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Skin cancer is the cancer type with the highest incidence in the world. Its diagnosis requires a

specialist physician, with expertise in skin diagnostics. Thermography is a noninvasive technique

based on the detection of infrared emission that is completely safe to humans. In this study, thermal

images of clinically similar lesions were registered and analyzed aiming to provide a noninvasive

diagnostic information for discrimination of: basal cell carcinoma versus intradermal nevus,

squamous cell carcinoma versus actinic keratosis, and melanoma versus pigmented seborrheic

keratosis. Thermal images were analyzed using a MATLAB
VR

routine to evaluate statistical,

histogram, and filtering metrics of each image, and a support vector machine classifier was used to

discriminate the lesions based on those metrics values. Actinic keratoses and squamous cell

carcinoma showed distinct average temperatures, whereas the other pairs of lesions presented

similar temperatures. Nevertheless, the benign lesions showed higher definition of borders

detection than malignant lesions, as a general rule. The results showed that support vector machine

classifier has great ability for discrimination of clinically similar lesions based on their thermal

images, suggesting that the thermography can be used as an auxiliary tool for the diagnosis of skin

malignant lesions. Published by AIP Publishing. https://doi.org/10.1063/1.5036640

I. INTRODUCTION

Skin cancer is the cancer type with the highest incidence

in the world.1 In Brazil, approximately 176 000 new cases of

non-melanoma skin cancer are expected in 2016, corre-

sponding to 25% of all malignant tumors registered in the

country; 5670 new cases of melanoma are also expected for

this year, and 1547 patients will die from the disease.2

The non-melanoma cancer subtypes are the basal cell

carcinoma (BCC) and squamous cell carcinoma (SCC).3

BCC is the most common type of non-melanoma skin can-

cer, representing approximately 80% of the cases. Although

BCC grows slowly and rarely metastasizes, it presents a mor-

bidity problem, since it often appears as multiple lesions and

a relevant economic issue for the health system.4–6 SCC, the

second most common skin cancer, has an invasive character

and can metastasize. SCC primary lesion can change contin-

uous and progressively from non-invasive lesions, named

actinic keratoses (AKs), so diagnosing the lesion during this

process is a challenge because the features of both lesions

may be simultaneously present in the region.4–6

Melanoma is the most aggressive skin cancer, and

although its incidence is low, this disease shows a high mor-

tality rate.7 Pigmented Seborrheic Keratosis (PSK), on the

other hand, is a benign and common lesion that sometimes

even for the most experienced dermatologist can clinically

mimic a malignant melanoma.8 As the same way, some nevi

may be indistinguishable from a normochromic intradermal

nevus (NI). The clinical diagnostic is performed with visual

macroscopic inspection and when a lesion is detected, an

enhanced visualization by dermoscopy is used by dermatolo-

gists. Dermoscopy is a non-invasive optical instrument,

based in microscopy, which uses incident light and oil

immersion to allow the observer looking into the superficial

skin layers, making subsurface structures accessible to visual

examination in vivo.9,10 The gold standard for skin diagnos-

tics is histopathology.11 In developing countries, most of the

population has little to none access to medical specialists, and

by consequence, patients often end up not receiving or facing

a long waiting period for the correct diagnosis. In Brazil,

52.9% of the cities do not offer pathology facilities for patient

analysis of primary care.12 This is particularly alarming,

where the cancer diagnosis at early stages, increases the

chance of complete healing and less morbidity. This is partic-

ularly important especially in cases of surgery, where early

diagnosis usually implies in small tumor tissue volume, facili-

tating complete removal with tumor free margins.2

Diagnosis techniques by fluorescence and reflectance

microscopy are some of the examples of optical techniques

to identify several diseases. Fluorescence reflects chemical

and physical changes occurring in tissue. Since different

tissues or different conditions of the same tissue have distinct

endogenous fluorescence emission, it can be used as a

detection method to improve the accuracy in diagnosis.13
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Fluorescence, by both spectroscopy and widefield imaging

methods, has the ability to reveal cancer lesions as well as

cancerization areas.14 Confocal reflectance microscopy pro-

vides images from very well-defined focus in different focal

planes, providing high resolution images. Although there are

commercial devices that provide viable tissue images with

high-resolution and contrast without performing a biopsy or

processing a tissue sample, as in standard histology, high

costs are involved.15,16 These techniques are harmless and

non-invasive and do not cause pain or discomfort to the

patient. None of those techniques will replace histopathology

as a gold standard but may provide physicians with tools for

discrimination between malignant and benign lesions, mini-

mizing costs, and time for diagnosis.

