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Real-time, contact-free temperature monitoring of low to medium range (30 °C-150 °C) has been extensively used in
industry and agriculture, which is usually realized by costly infrared temperature detection methods. This paper proposes
an alternative approach of extracting temperature information in real time from the visible light images of the monitoring
target using a convolutional neural network (CNN). A mean-square error of < 1.119 °C was reached in the temperature
measurements of low to medium range using the CNN and the visible light images. Imaging angle and imaging distance do
not affect the temperature detection using visible optical images by the CNN. Moreover, the CNN has a certain illuminance
generalization ability capable of detection temperature information from the images which were collected under different
illuminance and were not used for training. Compared to the conventional machine learning algorithms mentioned in the
recent literatures, this real-time, contact-free temperature measurement approach that does not require any further image
processing operations facilitates temperature monitoring applications in the industrial and civil fields.

Keywords: convolutional neural network, visible light image, temperature measurement, low-to-medium-

range temperatures
PACS: 07.05.Mh, 07.07.Df, 78.20.Ci

1. Introduction

Measurement of common temperatures (30 °C-150 °C)
that are closely related to human activities is in great demand
in a wide range of industrial, agricultural, civil, and medical
applications.!!'=3! Typically, common temperature objects ra-
diate heat outwards in the form of infrared electromagnetic
waves at infrared wavelengths (6 wm—13 pum), which are not
detectable by the sensors of cameras developed for visible
light imaging. Thus, a widely used, non-contact method of
common temperature measurement is infrared thermometry
using infrared sensors.* Despite the fact that infrared ther-
mometry is now very well developed, high cost in hardware
becomes a barrier to its widespread use.>! Nowadays, surveil-
lance cameras are present in all corners of this world, espe-
cially in the industrial fields such as power grids. On condition
that these cameras could also be used to monitor the temper-
ature of certain objects in front of the cameras in real time, it
will be great significance for the operation and maintenance of
places such as substations. The visible light that illuminates
an object of temperature of low to medium range is reflected
from it and modulated by its temperature simultaneously.!6!
Thus, the light reflected by an object actually contains temper-
ature information of object itself. If the temperature informa-
tion can be extracted from the visible light reflected from the
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object that captured by the sensors of surveillance cameras,
the monitoring of low-to-medium-range temperatures by using
visible optical image can be realized. This method is known
as thermoreflectance imaging technology, which can be traced
back to the 1960s. However, because there is no simple lin-
ear relationship between reflectivity and temperature, it is still
a great challenge for the realization of temperature monitor-
ing by the thermoreflectance visible imaging technology.!”~'?!
Recently, with the rise of machine learning techniques, re-
searchers have made efforts to apply machine learning to vis-
ible light thermometry of metal surfaces of low to medium
temperature range. Such as, a prediction model describing
the connection between image features and temperature was
proposed by Wang et al., and it was combined with Retinex

(131 Li e al. proposed a full-

theory to improve the accuracy;
wavelength multi-incidence angle thermally modulated light
reflection temperature measurement mechanism based on visi-
ble images, and an error of 0.7 °C was achieved with images of
RAW format as the optimizing data;®! Du reported the visible
light thermometry in sunlight conditions using machine learn-
ing, resulting in errors of below 2.8 °C for aluminum alloy
wire clamps, 3.9 °C for copper tinned wire rows and 2.87 °C
for copper wire rows;!'4! Nie er al. proposed a similar ma-
chine learning approach in sunlight environment while using
videos from surveillance camera as the data for temperature
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information extraction.!'> These works stated above all em-
ployed the same machine learning algorithm, k-nearest neigh-
bor algorithm (KNN). The KNN approach involves a tedious
operation procedure of labeling the input data, classifying data
through human perception and finally training the predictive
model to build the connection between the input data and the
labels. In such a procedure, significant human intervention of
recognizing key features for classification is required and the
final accuracy also highly relies on the researchers’ sophistica-
tion of classification.!'®!7l Compared with machine learning,
deep learning learns without human intervention and allows
for a deeper, more abstract description of the properties and
features of objects.!'8! With its powerful learning capabilities,
deep learning has been used extensively in recent years in im-
age processing applications.['2!] In order to realize visible
light thermometry conveniently, the exploration of extracting
temperature information from visible optical images utilizing
deep learning would be a very meaningful work. Therefore,
the visible light thermometry utilizing deep learning has been
study in this paper, hoping to realize the target temperature
measurement by using the images collected by security cam-
eras. In the subsequent sections of this paper, the theoretical
analysis, experimental process, and detection results for com-
mon temperature measurement by using the CNN will be dis-
cussed in detail.

