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CAD UNTUK DETEKSI DINI

• Computer aided diagnosis (CAD) adalah pemanfaatan sistem
komputer untuk menghasilkan output sebagai alat yang dapat
membantu untuk diagnosis klinis.
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URGENSI CAD DETEKSI DINI

• Penyakit tidak terlihat atau terdeteksi sejak awal sehingga sering
diabaikan oleh penderita.

• Tidak ada gejala ringan atau berat sehingga mencapai level yang 
tinggi.

• Pengobatan ketika sudah mencapai level tinggi sudah sangat sulit
dilakukan.

• Diperlukan teknik deteksi dini, yang mudah, praktis, memungkinkan
dilakukan secara mandiri (self screening)
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CITRA TERMAL

• Pendekatan untuk memperoleh fitur termal (thermal signature) suatu
objek (tanpa kontak langsung) sering dikenal sebagai pencitraan
termal (thermal imaging) atau thermography

(source: windpowerengeneering.com)
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PEMANFAATAN CITRA TERMAL
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Figure 7. Left) an example of thermal image of his face and thumb finger, and widely used ROIs, Right) 

examples of thermal directional responses of selected ROIs to a person’s affective states. 

 

 

Mental stress and workload 

Genno et al. [39] analyzed nose and forehead temperatures to observe their directional responses to mental 

stressors. Using a contact-based multi-channel thermistor, they measured temperatures during both a resting 

period and a self-designed stress induction task. During the tasks, participants were required to keep searching 

for a moving virtual object on a computer screen which suddenly pops up with a flash lightening effect and 

a loud siren sound feedback as the onset of stressors. To minimize effects of ambient temperature the authors 

controlled the room temperature. In the analysis, they compared temperature of the nose directly with that of 

the forehead. They reported a significant decrease in the nose temperature under the stress condition. On the 

other hand, forehead temperatures of participants were stable. Despite the use of contact-based sensor (not 

thermal imaging), the result showed greater potentials of the nasal thermal directional change as a stress 

indicator. This leads to the following studies using different experimental protocols and more importantly, 

using contact-free thermography. ROIs have also been extended to peripheral facial areas including peri-

nasal regions, supraorbital and frontalis areas [30,87,90,99,114] 

Using a high-resolution thermal imaging system, Or and Duffy [87] observed significant thermal changes of 

the nose in a negative direction during a driving simulation task (3min) and a real-field driving task (5min) 

in comparison with pre-driving sessions as the baseline. Both tasks were designed to induce a considerable 

amount of mental stressors. The authors confirmed there was no significant change in temperature of the 

forehead. More recently, the similar pattern was reported from studies using the Stroop color-word test [2]. 

During the Stroop test [111], participants are required to name the color of words while the meaning of each 

word was presented either incongruent or congruent. This test has been widely used as a means of producing 

cognitive load-induced mental stress in neuroscientific [112] and psychophysiological studies [15,99].   

Engert et al. [30] have extended ROIs by observing temperature patterns from periorbital, perioral, corrugator 

and chin, as well as the nose and forehead regions. The authors conducted a study using the trier social stress 

test [67] that consists of a mock-up job interview and a difficult mental arithmetic task. The study reported a 

significant decrease in temperature not only on the nose tip, but also on chin and corrugator areas under the 

stressful condition. However, in a highly controlled experiment using a chin rest [114], such areas other than 

the nose tip did not respond to mental stressors. The study used a mental memory task and monitored the 

thermal directional change of 17 facial ROIs including the nose tip, chin and corrugator (outside an eye and 

PUSAT RISET TELEMATIKA



KELEBIHAN DAN KEKURANGAN CITRA TERMAL

• MAMPU MEMETAKAN KONDISI JARINGAN BAGIAN DALAM TUBUH 
MANUSIA.

• FAKTOR EKSTERNAL BERUPA SUHU ATAU TEMPERATUR SANGAT 
MENENTUKAN HASIL.

• CITRA AKUISISI SANGAT BERGANTUNG KEPADA SENSOR TERMAL DAN 
KONDISI TERMAL TUBUH.