Factors such as metabolic rate and blood perfusion, in

special when considering abnormal cells, affect the body sur-

face temperature. Malignant tumor cells may thus present

local temperature variations if compared with other lesions,

due to increased metabolic rate and vascularization.17–19

Therefore, a possible approach for the assessment of cancer

lesions is the use of thermography techniques. In thermogra-

phy, the temperature at the body surface is measured and

presented as an image in which a temperature value is mea-

sured and attributed to each pixel. This technique records

body temperature distribution by using the infrared radiation

emitted from the surface of this body, in wavelengths that

range between 7 and 14 lm.20 The interest in using this tech-

nique as a diagnostic approach is increasing because this is a

noninvasive technique and completely safe to humans as it

involves solely detecting the infrared radiation naturally

emitted by the tissues. This technique has been broadly stud-

ied and developed to diagnose breast cancer.20–22 Another

benefit in presenting thermography as an optical technique is

that there are devices ranging within all sort of price varia-

tions, from simple cellular adapters to expensive refrigerated

cameras.23 There are studies in dermatology reported in the

literature that suggest that high temperature is observed in

aggressive tumors such as melanoma; however, to the best

of our knowledge, no study shows temperature changes in a

quantitatively manner, allowing for discrimination of these

tumors when considering clinically similar lesions.24,25

Nonetheless, the differences between lesions’ temperature

are sometimes too subtle to be promptly identified, which

means that an accurate and trustworthy use of this approach

demands adequate methods for the discrimination of similar

thermal images.

The aim of this study is to evaluate the ability of

thermography to discriminate clinically similar lesions. The

thermal images of—BCC versus NI, SCC versus AK, and

melanoma versus PSK—lesions were recorded and com-

pared two-by-two by exploring a processing mathematical

method called support vector machine (SVM). SVM is a

machine learning technique, which originates from statistical

theory and has been widely used in pattern recognition appli-

cations because of its computational efficiency and good

performance. The main advantage of SVM is an ability to

model highly nonlinear systems and find an efficient separation

between them from surface properties.26–28

II. MATERIAL AND METHODS

The infrared images were obtained using a thermal

imager with infrared lens (Fluke
VR

FLK-Ti400 model), with

thermal sensitivity �0.05 �C, precision of 62 �C, image cap-

ture frequency of 60 Hz, and 320 � 240 pixels resolution.29

The equipment accuracy is 62 �C. However, the metrics

analyzed variances within the image itself, i.e., among pix-

els, for which the sensitivity is of at least 0.05 �C. Thus, the

low accuracy for temperature values does not interfere with

the analyses, which will depend on the high sensitivity

instead.

The imager detects simultaneously the visible light and

infrared ranges of the spectrum and shows the image of

choice on its own display, avoiding the need of coupling to a

computer. The device also presents auto focus adjustment

feature, and the screen displays a color scale for the tempera-

tures displayed, and the option to use markers that indicate

the temperature at specific locations. The images can be

downloaded to the computer and edited through the dedi-

cated software Fluke SmartView 3.5, which allows saving

files as thermography image, the visible light image (that is

also registered simultaneously to thermal image), or as a

matrix of the temperature values for each pixel.

Data collection was performed at Skin Department of

Amaral Carvalho Hospital Foundation in Jahu – SP under

supervision of Dr. Ana Gabriela Salvio. Patients were hosted

at a room with temperature set at 22 �C for 10 min before

thermography imaging. Lesions with fluids were cleaned

with dry gauze only. The patient was made comfortable and

the thermal imager was positioned at a distance of 15 cm

from the lesion (which is the minimum distance for the focus

of the device). A sticker with a millimeter scale was attached

close to the lesion as a reference for the lesion size in the

images, and the thermal imager collected both thermal and

white light images.

