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ABSTRACT
In non-residential buildings, space lighting accounts for 17 %
of the total energy consumption. Effective use of daylighting
has great potential to reduce lighting energy use in buildings.
The amount of daylighting through the building windows is
influenced by shading devices (i.e. curtains) that limit the
visible light being introduced to the space. Therefore, there
is a strong relationship between artificial lighting and shad-
ing. In this work, artificial lighting state prediction and cur-
tain openness ratio prediction from the visual data is stud-
ied. For lighting state prediction, local and global approaches
have been proposed and the performances are improved with
the addition of background modeling and light sensor infor-
mation. For the curtain openness prediction, a method with
background modeling, binarization and morphology has been
proposed. The performance of the proposed methods is evalu-
ated with video datasets captured during one week in Decem-
ber 2018 and one week in March 2019. It has been shown that
promising results are obtained with a 92.79 % and 97.40 %
correctness ratio for light state detection for the same weeks,
respectively; and with a 2.55 % mean average percentage er-
ror for curtain openness ratio prediction.
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1 INTRODUCTION
Space lighting represents 17 % of the total building energy
use in commercial buildings in the US [8]. Despite the in-
creased use of energy-efficient light bulbs and the decrease in
lighting energy use, the reduction of the total electric energy
use remains a key issue. The efficient use of daylighting can
reduce the need for space lighting, reduce lighting energy use
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and improve indoor conditions, resulting in increased occu-
pant productivity. However, excessive amounts of daylight-
ing negatively impacts cooling energy consumption due to
excessive solar heat gain and leads to glare-related discom-
fort. Therefore, the correct operation of shading devices (i.e.
curtains) is critical for the right balance between energy effi-
ciency and occupant comfort [14]. Monitoring of plug loads
and the related occupant interventions can increase the preci-
sion of calculation of energy savings [1]. However, occupant
behavior is difficult to represent accurately in energy models
due to the stochastic nature of occupants’ actions. Moreover,
energy consumption and occupant density are loosely corre-
lated in institutional buildings [1]. The differences of occu-
pants’ comfort preferences, satisfaction levels and indoor en-
vironment perceptions makes it difficult to reliably associate
electric-related information with occupant presence in energy
models [7]. Reliable performance predictions depend on real-
istic representations of the interaction between occupants and
control systems [9].

To represent occupant-building interactions, the typical
means is to use existing schedule libraries for different space
types, such as those specified in ASHRAE [2]. However,
these libraries cannot capture the temporal complexity of hu-
man behavior. The most common alternative is predictive
models that attempt to model correlations between environ-
mental variables (i.e. illumination, temperature) and the as-
sociated likelihood of occupants engaging in adaptive actions
(i.e. changing setpoint, turning lights on). Regression mod-
els, as used in [4, 17], can describe the probabilities of oc-
cupant actions at various time intervals. Alternatively, agent-
based approaches can model occupants as autonomous enti-
ties with unique behavioral characteristics, thereby integrat-
ing the behavioral diversity of multiple occupants. Other
approaches, as identified by [6], include Bernoulli models
that predict the probability of finding a building component
with which occupants interact [10, 13], Discrete-time Markov
models that predict the likelihood of an adaptive behavior in
the next time-step [11], Discrete-event Markov models that
associate adaptive actions to external events [13] and survival
models that predict the lifetime of an occupant action or the
state of a building component [12].

69



The current approaches aim to predict the lighting / shad-
ing states either as a function of one or more environmental
variables that are directly associated with these components,
or as based on the presence of building occupants that can
change the component states. These existing approaches also
need to make many assumptions to model these correlations,
both spatially and temporally, which might not hold true in all
cases. Therefore, these approaches can be said to be deriva-
tive, in that they are only reliable in certain pre-determined
situations.