2. Theoretical analysis of the CNN for common
temperature measurement

Reflected light from the surface of the target object can be
derived from the Fresnel equation, which is a complex func-
tion of the general refractive index, extinction coefficient, and
angle of incidence. The spectral flux that reflected from the
surface of the target object received by the camera can be ex-
pressed as

P (L) = D[AF (n,k,0)I,(A)+ BF (n,k,0) (1)
+CF (n,k,0) L (2)], (D

where F(n,k,0) is the Fresnel reflectance, n is the refractive
index, k and O are the extinction coefficient and the incident
angle respectively. I;(4) and @y, (A1) in Eq. (1) are the inten-
sity of incident light and the value of illumination received by
each pixel of the CCD camera. A, B, and C are the constants
determined by the surface roughness of the object, the inher-
ent structural parameters of the camera and the position of the
camera relative to the observed surface. Since the general re-
fractive index and extinction coefficient are the functions of
wavelength and temperature of the target object, the Fresnel
reflectance is also a function of wavelength and temperature. %!
According to Eq. (1), the refractive index of the target object
changes with its temperature, which alters the illuminance re-
ceived by each pixel of the camera. Moreover, the illumination

values of the red, green, and blue channels for each pixel of a
color camera are

R= [Vi(2) @ (1) a2, o)
G= [Ve(R) @A) d, 3)
B= V() ®m(2)d2, @

where V; (1), Vg (4), and V4, (1) are the spectral response func-
tions for red, green, and blue channels. Obviously, the temper-
ature of the target object not only affects the grayscale illumi-
nance of each pixel, but also affects the distribution of illumi-
nance in different color channels of a color image. Therefore,
temperature detection of the target object through visible light
optical images is feasible if temperature features can be ex-
tracted and calibrated from images of different target temper-
atures in advance.

In order to obtain visible light optical images for temper-
ature information extraction and calibration, a copper sheet,
which was taken as target object, attached on a hotplate was
employed as the target for temperature detection, as shown in
Fig. 1. The hotplate is a stainless-steel electric heating plate of
model type DB-1 with temperature range from room temper-
ature to 300 °C and temperature control accuracy of 0.1 °C.
The thermocouple sensor of a thermometer was attached on
the copper sheet to monitor its real-time temperature. The
Pike F-421B camera with 20482048 resolution and 16-bit
TIFF output image formation was used to take the pictures
of the target at different temperatures. One LED light with
adjustable brightness was placed above the target as the illu-
mination light source. The temperature of the hotplate was
adjusted upward in steps of 5 °C and 200 images of the tar-
get were taken for each temperature step. A data set including
2600 images was then constructed for the temperature range
from 30 °C to 90 °C.

%, & /

(
s get object \
Hotplate --°C i

4

Fig. 1. Optical imaging diagram in the laboratory.