The interrogated lesions were: 100 BCC, 100 NI, 35

SCC, 35 AK, 20 PSK, and 20 melanomas. The difference in

the numbers for each type of lesion is due to their distinct

incidence rates. The diagnosis was confirmed by the derma-

tologist (A.G.S.) and by histopathology, and the enrolled

patients agreed and signed an informed consent form. The

thermal images analysis was performed using a routine elab-

orated in MATLAB
VR

(R2009a, MathWorks, United States).

A. Image processing and analysis

In order to analyze the temperature and its behavior as a

factor of discrimination between two distinct pathologies,

image processing and analysis techniques were applied to

the obtained dataset. The algorithm was performed in

MATLAB
VR

software and previous analysis was done in

Weka
VR

3.8 (1999–2016, The University of Waikato, New

Zealand).

First, the images were manually cropped. Each image

was cropped as to preserve for analysis a region including

only the lesion itself and a margin of approximately 2 mm

from the edge. There were redundancies (unnecessarily

selected parts of the image, e.g., when a healthy tissue area

is proportionally much larger than the lesion area) and
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obstructions (artifacts from image collection, e.g., pieces of

cloth, hair, or anatomical elements—eye, ear, etc.) to the

image collection such as body hair strand and skin surface

unevenness. Those elements produce image artifacts interfer-

ing on the analysis of the lesion and its surroundings. Thus,

an attribute selection was performed based on the character-

istics of the lesions’ images. Several attributes of lesions

were explored to contribute to the classes’ discrimination.

Assuming Ti as the temperature value of each point in an

image, the following group of characteristics was evaluated:

Statistical Attributes, Histogram Analysis, and Skin-Lesion

Interface (Table I).

Statistical Attributes represent the statistical analysis

of the temperature values for each image, using as attrib-

utes eleven usual statistical parameters, namely: entropy,

maximum-minimum subtraction (“maximum minus

minimum”), mean, standard deviation, variation coeffi-

cient, skewness, kurtosis, contrast, correlation, energy,

and homogeneity.30–32 In addition, texture contrast, corre-

lation energy, and homogeneity attributes were calculated,

where a co-occurrence matrix for neighboring pixels was

extracted for h ¼ 0� and d¼ 1.33,34 Histogram analysis is

based on the values of the temperature histogram of each

image. Each image histogram was fitted by a second-order

polynomial equation, since the histogram best fits a parab-

ola. The equation coefficients obtained were used as attrib-

utes. Skin-lesions interface represents filters that were

used to select only the lesion region and to differentiate

this region from the healthy skin. The filters chosen for

this analysis are Otsu and Weight segmentations and

Prewitt and Roberts filters.30–32

For this, comparison attributes were defined using the

average temperature within and outside the lesion borders,

with borders identified by the different filters applied by each

attribute (“Skin-lesions interface”). All the attributes are

shown and described in Table I. The attributes indicated with

“b” in Table I are those that actually contributed to the dis-

crimination of the pairs, which were selected by the classifier.

B. Classification

Support Vector Machine (SVM) is a useful technique

for many multidimensional classification problems. Like

TABLE I. Metrics used in routine elaborated in MATLAB
VR

.