As opposed to the above-mentioned predictive models, we
propose a vision-based method that detects the lighting on/off
states and curtain openness ratio. Our video-content analyti-
cal approach uses an IP camera installed in a room. For light-
ing state detection (Section 3), two different approaches has
been proposed and the performance is improved with back-
ground modeling and light sensor information of the IP cam-
era. For curtain openness ratio prediction (Section 4), a three-
stage algorithm that consists of background modeling, thresh-
olding and morphology stages, is proposed.

The precise prediction of lighting and curtain openness in our
work is important in two aspects. Firstly, the correlation be-
tween lighting and shading can help identify unnecessary use
of lighting when the curtains are drawn. Secondly, the es-
timated values can be used in the energy modeling of exist-
ing buildings, as an alternative to the standard schedule tem-
plates. The increased precision in these schedules have the
potential to increase the precision of simulation results and
better-informed energy analysis of existing buildings. Finally,
data captured during long-term monitoring can be used to un-
derstand the complex interactions between occupants, light-
ing and shading by machine learning models.

2 EXPERIMENTAL ENVIRONMENT, CAMERA AND
DATASET

Since both problems (lightning state detection and curtain
openness ratio prediction) use the same environment and the
dataset, this section is introduced before explaining the pro-
posed methods.

The environment chosen for both lightning state detection and
curtain openness ratio prediction tasks is a classroom with
area 49m2 (located at the Department of Architecture at Mid-
dle East Technical University). The room layout and the in-
stalled camera are shown in Figure 1a. As seen from the fig-
ure, the environment has six artificial light sources which are
denoted as L1, L2, ..., L6. These six lights sources are con-
nected to two switches which are denotes as S1 and S2 in
Figure 1a. The light sources L1, L2 and L4 are connected to
switch S1, and L3, L5 and L6 are connected to switch S2.
The camera is located in the lower-right part of the layout and
shown in red color. The horizontal field of view of the camera
is also demonstrated in this layout in Figure 1a.

The field of view of the camera to the class can be seen in
Figure 1b. From this figure, it can be understood that L6 is
not in the field of the camera, and L1 cannot observed be-
cause of occlusion of projector. The four visible light source
locations, the ceiling region and switch location are annotated

(a) The room layout for the experimental setup

(b) The camera’s view of the classroom. The regions of light sources, the
ceiling and the switch location are denoted with green rectangular bounding
boxes

Figure 1: The visual information about the experimental
setup

using green rectangle bounding boxes as illustrated in Figure
1b.

The camera used for this experiment is a 135-degree wide an-
gle IP camera. The horizontal and vertical field of view of the
IP camera are about 112-degree and 62-degree, respectively.
The videos have a frame rate of 10fps. The camera sends
videos as 10-minute clips to the Amazon cloud when there is
a movement in the field of view of the camera.

To test the performance of the proposed algorithms, the class
environment is recorded twice for a duration of one week: in
December 2018 (24.12.18 - 31.12.18) and one March 2019
(13.03.19 - 20.03.19). Additionally, to test the proposed
methods of light state detection, 12 light opening closing
event couples (in total 24 events) are collected in a controlled
manner from three different times of a day, at 10am, 13pm
and 16pm. The whole procedure for collecting these events
takes at most ten minutes for each time of the day. Therefore,
during this short period of time, there is not a challenging
case that can be faced with in real life scenario which may
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force the proposed methods to create false alarms. The possi-
ble challenges in real life scenarios will be analyzed in detail
in Section 3.2. The proposed light state detection methods are
tested on these cases before testing them on more challenging
one-week recordings.

It should be noted that the proposed methods should not be
considered as specific to this environment setup. They can be
adapted and utilized in any environment – see also Section 5.

3 LIGHTING STATE DETECTION
This section presents the problem of detecting light states
which are either turned on or off. In this section, the pro-
posed methods are presented in Section 3.1. Then, challenges
of the problem are explained in Section 3.2. Finally, the ex-
periments and results are discussed in Section 3.3.

3.1 Proposed Methods
In order to handle the light state detection problem, it is pre-
ferred that catching the change in the light states, namely
light events, is a possible solution. Mainly depending on
this idea, two methods are proposed to detect the light events,
namely detection via local illumination change and detection
via global illumination change. The local method assumes
that the location of every light source is known, while the
global method tries to detect the changes from the full field
of view or from only the ceiling. In addition, the fusion of
light sensor information of IP cameras to the global approach
is analyzed.

