[TPk + TNk]

N∑
k=0

[TPk + TNk + FPk + FNk]
(3)

PPV =

N∑
k=0

TPk

N∑
k=0

TPk +
N∑

k=0
FPk

(4)

F1-score = 2 · PPV · TPR
PPV + TPR

(5)

Accuracy (ACC) consists of the proportion of correctly

classified instances of positive and negative classes (TP and

TN) over the total population of classes (TP, FN, FP, TN).

Generally, this measure is used with other metrics because it

can result in distorted measures when the class distribution is

imbalanced. In other words, there is a significant difference

between the number of samples in each class [Schott et al.,

2024]. Precision (PPV) refers to the classifier’s ability not

to label a negative sample as positive. Its highest value is 1,

when there are no false positives (FP = 0), and the lowest
is zero, when TP = 0 and FP 6= 0. This measure is also
used to calculate the F1-score, which measures classification

efficiency and combines the evaluation of TPR and PPV into

a single value. If the F1-score is low, this means that either

precision or TPR is low, indicating that FN or FP are low.

In other terms, the model is not excessively erring in FN or

FP. In a hypothetical case where FN = 0 and FP = 0, the
F1-score will be 1. This measure is widely used, especially

when class distribution is imbalanced.

The area under the curve (AUC), as described in Equation

(6), is a relevant measure in ROC analysis. This metric indi-

cates the probability that a positive class will be considered

better than a negative class. The objective is to assess the

classification’s quality using a single number, which is ob-

tained by combining two measures produced from the ROC

curves: the True Positive Rate (TPR) and the False Positive

Rate (FPR) values.

AUC =
N∑

k=0

1
2 [(TPRk + TPRk−1) · (FPRk − FPRk−1)]

(6)

The AUC is scale-invariant and is generally calculated

using the trapezoidal rule, with values ranging from 0 to 1. In

Figure 2, the AUC represents the area under the curve, where a

value of 0.5 indicates random classification, often depicted by

a dotted line. A value greater than 0.5 indicates performance

superior to random classification, while a value less than 0.5

shows the opposite behavior. A higher AUC value indicates

better performance of the classifier in distinguishing between
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classes. As observed in Figure 2, the ROC curve associated

with the image ”00000001.jpg” from a given classification

model achieved an AUC value of 0.6826 (68.26%). The

point (0,1.0) on the curve represents perfect classification,

corresponding to an AUC value of 1.0 (100%).

Figure 2. ROC Curve Space.

Current commercial and academic software does not typi-

cally employ semiparametric methods. Instead, it generates

ROC curves using either empirical or parametric approaches,

both of which present inherent limitations [Nahm, 2022]. The

empirical approach directly associates the method for generat-

ing cutting points with the observed data, thereby eliminating

the need to assume a specific data distribution. However, this

approach often results in a relatively irregular curve, which

can affect the calculation of certain metrics, such as the AUC.

When employing the parametric ROC curve approach, it is

essential to assess the dataset’s data distribution prior to se-

lecting the statistical model. This approach typically involves

using machine learning techniques to estimate curve points,

which may lead to outliers that can affect the accuracy of the

AUC calculation.

This study introduces a novel method, referred to as

SPROC (Semi-Parametric ROC), for constructing Receiver

Operating Characteristic (ROC) curves, specifically designed

to prevent the occurrence of anomalies, such as outliers. By

employing a Bayesian methodology independent of machine

learning techniques, this approach provides a more robust and

reliable evaluation of image classification models.

The rest of the paper is arranged as follows. Section 2

contains a description of the materials and methods used to

develop the proposed method, as demonstrated in Section 3.

The results of the experiments and discussion are presented

in Section 4. The paper closes with a conclusion, some rec-

ommendations, and future works.

2 Materials and Methods

The algorithm developed for this study was implemented in

the Python 3.11 programming language using IDE Spyder,

version 5.3, under the Linux Mint 21.3 operating system. The

image dataset was kept on a computer equipped with a 6th gen-

eration Intel Core i7 processor, 16 GB of DDR-4 RAM, 500

GB of solid-state drive (SSD) storage, and 2 TB of hard disk

(HD) memory. In addition, we utilized two monitors, specif-

ically a 25-inch Dell monitor and a 34-inch Acer Predator

monitor, both boasting a resolution of 3400x1440 to enhance

the clarity and detail of the shown images.