• DIBUTUHKAN NORMALISASI SAAT PEMETAAN SUHU MENJADI CITRA 
TERVISUALIASI.

• SENSOR YANG AKURAT MASIH SANGAT MAHAL
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KAMERA TERMAL FLIR E95
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FLIR E95 Datasheet
( https://www.flir.com/support/products/e95/#Documents )
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FLIR E95 Datasheet
( https://www.flir.com/support/products/e95/#Documents )
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DEEP LEARNING

PUSAT RISET TELEMATIKA

• SALAH SATU SISTEM KECERDASAN ARTIFISIAL YANG MEMPUNYAI 
KINERJA YANG SANGAT BAIK. 

• BEKERJA DENGAN MENGHASILKAN FITUR SECARA ARTIFISIAL DAN 
MENGKOMBINASIKAN SETIAP FITUR DENGAN METODE 
KLASIFIKASINYA.

• DEEP LEARNING MEMBUTUHKAN DATA DAN SUMBER DAYA YANG 
BESAR.



APLIKASI SISTEM DETEKSI DINI

Mobile 
Thermal 
Imaging 
based 

Intelligent 
Devices

Thermal 
Imaging

Artificial 
Intelligent/Deep 

Learning

Mobile 
Applications
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Roslidar et al.: A Review on Recent Progress of Thermal Imaging and Deep Learning Approaches for Breast Cancer Detection

FIGURE 5. Convolutional Neural Network for BC early detection using breast thermal images.

TABLE 3. Works on breast thermogram classification using artificial neural

network

Paper Classifier Result

E. Y. K. Ng., et al.,
2002 [17]

ANN Accuracy diagnose of breast
cancer 61.54%

Jakubowska, et al.,
2004 [18]

ANN + NDA The classes were not well sep-
arated

Koay, et al., 2004
[19]

BP ANN + RP BP
ANN + LM

Whole breast: one image mis-
classified both for ANN using
LM and RPBreast quadrant: all
imageclassified correctly using
LM

E. Y. K. Ng and E.
C. Kee, 2008 [20]

ANN + RBFN Accuracy 80.95%

Acharya et al.,
2012 [21]

SVM Accuracy 88.10%

Milosevic et al.,
2014 [22]

SVM, Naïve Bayes,
and k-NN

SVM accuracy 85% Naïve
Bayes accuracy 80% k-NN ac-
curacy 92.5%

Sathish et al., 2016
[23]

SVM RBF Accuracy 90%

Nicandro et al.
2013 [24]

Bayesian Network Accuracy 71.88%

EtehadTavakol et
al. 2013 [25]

Adaptive boosting Accuracy 95% for detecting
malignant cases

Mambou et al.,
2018 [26]

DNN (InceptionV3)
+ SVM

The confidence classification
of sick image is 0.78 and the
healthy image is 0.94

Nasser et al., 2019
[28]

Multilayer Perceptron Accuracy 95%

Baffa and Lattari,
2018 [85]

CNNs Accuracy 98% for static and
95% for dynamic protocol

Roslidar et al.,
2019 [86]

DenseNet201,
ResNet101,
MobileNetV2,
ShuffleNetV2

MobileNetV2 outperforms
with the accuracy of 100% for
static dataset and 99.6% for
dynamic dataset

Torres-Galvan et
al. [87]

VGG-16, ResNet-
101, AlexNet,
GoogLeNet, VGG-
19, ResNet-50,
Inception-v3

VGG-16 outperformed with
balanced accuracy of 91.18%

Fernández-ovies
and Andrés, 2019
[88]

ResNet18,
ResNet34, ResNet50,
ResNet152, VGG16,
and VGG19

ResNet50 resulted the highest
accuracy (98.75%)

Zuluaga-Gomez et
al. 2019 [89]

Proposed CNNs Accuracy 92%

Common techniques used for breast thermal image pre-

processing include resizing, region of interest (ROI) segmen-

tation, and augmentation. Image resizing intents to provide

thebasesize for all input images. Thesizeof the imagecom-

prises the weight, height, and #RGB channels. For example,

given that the breast thermal image has three RGB channels,

thus the size is 224×224×3 with a square size weight of 224

and height at 224.