Statistical attributes

Entropy H ¼
P

ipi: log pið Þa Disorder degree of the image

Maximum minus minimum Tmax � Tmin Difference between maximum and minimum temperature

Meanb
T ¼ 1

N

PN
i¼1 Ti Average of N temperature pixels

Stdb

rT ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i
Ti�Tð Þ2

N�1

r
Standard deviation of temperatures

Cv cv ¼ rT

T
Coefficient of variation

Skewness
S ¼ E Ti�Tð Þ3

r3
T

c Asymmetry of temperature distribution

Kurtb
k ¼ E Ti�Tð Þ4

r4
T

Asymmetry of temperature distribution

Contrastb
P

i

P
j i� jð Þ2:glcm i; jð Þd

Correlation
P

i

P
j

i�ıð Þ j�|ð Þglcm i;jð Þ
rirj

Energyb P
i

P
jglcm i; jð Þ2

Homogeneity
P

i

P
j
glcm i;jð Þ

1þ i�jj j

Histogram analysis

zcoef1b h(T) ¼ zcoef1.T2 þ zcoef2.T þ zcoef3 Histogram polynomial regression zero-excluded – 2nd order

zcoef2

zcoef3b

coef1b h(T) ¼ coef1.T2 þ coef2.T þ coef3 Histogram polynomial regression – 2nd order

coef2

coef3

Skin-lesions interface

DenFor1 … Average temperature inside divided by average temperature outside by Otsu

segmentation

DenFor2 … Average temperature edge divided by average temperature outside “Prewitt” filter

DenFor3 … Average temperature edge divided by average temperature outside “Roberts” filter

DenFor4b … Average temperature inside divided by average temperature outside by Weight

pixel segmentation

Edge1 … Temperature average of the edge “Prewitt” filter

Edge2 … Temperature average of the edge “Roberts” filter

ap(i) is normalized histogram of the image.34

bAttributes selected by the classifier method.
cE(t) represents the expected value of a variable t.34

di and j represent row and column dimensions of the image, and glcm(i, j) represents gray-level cooccurrence matrix.34
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other techniques, the main goal of SVM is to build a model

which predicts the target values for the test set based on it

features. The goal of two-class classification problem using

linear model is design a hyperplane

y xð Þ ¼ wTu xð Þ þ b;

which classifies all the training data correctly. Let a training

set be ðxi; tiÞ; i ¼ 1; …; l; where xi is a feature vector and ti
is the label class from the ith sample. If ti ¼ þ1 is the benign

class, the vector xi satisfies y(xi) > 0, if ti ¼ �1, y(xi) < 0

and xi belongs to a malignant class. SVM algorithm

approaches the problem by applying the concept of margin,

defined by the smallest perpendicular distance between the

decision boundary and the closest data points. Assuming that

the distance of a point to a hyperplane is given by
yðxÞj j
kwk , the

main idea through SVM algorithm solution is search the

parameters w and b of the hyperplane that provides the maxi-

mum possible margin. The optimization problem can be

summarized by

min
w; b; n

1

2
wTwþ C

Xl

i¼1

ni;

subject to

ti wTu xð Þ þ b
� �

� 1� ni;

where C is an error parameter and ni represents penalties for

the i-th point that transgressed the margin.26–28

The solution of this problem requires a kernel function

given by K xi; xjð Þ ¼ uTðxiÞuðxjÞ. In the present study, we

chose a linear kernel K xi; xjð Þ ¼ xT
i xj:

35 The SVM algorithm

was performed with software Weka
VR

3.8 (1999–2016, The

University of Waikato, New Zealand).

C. Validation

Sensitivity is the term that defines how well the method is

effective in correctly identifying the lesions evaluated, which

means those that actually present the characteristic of interest,

in this case the neoplastic lesions (“true positives”). The spe-

cificity of a method instead defines how effective it is to cor-

rectly identify individuals who do not present the condition of

interest, which means non-neoplastic lesion in this case (“true

negatives”). Sensitivity and specificity show better discrimina-

tion power when they reach closer to 1, that is, 100%.36

In a confusion matrix, all the cases of a model in catego-

ries are classified, determining if the predicted value corre-

sponded to the real value. The rows in the matrix represent

the predicted values and the columns represent the real

values. False positive, true positive, false negative, and true

negative terms are used to classify the values of the

matrix.37,38 Thus, for this study, the validation of choice was

the k-fold method using a value of k¼ 10.

III. RESULTS AND DISCUSSION

A. BCC versus NI lesions

Figure 1 presents examples of thermal images of nodular

BCC and NI. BCC lesions in thermal images presented lower

temperature than their surrounding healthy tissue [Fig. 1(a)].