The dataset used consists of 1000 images of object con-

tours contained in the scene (Figure 3b) which were generated

automatically. It was developed by [Li et al., 2019] and repre-

sents the Ground Truth (GT) images of this work, serving as a

comparison model to generate metrics between the algorithms

analyzed. The Figures 3a and 3b display the original image

and its respective contour image.

The original dataset images were acquired on the RGB

channels (Red, Green, and Blue) and converted into a sin-

gle gray-intensity channel to simplify computing complexity.

This transformation was applied for each pixel of the image

using the ratio L = (299R + 587G + 114B).10−3, where L
is the intensity of gray in R, G, B. Each pixel is characterized

by an 8-bit depth number ranging from zero to 255, where

zero represents the pixel in black and 255 in white.

(a) Original image. (b) Contour image.

Figure 3. Dataset images developed by [Li et al., 2019].

Logistic Regression [Sachs, 2017], SVM [Pourghasemi

and Rahmati, 2018] and Random Forests [Breiman, 2001]

and [Friedman et al., 1997] are machine learning algorithms

commonly used in the generation of the ROC curve, and

have been applied in comparison with the proposed algorithm.

These algorithmswere implementedwith the help of the scikit-

learn library for Python. Each of these algorithms generated

a number of cutting points obtained by training the dataset

images. The SKlearn algorithm was developed to empirically

generate ROC curves, using tools provided by the scikit-learn

library. In this approach, pixel intensity values from the image

are normalized to the range [0, 1] for each pixel, allowing

them to be interpreted as continuous score values for binary

classification. The normalization process is performed using

the equation score_value = pixel_value/255. The Scikit-
learn library ”roccurve” function used these points to create a

performance curve for each algorithm of the dataset images.

We created a total of 1000 graphs, each containing five

ROC curves, representing the four algorithms and the pro-

posed one. In addition to the ROC curves, the AUC (Area

Under the Curve), Precision (PPV), ACC (Accuracy), overall

mean AUC and ACC performance across the entire dataset,

and F1-score were used as comparison metrics in this study.

A paired t-test [Student, 1908] was conducted to assess statis-
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tical significance in AUC values per image across the dataset,

aiming to evaluate significant differences between eachmodel

and the proposed one. The test compares the means of the

paired AUCs and determines whether the difference is sta-

tistically significant, considering a p-value < 0.05. A paired-

samples t-test was performed using the ”ttest_rel” function

from the SciPy.stats module (Python). Additionally, Cohen’s

d [Cohen, 1992] was applied following the paired t-test to

assess whether the observed difference has a meaningful prac-

tical impact. Equation (7) illustrates the Cohen’s d applied in

this study, while Table 1 provides its interpretation.

d = D̄

sD
(7)

where:

D̄ = paired mean difference,

sD = standard deviation of the differences.

Table 1. Interpretation of Cohen’s d.

Value Interpretation

0.2 Small effect

0.5 Medium effect

>= 0.8 Large effect

Furthermore, the Local Outlier Factor (LOF) was utilized

to quantify the presence of outliers in each algorithm as well

as in the proposed method.

Outliers detection, also known as anomaly or divergence

detection, can be divided into two types: global and local

identification. In global identification, all points are consid-

ered for analysis. For a local outline, each point is compared

to its nearest neighbor. In the ROC curve analysis, the ma-

jor interest is concentrated on the local identification of the

outsiders in the formation of a smooth curve. Many methods

are used to detect these types of anomalies present in the data

[Alghushairy et al., 2020]. The most commonly used method

is the Local Anomaly Factor to identify the density of nearby

points [Ghamry et al., 2024]. The Local Anomaly Factor

(LOF) is a method for identifying points with anomalous data

that analyzes the strangeness of a point in relation to the local

density of its neighbors. This measurement is used to detect

the presence of outliers accurately in a dataset that presents

variations in local densities. Local density refers to the con-

centration of points around a point of interest. It is used to

identify points that differ significantly from the density of

their neighbors, indicating that these points may be outliers.