It is assumed that a video clip consists of N frames denoted
as f1, f2, ...., fN . For both methods, the average intensity of
the pixels in a region of interest Rn of the frame fn is cal-
culated and can be denoted as iRn . These regions of interest
are the pre-defined bounding boxes in the frame as shown in
Figure 1b. It should be noted depending on the approach of
the proposed methods, the union of the some of the regions
in Figure 1b is also a possible solution to define a region. For
example, the union of bounding boxes of all light sources in
the field of view (L2, L3, L4, and L5) is possible to make a
global region of all light sources. After calculating average
intensity for the pre-defined regions of interest for all frames,
we can analyze the signal IR =

[
iR1 , i

R
2 , ...., i

R
n

]
for our pur-

poses, which reduces the problem to a 1D signal processing
problem.

Detection via Local Illumination Change
This method assumes that the locations of the light sources
(the bounding boxes in Figure 1b) are previously known and
annotated. In this method, only the illumination changes
in these known light regions are examined. This approach
is not affected by other environmental factors (such as out-
door light) since only limited regions around light sources are
considered, in contrast to the global approach in which the
bounding box of ceiling or the whole frame is utilized. How-
ever, this approach is impractical in the sense that there is a
need to manually annotate all light sources in advance, which
may not be possible when there are too many light sources or
when diffuse, wide-area light sources are used.

The local method follows these steps:

Step 1 - Noise Reduction: The signal IR is smoothed with the
Gaussian filter in order to eliminate the noisy samples:

G(x) =
1

σ
√
2π

exp

(
− x2

2σ2

)
. (1)

The tap number T is defined to create Gaussian filter in dis-
crete domain where x = [−T,−T + 1, ..., 0, ..., T − 1, T ],
resulting in 2T + 1 elements in G(x) Gaussian filter.

Step 2 - Illumination Change Detection: Using a simple first-
order filter like F = [−1, 1] or F = [−1, 0, 1], the illu-
mination changes over time are detected. Gaussian and first
order filtered signal can be denoted as IRfiltered = IR ∗G ∗F
where ∗ denotes the convolution operation.

Step 3 - Find Peaks and Dips in Changes: The method then
finds the peaks and dips in IRfiltered to detect the events and
a threshold is applied in order to eliminate the possible false
alarms.

For the light state detection task, depending on the usage, it
is considered that there are two possible versions of the al-
gorithm. The first version is called ”multiple switches” and
assumes that lights might be controlled by different switches
(L2, L4 connected to S1 and L4, L5 connected to S2) but all
of the switches should be either on or off (Both S1, S2 are
on or off). This assumption is to decrease the false alarms.
However, the problematic aspect of this assumption is that it
ignores the cases that some of switches can be on while the
others are off. The second version called ”single switch” as-
sumes that there is only one global switch, to which all of
the light sources are connected (L2, L3, L4, L5 connected
to global S). The limitation of this approach is that it is
more susceptible the false alarms as compared to the ”mul-
tiple switch” assumption.

Detection via Global Illumination Change
This method utilizes the exposure change of the camera to the
light change in the environment. The main idea behind the
camera exposure change is that the camera adjusts its expo-
sure to maintain the average intensity of the pixels to a certain
extent. The IP camera used in this experiment keeps the av-
erage intensity of pixels at the level of about 110 (over 255).
Therefore, if the average light intensity changes, the camera
uses automatic exposure to restore the intensity level to 110.
As a result, peaks or dips are created in the average illumina-
tion graph when the lighting state changes in the room. Sim-
ilar observation is also made in the average intensity of the
pixels that belong to the ceiling. One of the advantages of
using ceiling is that the effect of light change is more notice-
able due to the close proximity with the lights. Moreover, the
ceiling is affected by the other environmental factors less as
compared to the rest of the scene.