A convolutional neural network (CNN) is used for target
temperature detection of the copper sheet from the acquired
image data set. In order for the network to recognize target
features at different temperatures to determine the current tem-
perature of the target, the network should be first trained with
appropriate data set. The pre-prepared data set of target im-
ages at different temperatures was divided into three portions
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of the training set, the validation set, and the test set, the exact
numbers of which are 2080, 560, and 280, respectively. Each
image in the data sets was cropped to 150 150 pixels to max-
imize target retention and remove unwanted background. The
structure of the CNN network is shown in Fig. 2. It is com-
posed of four parts: input layer (Input), convolutional layer
(Conv), pooling layer (Pooling), and fully connected layer
(FC). The input layer is a matrix of 150x150 in size that
is identical to the pixel size of the images in the data sets.
The convolutional layer is the core of the network and per-
forms convolution operations to extract image features, which
is done by converting the image into a matrix using a 3x3
convolution kernel sliding from the top left corner and whose
result is a 3 x 3 output matrix. For RGB color images, the
convolution results of three channels are summed up to form
the output. There are three convolutional layers in the network
with the number of convolutional kernels of 512, 256, and 128
respectively and the step size of 1. Maximum pooling is used
in the pooling layer, for which the maximum value is selected
from the neighboring regions as a representative of that region
to reduce the amount of computation and prevent overfitting.
A maximum pooling layer of size (2, 2) is used behind each
convolutional layer in the model. Neurons in the fully con-
nected layer are associated with each position in the convolu-
tional layer, compressing the features into vectors to facilitate
classification by the classifier. The number of neurons in each
layer is gradually reduced through a series of dense layers and
ReLU is used as the activation function. In the final layer, a
single neuron is employed for regression task, the output value
of which represents the predicted value of the target variable.
In addition, the CNN model in this paper was trained with the
batch size of 20 and the learning rate of 0.0002. The mean
squared error (MSE) and Adam algorithm were used as the
loss function and the optimization algorithm for the model, re-
spectively.
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Fig. 2. Network structure of the CNN.

After 20 epochs of training, the images of the test set were
fed to the CNN which output the predicted temperatures based
on the image features. The predicted temperatures were used
to compare with the actual temperatures corresponding to the
images as a way to verify the accuracy of temperature detec-
tion by the CNN. The verification results are shown in Fig. 3.
It can be found obviously that the predicted temperatures are
in good agreement with the actual temperatures and the trained
CNN can accurately achieve the temperature of the target from
its visible optical images. Figure 3 shows reducing the illumi-
nation from 600 lux to 400 lux does not increase the prediction
error that is < £2 °C for both cases. This result shows that
the temperature information of a target can be detected from
its visible light images by using the CNN, that is, the method
based on deep learning can be used for the detection of com-
mon temperatures through visible light images.

90 b— Actual temperature

e Predicted temperature (600 lux)
80} 4 Predicted temperature (400 lux x
T0F
60

50

Temperature (°C)

40

30

30 40 50 60 70 80 90
Temperature (°C)

Fig. 3. Temperature detection by the CNN under different illuminances.

3. Temperature detection by CNN in sunlight
environment

In many applications, temperature detection is performed
outdoors, and the reflected light from target object comes from
sunlight. In order to investigate whether this visible light tem-
perature detection approach by using the CNN is applicable
to outdoor temperature detection, the experiment mentioned
above was moved to an outdoor environment to collect the
images of data sets and the experimental setup is indicated
Fig. 4. Copper sheet attached onto the hotplate was still em-
ployed as the target of temperature detection, as shown in inset
(b) of Fig. 4. The thermometer with its thermocouple sensor
attached onto the copper sheet indicating the accurate temper-
ature of the target. A spectral color illuminance meter (SPIC-
200) was used to monitor the color temperature and illumi-
nance of the ambient light, as shown in insets (a) and (d) of
Fig. 4. The SPIC-200 meter measures the illuminance ranging
from 0.1 lux to 200 klux with an accuracy of +(3% reading
+1). A Canon EOS 200D II camera was used to capture a
video of the target and then still images of 8-bit JPG forma-
tion were extracted from the video. The reason for having the
camera take video instead of photos is that, in some real-world
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applications, surveillance cameras that take video are used to
fulfill the job of visible light temperature detection and this
experiment was designed to simulate a real-world application
scenario. The target was first heated to a certain temperature
by the hot plate, then the hot plate was turned off and the tar-
get cooled naturally while the camera started recording video.
The recording process lasted about 30 min, during which the
target temperature dropped from 130 °C to around 45 °C. A
total of 4.6 x 10* frames within the 30-min acquisition period.
A total of 4.6 x 10* frames were extracted from this 30-min
video and categorized according to the actual temperature of
the target at each frame. They were then divided into a training
set, a test set and a validation set. The camera’s imaging angle
and imaging distance may affect the accuracy of temperature
detection, so a series of experiments with different imaging
angles and imaging distances were carried out and 4.6 x 10%
images were obtained for each experiment.