We selected the Canny filter to detect edges in all orig-

inal images, which were first converted to grayscale. The

implementation was carried out using the OpenCV library

(version 4.8). This choice was driven by the Canny filter’s

thresholding process, which effectively determines which pix-

els correspond to edges, making it suitable for precise edge

detection tasks. We employed two thresholds: one to define

the upper limit and another for the lower limit. Pixels with

gradient magnitudes over the top threshold are considered

robust edges, while those falling below the lower threshold

are discarded. Pixels with gradient magnitudes between the

two thresholds are considered weak edges and are kept, only

if they are connected to strong pixels. The Figure 4 shows

the result of the Canny detector applied to the gray-intensity

image of the original image of Figure 3a.

Figure 4. Canny filter.

Image analysis and computer vision often employ the

Canny filter for its ability to accurately recognize edges with

low noise, thereby highlighting TPs. The choice of threshold

values (lower and upper) allowed the capture of more detailed

and similar edges to those presented by the GT, As a result,

this approach effectively highlighted the FNs, as illustrated in

Figure 3b and Figure 4. We empirically analyzed the dataset

images to select the values for the lower and upper thresholds,

resulting in values of 100 and 200, respectively.

3 Proposed Method (SPROC)

SPROC is based on Bayes’ theorem to estimate the TPR and

FPR values, supported by cutting points, in the generation of

ROC curves without relying on machine learning techniques.

This approach is classified as semiparametric because it com-

bines a statistical framework with an empirical component,

offering users the flexibility to define the number of cutoff

points. The Bayesian Theorem used in this work is based

on the basic definition found in [Martin, 2024] and can be

expressed as:

P (X | Y ) = P (Y | X) · P (X)
P (Y ) (8)

where P (X | Y ) represents the probability that the X event

will occur, given that Y has already occurred; P (Y | X) is
the probability of the Y event to occur, considering that X
has already taken place; P (X) is the likelihood that the X
event will take place, and P (Y ) is the probability of the Y
event to happen. In this way, the confusion matrix of Figure

1 can be redefined according to the Bayes theorem of the

Equation (8) and shown in Figure 5.

The positive and negative classes representing the GT will

be described with the symbols (+) and (-), mutually. The

symbols (cont) and (no_cont) are predictions of the algorithm

for the detection of contour and non-contour, respectively.

Be P (cont)i the threshold values shown in the equation (9),

which represent the proportion of pixels considered contours

in the image, where N is the amount chosen by the user,

x0 = 0, and ∀i | i ∈ [0, N − 1].
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Figure 5. Modified Confusion Matrix.

P (cont)i =
N−1∑
i=0

(
xi + 1

N

)
,

0 ≤ P (cont)i ≤ 1

(9)

Subsequently, equations (1) and (2) may be reformulated

as:

TPRi = P (+|cont) · P ( cont )i

P (+)i
(10)

FPRi = P (−|cont) · P ( cont )i

P (−)i
(11)

P (+)i = P (+|cont) · P ( cont )i+
P (+|no_cont) · [1 − P ( cont )i]

(12)

P (−)i = P (−|no_cont) · [1 − P ( cont )i] +
P (−|cont) · P ( cont )i

(13)

The equations (3), (4), (5) and (6) produce a single value

and remain unaltered. The SPROC algorithm collects the

image data (pixels) to generate the classes (TP, FP, TN, and

FN) that form the confusion matrix, as shown in Table 2. The

user selects the number of cutoff points, and subsequently

utilizes equations (9), (10), (11), (12), and (13) to determine

the values of TPR and FPR. Table 3 displays the outcome of

the computation using N = 11 values.
Three significant characteristics should be highlighted. The

first refers to the relationships TP + FN = 1 and FP +
TN = 1 that remain valid for the equations (10) and (11),

given that:

P (cont )i + [1 − P ( cont )]i] = 1,

P (+|cont) + P (+|no_cont) = 1,

∀i | i ∈ [0, N − 1],

0 ≤ P (cont)i ≤ 1,

furthermore, the equality is still preserved for P (+|cont) ·
P (cont )i + P (+|no_cont) · [1 − P ( cont )i] = 1. The sec-
ond method allows for the calculation of both the lower and

upper limits for P (+)i and P (−)i as shown in tables 2 and

3, respectively.

P (+)i ∈ [P (+|cont), P (+|no_cont)],

P (−)i ∈ [P (−|cont), P (−|no_cont)].