Image segmentation takes the ROI and eliminates the rest.

TheROI of the breast thermogram should include half of the

armpit so that all breast tissue and near ganglion groups are

covered [14]. Some segmentation techniques of the thermal

image were listed in Table 4. Various segmentation tech-

niques were applied to determine the best way to produce

theROI to allow optimum feature extraction. Thesegmented

ROI of breast thermogram show significant increase in tem-

perature compared to the neighbouring area.

A review of ROIs extraction in thermography image for

medical purpose was done in [92]. As automatic segmenta-

tion approaches lead to fast and highly reproducible analysis,

it isessential to standardize theanatomical landmarks of ROI

to the egdes of th image while data aquisition. The charac-

teristics points to be chosen prior developing the automatic

segmentation approach are [92]:

• thermal feature or local thermal pattern, thetemperature

distribution pattern is different and invariant in contrast

to adjacent regions.

• topographic anatomy, the geometric shape and arrange-

ment of anatomical landmarks arewell-defined.

• antropometic ratios, thedifferent body proportionsshow

good agreement among each other.

Another process in preparing the dataset before feeding it

to the NN is augmentation. This process aims to deal with

limited dataset. The works in [89] convey four types of data

augmentation; horizontal and vertical flip, rotation between

0–45 degrees, 20% zoom, and normalized noise.

The quality of the dataset fed into the NNs also affects

the accuracy of the image classification. The research in

8 VOLUME 4, 2016

(Roslidar, 2019)
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BREACNET DEVELOPMENT
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PENGARUH SEGMENTASI
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MOBILE APPS

• https://play.google.com/store/apps/details?id=com.breacnet.breacnet
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APLIKASI DEEP LEARNING UNTUK KAKI ULKUS

• Diabetes Mellitus (DM) adalah salah satu penyebab kematian paling
sering di dunia.

• DM disebabkan oleh aktivitas insulin yang tidak normal.

• Salah satu akibat dari DM yang paling berbahaya adalah kaki ulkus.

• Kaki ulkus disebabkan oleh rusaknya jaringan kulit yang ada tapak kaki.

• Pencegahan kaki ulkus dapat dilakukan dengan melakukan deteksi dini
terhadap kaki ulkus dan dilakukan perawatan.

PUSAT RISET TELEMATIKA



APLIKASI DEEP LEARNING UNTUK KAKI ULKUS
Roslidar et al.: A Review on Recent Progress of Thermal Imaging and Deep Learning Approaches for Breast Cancer Detection

FIGURE 5. Convolutional Neural Network for BC early detection using breast thermal images.

TABLE 3. Works on breast thermogram classification using artificial neural

network

Paper Classifier Result

E. Y. K. Ng., et al.,
2002 [17]

ANN Accuracy diagnose of breast
cancer 61.54%

Jakubowska, et al.,
2004 [18]

ANN + NDA The classes were not well sep-
arated

Koay, et al., 2004
[19]

BP ANN + RP BP
ANN + LM

Whole breast: one image mis-
classified both for ANN using
LM and RPBreast quadrant: all
imageclassified correctly using
LM
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Acharya et al.,
2012 [21]

SVM Accuracy 88.10%

Milosevic et al.,
2014 [22]

SVM, Naïve Bayes,
and k-NN

SVM accuracy 85% Naïve
Bayes accuracy 80% k-NN ac-
curacy 92.5%

Sathish et al., 2016
[23]

SVM RBF Accuracy 90%

Nicandro et al.
2013 [24]

Bayesian Network Accuracy 71.88%
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al. 2013 [25]

Adaptive boosting Accuracy 95% for detecting
malignant cases

Mambou et al.,
2018 [26]

DNN (InceptionV3)
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The confidence classification
of sick image is 0.78 and the
healthy image is 0.94