=

. Hot

Camera

Fig. 4. Experimental setup for temperature detection in outdoor envi-
ronment.

An epoch in the network training process refers to a single
pass through the entire training set, which is used to determine
when to stop training. After each epoch, the accuracy for the
CNN trained with images of the training set are calculated and
plotted in Fig. 5. Apparently, with the increase of epochs the
detection accuracy of CNN is gradually increased. However,
the accuracy of CNN via training epoch for different imag-
ing distances is different. The closer the imaging distance, the
higher the detection accuracy, and the optimal accuracy was
obtained for the imaging distance of 2 m. This may be at-
tributed to the fact that the image of closer imaging distance
contains clearer and richer details of the target, which help the
model learn the target temperature information better. Sim-
ilarly, the curve for the imaging distance of 6 m shows the

worst accuracy due to the loss of target details in the images,
which make it difficult for the model to capture subtle changes
in the target temperature.

0.7
—2m
0.6F—4 m
—6m
0.5
&
s 0.4F
—
g
© 0.3fF
<
0.2F
0.1p
0 0 5 10 15 20

Epoch

Fig. 5. Accuracy derived from training at different distances.

After the training was completed, the images in the test
set were used to verify the performance of this CNN on tem-
perature detection. For the experiments in which the camera
was located directly in front of the target, the results are illus-
trated in Fig. 6, in which panels (a), (b), and (c) are the ex-
perimental results for the imaging distances of 2 m, 4 m, and
6 m, respectively. As it can be seen from Fig. 6, the trained
CNN is able to detect the target temperatures from the visi-
ble images effectively under all three imaging distance condi-
tions. To quantify the accuracy of detection, mean absolute
error (MAE) between the predicted temperatures and the ac-
tual temperatures was calculated using Eq. (5) where n is the
number of samples, represents the actual temperature and rep-
resents the predicted temperature. The MAEs corresponding
to the imaging distances of 2 m, 4 m, and 6 m are 1.119 °C,
1.366 °C, and 2.897 °C, respectively. By comparing the three
MAE:s it can be concluded that the detection error of the CNN
increases with the increase of the imaging distance. This result
can be attributed to the loss of reflected light signal, because
with the increase of imaging distance the monitoring object
occupying fewer pixels on the imaging surface. This can be
attributed to the loss of reflected light signal. As the imaging
distance increases, the pixel size occupied by the target in the
image becomes smaller. Therefore, the target image contains
less temperature information and the temperature detection be-
comes more difficult.

1 n
MAE = <n> Y i —xil, o)

As it can be shown in Eq. (1), background illuminance is
an important parameter that affects the performance of tem-
perature detection using visible optical images. In the afore-
mentioned outdoor temperature detection experiments, target
image collections were performed in an outdoor environment
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without active lighting, in which the real-time ambient illumi-
nance was also recorded simultaneously. As shown in the ex-
perimental setup of Fig. 4, an SPIC-200 spectral color illumi-
nance meter was utilized to measure the ambient illuminance
value. The variations of measured illuminance over time dur-
ing aforementioned experiments are depicted in Fig. 7(a). As
it can be seen from Fig. 7(a), the background illuminance fluc-
tuated during the video recording processes, i.e., while the tar-
get was experiencing temperature changes. Among the illumi-
nance curves in Fig. 7(a), the greatest variation in ambient il-
luminance is observed for the experiment with an imaging dis-
tance of 4 m, which varies from 400 lux to 1300 lux. However,

from the results in Fig. 6, such a huge change in background
illumination in this experiment did not result in a substantial
increase in detection error. For the temperature detection ex-
periment with an imaging distance of 6 m, the background
illuminance varied only from 350 lux to 600 lux during the
image collection process. The MAE of 1.366 °C for temper-
ature detection at 4-m imaging distance is much smaller than
the MAE of 2.897 °C for temperature detection at 6-m imag-
ing distance. This suggests that an appropriately trained CNN
can detect temperature information from a visible light image

even if this image is captured under different illuminance.