The global method follows these steps:

Step 1 - Mean Extraction: Because of the non-ideal usage of
LoG filter in the discrete domain, the filter does not create a
zero response for even a constant signal. Therefore, the mean
of IR is subtracted from IR, resulting in a zero-mean signal
IR0
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Step 2 - Exposure Blob Detection: To capture the exposure
blobs (light events) in IR0 , the Laplacian of Gaussian (LoG)
is applied to the illumination. LoG is the second-order deriva-
tive of the Gaussian filter and commonly used in blob detec-
tors like SIFT [15] and Harris-Laplace detector [16] in order
to find the scale of the blobs or interest points. The scale
normalized LoG filter in 1D domain can be defined formally
as:

LoG(x) = −x
2 − σ2

σ3
√
2π

exp

(
− x2

2σ2

)
, (2)

with a tap number T , resulting in a LoG filter with 2T + 1
elements. As a result, the LoG filtered signal is obtained as
IRLoG = IR0 ∗ LoG. For exposure blob detection, it is desired
that only the blobs belonging to light change are detected.
For example, the curtain movement can also create exposure
blobs in IR0 . However, it would be a slower process with
respect to light change. Therefore, the scale parameter (σ) of
the LoG should be chosen suitably.

Step 3 - Find Peaks and Dips in Changes: The method finds
the peaks and dips in IRLoG to detect the exposure blobs and
a threshold is applied in order to eliminate the possible false
alarms.

Step 4- False Exposure Blob Elimination by Zero Crossings:
To eliminate the false blob detection in IRLoG, the zero cross-
ings of the first derivative (IRfiltered = IR ∗ G ∗ F ) at the
locations of peaks and dips are also checked in order to de-
crease the false alarms.
Background Modeling
Optionally, for both local and global methods, the back-
ground modeling at the switch location(s) can be used to de-
crease the false alarms of the method from the other environ-
mental light factors. In order to turn on/off lights, a hand
should be around the light switch and should be detected
as foreground by a background modeling algorithm. Back-
ground modeling is performed using Mixture of Gaussian
(MOG2) algorithm [18]. The main idea behind this method
is that every pixel is represented with Gaussian color clusters
by using the first- and second-order statistics. The algorithm
assumes that frequent clusters belong to the background and
rare clusters belong to the foreground.

A visual demonstration for the background modeling utiliza-
tion for light event detection is shown in Figure 2. The view
that captures the instant that a person is starting to turn on the
light is shown in Figure 2a. The background mask belonging
to this view is demonstrated in Figure 2b. The region of the
switch location in the background modeling mask is shown
in Figure 2c, which includes some foreground part because
of the hand reaching the switch.
Sensor Fusion
Both local and global methods have a similar limitation: They
are differential systems. In other words, both methods try to
detect the light state changes (lights on/off events) instead of
predicting the light states directly. Therefore, if an event of
turning on/off is missed, the method still assumes that the
light is still on/off, which results in significant performance
reduction. To address this problem, the light sensor installed

(a) The camera view capturing light turning on instance

(b) Background mask of view

(c) Background
mask of switch
region

Figure 2: Utilization of background modeling in light event
detection

in the IP cameras is utilized. In this way, the current state of
the light sensor can be fused with the change detection: if the
sensor has high confidence that the artificial light is not on,
then the light state is switched to turned off state.

3.2 Challenges
There can be other factors that influence the illumination lev-
els in an environment, and potentially misinform the pro-
posed methods: One of them is other light sources that have
other purposes than illuminating the room, but nevertheless
trigger a change in illumination. This can potentially affect
both the local method to a certain degree, and the global
method significantly. An example in our case study is the
projector installed on the ceiling of the room, which can sig-
nificantly change the illumination level when slides change.
Another factor is a sudden change in daylighting conditions
in the room (i.e. sunlight appearing behind a cloud and reach-
ing the indoors). This event also affects the global approach
significantly.