Nasser et al., 2019
[28]

Multilayer Perceptron Accuracy 95%

Baffa and Lattari,
2018 [85]

CNNs Accuracy 98% for static and
95% for dynamic protocol

Roslidar et al.,
2019 [86]
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ResNet101,
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ShuffleNetV2

MobileNetV2 outperforms
with the accuracy of 100% for
static dataset and 99.6% for
dynamic dataset
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GoogLeNet, VGG-
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Inception-v3
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[88]

ResNet18,
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ResNet152, VGG16,
and VGG19

ResNet50 resulted the highest
accuracy (98.75%)
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al. 2019 [89]

Proposed CNNs Accuracy 92%

Common techniques used for breast thermal image pre-

processing include resizing, region of interest (ROI) segmen-

tation, and augmentation. Image resizing intents to provide

thebasesize for all input images. Thesizeof the imagecom-

prises the weight, height, and #RGB channels. For example,

given that the breast thermal image has three RGB channels,

thus the size is 224×224×3 with a square size weight of 224

and height at 224.

Image segmentation takes the ROI and eliminates the rest.

TheROI of the breast thermogram should include half of the

armpit so that all breast tissue and near ganglion groups are

covered [14]. Some segmentation techniques of the thermal

image were listed in Table 4. Various segmentation tech-

niques were applied to determine the best way to produce

theROI to allow optimum feature extraction. Thesegmented

ROI of breast thermogram show significant increase in tem-

perature compared to the neighbouring area.

A review of ROIs extraction in thermography image for

medical purpose was done in [92]. As automatic segmenta-

tion approaches lead to fast and highly reproducible analysis,

it isessential to standardize theanatomical landmarks of ROI

to the egdes of th image while data aquisition. The charac-

teristics points to be chosen prior developing the automatic

segmentation approach are [92]:

• thermal feature or local thermal pattern, thetemperature

distribution pattern is different and invariant in contrast

to adjacent regions.

• topographic anatomy, the geometric shape and arrange-

ment of anatomical landmarks arewell-defined.

• antropometic ratios, thedifferent body proportionsshow

good agreement among each other.

Another process in preparing the dataset before feeding it

to the NN is augmentation. This process aims to deal with

limited dataset. The works in [89] convey four types of data

augmentation; horizontal and vertical flip, rotation between

0–45 degrees, 20% zoom, and normalized noise.

The quality of the dataset fed into the NNs also affects

the accuracy of the image classification. The research in
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APLIKASI DEEP LEARNING UNTUK KAKI ULKUS
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Figure 3.9: Experimental set-up and graphic representation of designated areas in 

both feet: A and G, hallux; B and H, lesser toes; C and I, forefoot; D and J, arch; 

E and K, lateral sole; F and L, heel. [Sun et al., 2006] 

 

The normalized temperature was calculated as:  TN = |ΔT°| / TR where TN is the normalized 

temperature (no unit), |ΔT°| = |TR – TMF| the temperature difference (°C), TR the 

corresponding forehead temperature (°C) and TMF is the mean foot temperature (°C). This 

temperature normalization was adopted in this study for its reported good reliability.   

 

All diabetic patients underwent a quantitative neurological examination, followed by a set of 

nerve conduction studies to evaluate peripheral somatic nerve function. The 128 Hz tuning 

fork and Semmes–Weinstein monofilament were applied to the dorsum of the great toe, and 

the patients were asked to respond if they felt the vibration or light touch. The sensation, 

muscle strength and tendon reflex was scored separately according to the described criteria 

[Feldman, 1994]. The sural, peroneal motor, median sensory and motor, and ulnar sensory 

nerves were evaluated. The severity of somatic neuropathy was graded according to the 

Michigan Diabetic Neuropathy Score. Each patient was given a composite score and graded 

based on the sum of scores on the clinical examination and the number of abnormal nerve 

conductions. Diabetic patients with neuropathy score > 6 points were considered clinically 

abnormal, and patients having two or more abnormal conduction studies were considered 

electrophysiologically abnormal. 