— Actual temperature (a) — Actual temperature (b) ) 120 } — Actual temperature (C)
. 120 - Predicted temperature > 120} * Predicted temperature o + Predicted temperature g
S 2 ' £ 120
& 100 o o
g E 100 E 100
T 80 e g
g 5 80 2 80
£ 60 5§ 60 5
60
& MAE=1.119°C | © MAE =1.366 °C & MAE = 2.897 °C
40
0300 200 600 800 0 200 400 600 800 0200 400 600 800
Image number Image number Image number
Fig. 6. Temperature detection results for experimental setups of different imaging distances: (a) 2 m, (b) 4 m, and (c) 6 m.
~ 1400 m ) = dent light’s color temperature lead to changes in deep semantic
= a . . .
< 1200f - é m . chromatic features (DSCFs) of the target image, such as pixel
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% 1000} mean, polar deviation, and standard deviation. As a result,
5_,; sool variation in color temperature may interfere with the target
- temperature information embedded in the image, thus affect-
< 600} . . . .
& ing the temperature information extraction and temperature
= L . .. . .
2 400 detection by the CNN. From the results indicated in Fig. 7(b),
é 200¢ the trained CNN can still detect temperature information from
ol , . . . . . a visible light image even if this image is captured under dif-
0 5 10 15 20 25 30
T (min) ferent color temperatures.
8000 5 In real application scenarios, the target to be measured in
—— m
7500 —e— 4 m (b) temperature is not necessarily located directly in front of the
7000f ~*~ 6 m camera, but more often than not, is imaged at an angle from
g 65001 the side. Different imaging angles may change the gray scale
= 6000y S T distribution and DSCFs of the target in the image. Thus the
& 5500} L S,
000l effect of the imaging angle on the accuracy of the visible light
45001 temperature detection approach by using the CNN needs to
4000} be considered. In the next experimental setups, the distance
3500 — . : : . . . between the camera and the target was kept at 2 m, and the
0 5 10 15 20 25 30 35

T (min)
Fig. 7. Variations of sunlight intensity and color temperature of ambient
light over time during target video recording, (a) sunlight intensity, (b)
color temperature of ambient light.

In addition to the illuminance value of the ambient light,
its color temperature was also recorded by the SPIC-200 spec-
tral color illuminance meter. Figure 7(b) indicates the color
temperature of the background light changed over time dur-
ing target video recording process. It can be seen that ambi-
ent light also changed in its color temperature in addition to
changes in illuminance. As known that alterations in the inci-

camera position was adjusted so that the angle between the
camera optical axis and the target normal was 15°, 30°, and
45°, respectively. For these three experimental setups, the ex-
perimental procedure was consistent with the previous ones, in
which the target was captured on video during heated up and
the target images were extracted from the video to form the
data sets for the CNN training and validation. The results are
plotted in Fig. 8. Figure 8(a) shows the experimental results
for the camera located at 2 m directly in front of the target, i.e.,
the imaging angle of 0°. Figures 8(b)-8(d) are the results for
the imaging angles of 15°, 30°, and 45°, respectively. It can be
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concluded from the figures that the CNN is able to detect the
target temperature accurately in all four imaging angle occa-
sions while different detection accuracies were achieved. The
MAESs were calculated as 1.119 °C for imaging angle of 0°,

| —Actual temperature
. 1201 . predicted temperature
O i (a)
o 100t
~
= L
=
5 sof
Q.
8
= 60
MAE=1.119 °C
a0l N ——
0 200 400 600 800
Image number
140 | —Actual temperature '
. - Predicted temperature e
O 120 <
£ 100 (c)
B
]
-
2 80
g
& 60
MAE =3.391 °C
40

0 200 400 600

Image number

800

2.877 °C for 15°, 3.391 °C for 30° and 3.101 °C for 45°. The
results show that the trained CNN can still detect temperature
information from a visible light image even if the target is not
frontally recorded in the image.
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Fig. 8. Temperature detection results for experimental setups of different imaging angles with imaging distance of 2 m, (a) 0°, (b) 15°, (c) 30°, and (d) 45°.