The third method’s characteristic pertains to determining

the optimal number of cutoff points required to achieve ac-

curate results. In general, it is unnecessary to compute an

excessive number of points since the computation relies on

TPR and FPR values derived from the confusion matrix while

still maintaining the quality of the results. However, it is pos-

sible to determine the minimum number of points for more

accurate results. Let N the number of points created to form

the ROC curve and its area measure (AUC) to compare two

classifiers A and B, which represent two different images of

the dataset used in this study. We selected classifiers with

AUC values below and above 0.5 for comparison purposes.

Table 4 shows the number of points created and their AUCs.

The differences in accuracy of the values are insignificant

for N=100 in most image-based applications, with variations

occurring in the micrometer range (µm) across all tests con-

ducted. This result is crucial for analyzing classifiers with

similar ROC curves and AUC values, which can be difficult

to distinguish when considering only a few decimal places.

For N values exceeding 10,000, the accuracy improves to the

nanometer range scale (nm). For values below N =15 cutoff

points, the ROC curve becomes less smooth, adversely affect-

ing the accuracy of AUC estimation. It is observed that as

the number of cutoff points increases, the computational time

complexity rises approximately at the rate of O(N log N).

4 Results and Discussion

This study introduced a novel approach, termed SPROC, for

generating ROC curves to minimize the impact of outliers and

ensure an accurate and reliable evaluation of image classifica-

tion models. The SPROC method generated the ROC curves

using P (cont)i with N = 100 cutoff points, applied to a

dataset with 1000 images of contours automatically generated

by [Li et al., 2019], which correspond to the GTs present in

this study (see Fig.3(B)). Machine learning algorithms, in-

cluding Logistic Regression (LR), Support Vector Machine

(SVM), Random Forest (RF), and the empirical SKlearn (SK),

were compared with the proposed method using images both

the GTs and images generated by the Canny filter (see Figure

4) across the entire dataset.

The performance of SPROC was evaluated using the vi-

sual perception of the ROC curves produced for each method,

and the AUC, ACC, PPV, and F1-Score metrics. The Lo-

cal Anomaly Factor (LOF) of the scikit-learn was used to

identify outliers in the results, utilizing the parameter of the

nearest neighbors n = 2. The low value of n allowed the

LOF algorithm to be sensitive to small variations and noises,

with the aim of detecting local outliers. Considering a larger

number of neighbors can smooth outlier detection and ignore

more local and less dense outliers. Additionally, overall mean

AUC and ACC values across the entire dataset were computed

to provide a comprehensive performance assessment. For a

rigorous statistical assessment, this study utilized a paired

t-test and Cohen’s d to quantify and compare methodological

differences.

The results are presented in categories: The first, shown

in Figure 6, includes images with significant noise, while the
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Table 2. Confusion Matrix of Figure 4.

TP 0.929784894 FN 0.070215106

FP 0.691223951 TN 0.308776049

Table 3. TPR and FPR values from Table 2.

P(cont)i P(+)i P(-)i TPRi FPRi

0 0.070215106 0.308776049 0 0

0.1 0.156172085 0.347020839 0.595359211 0.199188023

0.2 0.242129064 0.38526563 0.768007673 0.358829803

0.3 0.328086043 0.42351042 0.850189987 0.489638922

0.4 0.414043021 0.46175521 0.89824955 0.598779558

0.5 0.5 0.5 0.929784894 0.691223951

0.6 0.585956979 0.53824479 0.952068081 0.770531138

0.7 0.671913957 0.57648958 0.968649956 0.839315717

0.8 0.757870936 0.61473437 0.981470432 0.899541635

0.9 0.843827915 0.652979161 0.991678978 0.952712725

1 0.929784894 0.691223951 1 1

Table 4. AUC associated with cutoff points number.

N AUC (Classifier A) AUC (Classifier B)

50 0.053239 0.712117

100 0.052743 0.712193

1000 0.052541 0.712216

10000 0.052537 0.712218

100000 0.052537 0.712218

second, illustrated in Figure 7, contains images with minimal

noise. The third presents a comprehensive evaluation of the

entire dataset, including mean AUC and ACC values, along-

side statistical comparisons using a paired t-test and Cohen’s

d.

Figure 6 illustrates the first category. The images in this

category are characterized by significant noise, making it

difficult to clearly distinguish the objects of interest. The ROC

curves produced by machine learning methods, empirical

method, and SPROC are similar, as shown in Figure 6(c). It

can identify a great deal of noise in the images in this category

due to many FPs. The number of FPs and TPs found is nearly

equal, resulting in all curves displaying an AUC value close

to 0.5.