Such observation is in agreement with a study published by

Buzug et al.19 This study showed a single thermal image of a

BCC lesion, selected from the original image by active con-

tour and comparing temperatures within and outside the

lesion spot. In their study, the temperature within the lesion

border is smaller than for the surrounding tissue. They also

show that when this lesion is cooled (by heat transfer to the

skin) to a temperature of 27 �C, the thermal recovery is also

slower than for the surrounding healthy tissue, which they

associate to the fact that these carcinomas are poorly vascu-

larized lesions. Similarly, NI lesions showed lower tempera-

ture than the surrounding tissue [Fig. 1(c)], but temperature

difference from normal tissue was more prominent, so that

the contour of lesion borders is better defined at the thermal

images since an increased contrast is observed.

B. SCC versus AK lesions

AK lesions can evolve into SCC lesions. The difficulty

in discriminating these lesions relies on the fact that malig-

nant progression occurs continuously, so that the features of

both pathologies may be simultaneously present in the site,

increasing the complexity of dermoscopy diagnostics.39

However, from the lesions compared in this study, this

pair presented the greatest visual contrast at the raw thermal

images. SCC region has generally higher temperature within

the lesion site and at its surroundings [Fig. 2(a)]. This is proba-

bly due to the characteristic fast growing and to the increased

aggressiveness of those lesions, which also increases angio-

genic factors,40 whereas thermal images of AK showed almost

no difference in temperature when compared to the surround-

ing region, as one can see in Fig. 2(c).

To the best of our knowledge, no studies aiming to

discriminate SCC and AK lesions were found in literature

using temperature detection to date.4–6 Since AK lesions

may evolve undetected to SCC lesions, this first approach

towards discriminating the lesion staging is important for

clinical assessment, as its outcome could provide a non-

invasive method to detect SCC almost in real-time If proven

with high sensitivity and specificity rates, the thermography

FIG. 1. (a) and (b) The thermal and white light images of a BCC lesion and

(c) and (d) the thermal and white light images of an NI lesion, respectively.
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may constitute an important auxiliary diagnostic tool for

skin cancer screening due to a fast response and large area

interrogation evaluation.

C. Melanoma versus PSK lesions

Thermal images of primary cutaneous melanoma showed

lower temperature within the area of the lesion when compared

to its surrounding tissue, with ill-defined borders [Fig. 3(a)],

while PSK lesions, which are benign lesions, presented higher

contrast between lesion/normal tissue, i.e., an even lower tem-

perature than the surrounding region, and more well-defined

borders for most of the lesions, as seen in Fig. 3(c).

Melanoma has characteristic high aggressiveness and

potential for metastasis. The metabolical conditions that

favor these features are also usually responsible for an

increase in the temperature. However, we can observe from

our data that the temperature of the primary cutaneous mela-

noma lesion is lower than the one for the area surrounding it,

and the lesion borders are usually quite diffuse. However,

melanoma subcutaneous metastasis were also recorded by

thermal images and showed higher temperatures with respect

to the adjacent tissue [Fig. 4(a)]. This observation is in agree-

ment with the study of Shada et al., as they suggest that

small and primary melanoma lesions have limited neovascu-

larization and/or rapid dissipation of heat.25

D. Support vector machine as classifier

After visual analysis, the thermal images were evaluated

by using a routine elaborated in MATLAB
VR

to produce

matrices that store the attributes information for each image.

These matrices were submitted to analysis by the SVM clas-

sifier (from the Weka
VR

software). This classifier correlated

the attributes provided in the matrices using several methods,

searching for the best method to differentiate images, sepa-

rating them in one of the two types of lesions.

The SVM classifier determines the best separation

method for each pair of lesions. The flowcharts obtained for

each pair by using the attributes values are presented in Fig. 5.

Although we have stored 23 attributes to the classifier, we

could observe that only some of these values were used in the

discrimination between the pairs and, for each pair, the classi-

fier selected different attributes, which contributed in the best

to the distinction of each case.