In a realistic deep learning application, the network must
have been trained with priori data collected at some time in
the past before being applied to temperature detections at an-
other time. As mentioned earlier, outdoor lighting conditions
are exceptionally complex, illuminance in particular changing
all the time. The priori dataset could not cover all outdoor
lighting conditions generally. It is most likely that the outdoor
lighting condition under which the current target image was
taken is not the same as that of any of the images in the priori
dataset. In this case, is the CNN still able to detect the target
temperature accurately? A strategy of misaligned training and
validation of the CNN is used to probe this question. In this
strategy, the CNN is trained with an image data set at a cer-
tain illumination level and validated with an image dataset at
another illumination level. Since outdoor illuminance cannot
be controlled, multiple image collection experiments were car-
ried out and images of specific background illuminance were
selected to form the data sets. A total of four datasets were
constructed. Images with background illuminance of 400 lux
and 700 lux were combined to form a training set. One vali-
dation set consists of images with background illuminance of
450 lux and the other consists of images with that of 500 lux.
The network was trained by the training set and validated by
two validation sets respectively. The validation results are
shown in Fig. 9, in which panel (a) is the result for the val-
idation set of 450 lux, and panel (b) is for the validation set

of 500 Iux. Even though the images in the validation set were
taken under completely different illuminances than those in
the training set, the trained CNN was still able to correctly
detect the target temperatures. By comparing Fig. 9(a) and
Fig. 9(b), the CNN shows significantly better performance in
temperature detection for images of 450 lux than for those of
500 lux. The former has an MAE of 3.792 °C and the lat-
ter has an MAE of 7.935 °C. Also, in Fig. 9(b), the predicted
temperature values are generally smaller than the correspond-
ing actual values. These are due to the fact that the illuminance
of 450 lux is closer to the images’ background illuminance of
400 lux in the training set than that of 500 lux. This proves that
the CNN has a certain generalization ability of illuminance in
common temperature measurement based on visible light im-
age. Although the illumination under which the target was
imaged is different from but close to that of any image in the
training set, the CNN can still detect temperature information
from the visible light image.

In summary, the error of temperature detection based on
the CNN and visible light images is increased if the images
used for temperature detection are taken under different back-
ground illumination or imaging conditions than the images
used for the training of the CNN. Therefore, in order to mini-
mize the error, the background illumination and other imaging
conditions need to be strictly controlled to be consistent with
those of the images in the training set in temperature detection
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based on the CNN and visible light images.
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Fig. 9. Temperature detection of CNN by untrained visible light image,
illuminations of (a) 450 lux and (b) 500 lux.

4. Conclusion

The use of visible light images to detect common temper-
atures has considerable application value. Assisted with the
convolutional neural network (CNN), detection of temperature
ranging from 45 °C to 130 °C has been realized in this paper.
Under experimental setups with different imaging angles and
imaging distances, visible light images of a target were col-
lected and used for network training and validation. The re-
sults show that, after the network being appropriately trained,
imaging angle and imaging distance do not affect the temper-
ature detection using visible light images by the CNN. More-
over, the CNN trained by images collected under a certain illu-
mination level can accurately detect temperatures through the
images taken under another illumination level. It suggests that
the CNN has a generalization ability of illuminance capable of
generalizing regularities from limited known data in the train-
ing set and applying them to unknown situations. This temper-
ature detection approach using visible light images and deep
learning technology will have important applications in indus-
try and agriculture. Note that the deviation of background illu-
mination or other imaging conditions would have an impact on
the detection results, while it is difficult to strictly control the
imaging conditions to match those of the images in the train-
ing set in practice, especially in outdoor temperature detection
applications. In order to avoid the effect of the deviation of

imaging conditions on temperature detection and to improve
its accuracy, some algorithms that can extract the reflective
component from an image can be used to process the target
images.
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