Figure 7 illustrates the second category of images, charac-

terized by minimal noise. These images preserve the objects

of interest, thereby facilitating their visual identification. Fig-

ures 7(c) and 7(f) show a significant difference between ROC

curves created by SPROC and those produced by standard ma-

chine learning and empirical algorithms. The images in this

category exhibit minimal noise due to the high number of true

positives (TPs). It is evident that the number of false positives

(FPs) is lower than the identified TPs, although the number

of FPs remains significant. SPROC generated a curve with a

larger area, demonstrating the method’s superior accuracy in

identifying objects within acceptable quality images.

The AUC value estimator considers the curve’s structure,

and the number of points generated for its formation is crit-

ical in determining a precise AUC value. In contrast to the

proposed approach in this work, which generated 100 cut-

ting points for curve creation, traditional machine learning

and empirical algorithms produced only a limited number

(a) Objects contour (GT). (b) Canny filter.

(c) ROC curve. (d) Objects contour (GT).

(e) Canny filter. (f) ROC curve.

Figure 6. Noisy images.

of connecting points. This resulted in less refined curves,

significantly impacting the accuracy of the AUC calculation.

Despite the high number of false positives (FPs) associated

with the Canny filter, SPROC was able to estimate a curve
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(a) Objects contour (GT). (b) Canny filter.

(c) ROC curve. (d) Objects contour (GT).

(e) Canny filter. (f) ROC curve.

Figure 7. Images showing minimal noise.

more closely aligned with visual perception in terms of object

detection.

The Tables 5 and 6 present the estimates for Figure 6 and

7, respectively. As shown in Table 5, the values of the AUC,

ACC, and PPV estimator values are very similar across all the

methods analyzed. This occurs because the number of FPs

is close to the number of TPs, resulting in noisy images and

difficult visual perception of objects. The low PPV values,

approximately 0.5 across all methods, indicate a high occur-

rence of FPs. The F1-score, with values around 0.6, reflects

the combination of TPR and PPV assessments, highlighting

relatively low efficiency. In the case of the images in Figure

6, these values suggest that the model is committing a high

number of FP errors, but not for false negatives (FNs).

In Table 6, the ACC, PPV and F1-score estimator val-

ues are similar, indicating that the ROC curves generated

by the machine learning and empirical algorithms are com-

parable. However, the AUC values for SPROC are higher,

as the images shown in Figures 7(b) and 7(e) show signifi-

cant differences from Figure 6. The images enable the visual

identification of objects of interest with greater ease due to

the high number of points generated by SPROC. The values

obtained by SPROC for the AUC of 0.8993 in Figure 7(b) and

0.9135 in Figure 7(e) indicate excellent performance of the

classifier in the distinction between classes, even when the

model contains a high number of FPs. Machine learning and

empirical algorithms produced lowAUC values by generating

a limited number of points. These values do not accurately

represent the visual perception of images in the context of

object detection. Other techniques may be used to improve

the performance of machine learning-based methods. One

such approach is the estimation of the maximum likelihood

(EVM), which statistically increases the number of points and

results in a more accurate graph. In this study, we applied

EVM to the dataset; however, it did not produce significantly

different results from those presented in the Figures 6 and 7.

Another important aspect to consider in parametric curves

is the knowledge of data distribution, as the accuracy of the

curve relies on the proper specification of the underlying

model. Incorrect model selection can pose significant chal-

lenges and lead to biased conclusions. The Canny filter does

not inherently produce a known statistical distribution; rather,

it generates a distribution that is highly dependent on the

content of the analyzed image. Table 7 displays the advan-

tages and disadvantages of generating the empirical, paramet-

ric, and SPROC ROC curves. Furthermore, in parametric

ROC curves, the dataset goes through the supervised machine

learning algorithm’s training phase. Both the empirical and

parametric methods calculate the class values simultaneously

with the TPR and FPR values during the dataset collection

process.

Tables 5 and 6 show that SPROChas only two outlier points

in Figure 7, out of a total of 100 cutting points. When SPROC

generates more than 100 cutting points, the number of outlier

points remains constant. The SK algorithm outperformed

machine learning algorithms in terms of cutting points, but

it had an excess of LOF points. The FR algorithm produced

no LOF points, but only three for the ROC curve. SVM

generated only five points for curve construction and two

LOF points, whereas the RL algorithm produced LOFs for

all images.