The SVM classifier was thus performed to evaluate the

discrimination between the classes, and the confusion matrix

(a specific table layout that allows visualization of the perfor-

mance of algorithm, each column of the matrix represents

the instances in a predicted class, while each row represents

the instances in an actual class) for each pair of lesions is

presented in Fig. 6.

Figure 6 shows that most of the lesions were classified

correctly. SCC � AK was the pair of lesions that had the

best discrimination (82.9% sensitivity and 85.7% specific-

ity), which was already expected, since this pair of lesions

was the one that showed the greatest visual difference in the

thermal images.

Melanoma � PSK was the pair of lesion with less accu-

racy (65% sensitivity and 70% specificity), but the results

were still quite satisfactory, with most lesions of both types

classified correctly. This lower accuracy is due to the low

incidence rate of melanoma lesions, which resulted in a low

number of melanoma lesions recorded during the timespan

of the study. Further, the cutaneous melanomas registered

are primary and small tumors, and such melanoma lesions do

not present relevant temperature increase due to its low

angiogenesis stimulation.25

FIG. 3. (a) and (b) The thermal and white light images of a melanoma

lesion; and (c) and (d) the thermal and white light images of a PSK lesion,

respectively.

FIG. 4. (a) Thermal image and (b) white light of a subcutaneous melanoma

lesion.

FIG. 2. (a) and (b) The thermal and white light images of a SCC lesion; and

(c) and (d) the thermal and white light images of an AK lesion, respectively.
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Figure 7 shows the Receiver Operating Characteristic

(ROC) curves of lesion pairs, which show the plotting of the

true positive rate against the false positive rate.

Again, SCC�AK showed greater discrimination,

since its true positive rate grows faster than in other curves.

BCC � IN and melanoma � PSK have been shown to have

similar true positive rate growth, showing that the method

has similar discrimination abilities for both lesions. The

melanoma curve � PSK presents a less homogeneous

curve, with a more prominent stepwise increase in the true

positive rate, as a result of having fewer lesions analyzed

in each type.

The results show satisfactory discrimination capacity of

clinically similar lesions, suggesting that the thermography

FIG. 5. The flowcharts obtained to lesions discrimination using the attributes values to (a) BCC versus NI; (b) SCC versus AK, and melanoma versus PSK.

FIG. 6. Confusion matrix obtained by

SVM classifier using the Weka soft-

ware for the pairs (a) BCC � IN; (b)

SCC � AK, and (c) melanoma � PSK.

The rows show the type that the lesion

is and the columns show the type that

the lesion was classified. The sensitiv-

ity and specificity are indicated.
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can be used as a tool to help non-specialist physicians in

accurately diagnosing skin lesions. Used together with der-

moscopy, this method can improve the evaluation result of

each technique alone.

IV. CONCLUSIONS

Thermography is a noninvasive technique completely

safe to humans. Thermal images of clinically similar lesions

showed significant differences between AK and SCC lesions.

The SCC thermal image presented, in general, higher tem-

perature within the lesion site and the immediately surround-

ing region. On the other side, thermal images of AK showed

almost no temperature difference when compared to its sur-

roundings. The pairs of clinically similar lesions, BCC ver-
sus nevus and melanoma versus PSK, presented lower

temperature by the lesion site but, in general, benign lesions

presented a higher definition of borders than malignant

lesions, which means that the delimitation of those lesions is

more clearly distinguishable by the thermal images. This

observation can be justified by the fact that malignant cells

usually stimulate local angiogenesis to provide tumor blood

supply, and as that may provide increased metabolism for

specific tumor cells, it also makes thermal diffusion more

gradual as blood dissipates heat within the surrounding tis-

sue, thus decreasing contrast between lesion and normal tis-

sue in thermal imaging. A MATLAB
VR

routine was used to

evaluate image metrics, and SVM was used as a classifier for

discrimination of lesions based on metrics values and corre-

lation. The results showed satisfactory discrimination of clin-

ically similar lesions, suggesting that thermography can

become a diagnostic tool to auxiliary a faster screening of

suspicious lesions.
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