 

The measurement of plantar skin temperature using infrared can discern small thermal 

difference beyond the palpable limit, particularly for the patients without gross inflammatory 

symptoms as in our experiment. Sympathetic dysfunction in the lower limbs leads to reduced 

sweating and dry skin, which is prone to crack and fissure. These dermatological conditions 

are highly related to thermoregulatory sweating abnormalities [Springett, 2002]. The diabetic 

patients in this study were categorized based on the degree of peripheral sudomotor 

dysfunctions. The concordance of results of the patients’ grouping and the skin temperature 

difference implies that small fiber neuropathy plays a preliminary role in the development of 

microcirculatory disturbance. The at-risk patients all showed absence of sympathetic skin 

response in both feet. The decreased sudomotor activity and concomitant thermoregulatory 

disturbance should be an early sign of sympathetic damage in diabetic feet [Hoeldtke, 2001]. 

(Vilchauman, 2014)
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DATASET THERMOGRAM DFU
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(Hernandez-Contreras, 2019)



APLIKASI DEEP LEARNING UNTUK KAKI ULKUS

• Data Augmentasi

• Variasi dataset yang rendah
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MOBILE APPS
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APLIKASI DEEP LEARNING UNTUK OBESITAS

• Obesitas adalah kondisi dimana terdapat lemak berlebihan dalam
tubuh.

• Kondisi ini dapat menjadi pemicu penyakit membahayakan lainnya
seperti diabetes, heart disease, stroke, dan cancer (Berglund, 2018).

• Citra termal dapat digunakan untuk mendeteksi obesitas, karena
mampu mengukur jaringan brown adipose tissue (BAT) yang
mengubah energi pada makanan menjadi termal.

PUSAT RISET TELEMATIKA



APLIKASI DEEP LEARNING UNTUK OBESITAS

PUSAT RISET TELEMATIKA



Region of Interest (ROI) Measurement
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Citra Termal Normal

1. Supraclavicular (Bagian Leher)

Citra Termal Obesitas

2. Abdomen (Bagian Perut)

1. Supraclavicular (Bagian Leher)

2. Abdomen (Bagian Perut)
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Citra Termal Normal

3. Forearm (Bagian Lengan)

Citra Termal Obesitas

4. Bagian Palm (Telapak Tangan)

3. Forearm (Bagian Lengan)

4. Bagian Palm (Telapak Tangan)
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Citra Termal Normal

5. Shank (Bagian Paha)

Citra Termal Obesitas

5. Shank (Bagian Paha)
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TANTANGAN DAN HAMBATAN

• JUMLAH DATASET SANGAT SEDIKIT UNTUK IMPLEMENTASI DEEP 
LEARNING

• AUGMENTASI MENGHASILKAN DATA YANG DENGAN VARIANS YANG 
RENDAH.

• DATASET YANG TIDAK SEIMBANG (IMBALANCE)
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KESIMPULAN

• CITRA TERMAL SANGAT COCOK UNTUK DETEKSI DINI DAN BERPOTENSI 
DIKEMBANGKAN DI INONESIA.

• MAMPU MEMETAKAN KONDISI JARINGAN TUBUH BAGIAN DALAM DAN 
TIDAK DAPAT DIVISUALISASI

• PERANGKAT CERDAS BERBASIS THERMAL IMAGING DAPAT DIBANGUN 
DENGAN INTEGRASI TERMOGRAFI + KECERDASAN ARTIFISIAL + PERANGKAT 
MOBILE

• KAJIAN DAN RISET LINTASDISIPLIN DIBUTUHKAN UNTUK MENGHASILKAN 
PERANGKAT CERDAS BERBASIS TERMOGRAFI YANG APLIKATIF DI BERBAGAI 
BIDANG.

• INTERAKSI DAN RISET LINTASDISIPLIN PERLU LEBIH DIGERAKKAN UNTUK 
MEMPERKUAT KONTRIBUSI PT DALAM  PENYELESAIAN PERSOALAN DI 
BERBAGAI BIDANG.
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