The third category of results presents the mean AUC and

ACC metrics for the entire dataset, along with statistical com-

parisons performed using the paired t-test and Cohen’s d

effect size measure. Table 8 presents the mean ACC and

AUC values for the entire dataset, considering all algorithms

used in this study.

The combination of ACC and AUC enables the assessment

of model quality in classification tasks. SPROC algorithm

demonstrates the best overall performance. SK exhibits ACC

similar to the SPROC; however, its lower AUC (0.6265) sug-

gests greater difficulty in correctly distinguishing classes. RL

shows ACCwithin the same range as the SK algorithm, but its

AUC of 0.5743 suggests less efficient class separation. SVM

presents inferior performance, with ACC and AUC lower

than those of other algorithms, indicating low classification

quality. FR shows the worst overall performance, with ACC

and AUC lower than those of other algorithms, which may

indicate that this model is failing to learn useful patterns for

class separation.

The high paired t-test values presented in Table 9 indicate

significant differences among the SPROC algorithm com-

pared to SK, RL, SVM, and FR. SPROC with FR exhibited

the highest t-value (t = 58.5294), suggesting a statistically
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Table 5. Estimators for Figure 6

Fig. 6 (c) SPROC SK RL SVM FR

AUC 0.5342 0.5219 0.5120 0.5092 0.5069

ACC 0.5194 0.5180 0.5123 0.5069 0.5069

PPV 0.5130 0.5120 0.5076 0.5040 0.5040

F1-score 0.6148 0.6136 0.6414 0.6414 0.6414

LOF 0 3 2 2 0

Number of points (N) 100 32 7 5 3

Fig. 6 (f) SPROC SK RL SVM FR

AUC 0.5834 0.5569 0.5482 0.5421 0.5277

ACC 0.5520 0.5497 0.5491 0.5277 0.5277

PPV 0.5369 0.5356 0.5351 0.5170 0.5170

F1-score 0.6284 0.6243 0.6241 0.6407 0.6407

LOF 0 12 5 2 0

Number of points (N) 100 12 7 5 3

Table 6. Estimators for Figure 7

Fig. 7 (c) SPROC SK RL SVM FR

AUC 0.8993 0.6746 0.5940 0.5863 0.5595

ACC 0.5995 0.5940 0.5940 0.5595 0.5595

PPV 0.5559 0.5527 0.5527 0.5320 0.5320

F1-score 0.7119 0.7083 0.6923 0.6923 0.6923

LOF 2 11 7 2 0

Number of points (N) 100 11 8 5 3

Fig. 7 (f) SPROC SK RL SVM FR

AUC 0.9135 0.6290 0.5625 0.5581 0.5423

ACC 0.5680 0.5624 0.5625 0.5423 0.5423

PPV 0.5367 0.5337 0.5338 0.5223 0.5223

F1-score 0.6973 0.6930 0.6930 0.6842 0.6842

LOF 2 10 5 2 0

Number of points (N) 100 10 6 5 3

more pronounced advantage. These results demonstrate that

SPROC significantly improves model performance, with sta-

tistical significance (p < 0.05) confirming this effect is not

due to random variation. The comparative analysis (Table 9)

demonstrates that the SPROC outperforms the SK algorithm

by 1.3687 standard deviations, as indicated by Cohen’s d

metric. According to the criteria presented in Table 1, this

difference represents a substantially high effect, highlight-

ing a considerable statistical superiority. Furthermore, the

p-value, which is close to zero, strengthens the robustness of

the statistical analysis of the classified data, providing com-

pelling evidence against the null hypothesis. These findings

indicate that the observed disparity between the algorithms

is not attributable to chance but rather reflects a significant

impact on the performance of the tested algorithms, with a

particular emphasis on the advantage demonstrated by the

SPROC.

5 Conclusion

ROC analysis is a statistical technique commonly used to

evaluate image classifier models. Three main approaches

are used to generate points in the construction of the curve:

empirical, parametric, and semiparametric. Few studies use a

semiparametric approach to create points on the ROC curve.

The empirical analysis uses all points, resulting in an irregular

curve. Currently, machine learning algorithms generate the

curve of the parametric approach, making it the most widely

used method. These algorithms generally generate a limited

number of points to trace the curve, which can result in outliers

that affect the accuracy of determining the exact value of the

area under the curve (AUC). The aim of this study was to

introduce a novel semiparametric technique based on Bayes’

theorem to avoid the impact of divergent points in curve

generation without relying on machine learning.

The programming language Python was selected, and a

dataset with 1000 images was utilized as a reference for the

tests. We applied the Canny filter to all images to verify

the proposed algorithm (SPROC) with the machine learning

algorithms Logistic Regression, SVM, Random Forest, and

an empirical approach referred to in this study as SKlearn.

SPROC was evaluated against these algorithms using the

metrics AUC, PPV, F1-score, paired t-tests, Cohen’s d and
Local Outlier Factor (LOF) estimators, categorized into three

groups. The first refers to images with minimal noise, which

makes it possible to identify the objects present. In this case,

the metric values were similar across all the evaluated im-

ages, as the number of FPs was close to the number of TP.

The second refers to images with significant noise. SPROC

produced a smooth curve with a significantly higher AUC

than the other algorithms. The third category reports mean
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Table 7. Comparative analysis of the methodologies employed in the generation of ROC curves.

Empirical Parametric SPROC

No machine learning. Uses machine learning. No machine learning.

Exhibits a non-uniform curva-

ture.

Shows a smooth curve. Shows a smooth curve.

No need for knowledge of the

data distribution.

Knowledge of the data distri-

bution is necessary.

No need for knowledge of the

data distribution.

All points are considered for

plotting the curve.

Few points are used in plotting

the curve.

The curve shape and results re-

main unaffected by the number

of points chosen, provided that

they exceed 100.

No need for specifying an

underlying model, making it

more flexible.

A better fit occurs: When the

selected parametric model fits

the data well, the parametric

ROC curve can provide a more

accurate representation of the

relationship between true and

false positives.

No need for specifying an

underlying model, making it

more adaptable and better rep-

resenting the relationship be-

tween true and false positives.

Intensive computing: The

curve is constructed using all

the image’s points.

Intensive computing: It re-

quires a dataset to train the cho-

sen machine learning model.

Computation is simple: No

need for the use of machine

learning.

Low accuracy when it in-

volves high spatial resolution

imagery. It may have limited

accuracy due to the need to es-

timate the probability density

in high-dimensional regions.

More accuracy when it in-

volves a high-resolution image

to train the machine learning

algorithm.

Same accuracy in images with

low and high resolution.

Table 8. Mean ACC and AUC metrics for the entire dataset.

Algorithm ACC AUC

SPROC 0.5762 0.7141

SK 0.5744 0.6265

RL 0.5743 0.5743

SVM 0.5479 0.5687

FR 0.5478 0.5478

AUC/ACC across the dataset, with statistical comparisons

(paired t-test, Cohen’s d). This study clearly demonstrated

that the AUC calculation considers the curve’s structure to

provide a more accurate value, and SPROC exhibited the

highest t-value (paired t-test), suggesting a statistically robust

advantage with Cohen’s d > 0.8. Furthermore, the machine
learning algorithms generated a limited number of points for

plotting the curve, which impacted the AUC calculation and

resulted in more potential outliers.

It is important to note that the precision-recall curve may be

the best option for models with high false positive (FP) rates

because it accurately shows how well the model is doing and

gives better insights for improving the model, especially for

models where FP >= TP . SPROC can be easily adapted to

accommodate the Precision-Recall curve, simply by chang-

ing from FPR to Precision. For further research, it is recom-

mended to use Youden’s statistic, Euclidean distance, and

the maximum product of sensitivity and specificity to deter-

mine the optimal cutoff value for the SPROC method. Other

studies can be conducted to determine alternative methods

for calculating the AUC with SPROC, such as the DeLong

method, and compare it with the trapezoidal method used in

this study.
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Table 9. Performance comparison between SPROC and machine learning models (full dataset).

SPROC with SK SPROC with RL SPROC with SVM SPROC with FR

Paired t-test 43.2816 53.3679 54.5543 58.5294

p-value 2.4667 ×10−231 9.4272 ×10−295 7.4018 ×10−302 0.0000

Cohen’s d 1.3687 1.6876 1.7252 1.8509
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