The strength of peaks and dips in changes of both algorithms
may vary significantly according to the time of the day and the
curtain openness ratio. According to the time of the day, the
amount of daylight entering the environment changes. The
curtain also controls the amount of daylight entering the en-
vironment. In a darker environment, a transition from lights-
on to lights-off (and vice versa) is significantly noticeable as
compared to a directly day-lit environment.

3.3 Experimental Results and Analysis
The analysis in this section can be categorized into two sec-
tions: the controlled and uncontrolled experiments. In the
controlled experiments, 24 light turning on/off instances (see
Section 2) collected for this task are used. This experiment
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is ”controlled” because a person, as part of the experiment
setup, is required the turn on/off the switch. Moreover, these
instances do not include the challenging factors identified
in Section 3.2 because they only cover a short time period,
thereby decreasing the possibility of observing unexpected
cases. Therefore, with the controlled experiment, the general
capability of the proposed method at detecting light events
is aimed to be evaluated. In the uncontrolled experiments,
video recordings of a one-week duration in December 2018
and March 2019 (see Section 2) are used. This dataset rep-
resents a more realistic scenario, as the changes in lighting
conditions are induced by the actual room occupants. More-
over, covering a longer time period, this dataset has a greater
possibility of observing possible challenging cases under ac-
tual human-building interaction conditions.

Implementation Details: For the parameters of the experi-
ments, the tap number T mentioned in Section 3.1 is set to
12. The standard deviation (σ) in (Eq. 1 and 2) is set to four.
To estimate the first-order derivative of the filter (denoted as
F in Section 3.1), [−0.5, 0, 0.5] is used. The peaks and
dips in change in proposed methods are found by a function
called ’find peaks’ of the ’Scipy’ library. The threshold for
the dips and heights of the signal are determined as ten for
the local approaches and six for the global approaches. These
thresholds are set according to the observed performances in
the uncontrolled experiment. Additionally, the derivatives are
taken considering the time between the frame interval in the
discrete domain, which is 0.1 second in this work (because
the camera is 10 fps).

Performance Measures: To evaluate the performance of the
proposed light state detection methods, four different mea-
sures are used. Three of the these measures are well-known
measures which are precision, recall and F1-score. The other
metric is called “correctness”.

Precision and recall are calculated as:

Precision =
True Positive

True Positive + False Positive
,

Recall =
True Positive

True Positive + False Negative
,

(3)

where True Positive is the number of instances which are cor-
rectly found; False Positive is the number of instances which
are falsely found; False Negative is the number of instances
which exist but are missed by the method. F1-score is can
be interpreted as the weighted balance between precision and
recall, and is calculated as:

F1-score = 2
Precision Recall

Precision + Recall
. (4)

In addition, we use a correctness measure that evaluates the
correct proportion of the estimated light states. To state it in
mathematical terms, assume a predicted light state signal and
ground truth signal in discrete domain denoted as P (n) and
GT (n), respectively, where n is the time index of the signal
and these signals obtains the value of 1 when the light is on,
and 0 when the light is off. With these notations, correctness

Methods Precision Recall F1 Score
Local 100.0 100.0 100.0
(Single Switch)
Global 91.3 87.5 89.4
(Without MOG)

Table 1: Results of controlled experiment

can be defined as:

Correctness =
1

N

N∑
n=1

1(P (n) = GT (n)), (5)

where N is the total number of time indices. Correctness
deals with the performance in estimating the light states,
while the other three measures evaluate the performance of
detecting light events. Obtaining a high correctness measure
is the final aim of the light state detection task. To make it
more clear, for energy simulations, the number of turning
on/off events that are detected correctly is not a final con-
cern. Instead, estimating whether light sources are on or off
correctly for every time instant is important.

Controlled Experiment: The controlled experiment consists
of 24 events from the three different times of the day. The
result of this experiment can be seen in Table 1. The results
are given as precision, recall and F1 scores in percentage val-
ues. As seen in the table, local method (Single Switch) is
better than the global method without background modeling
(Without MOG).

Uncontrolled Experiment: For the uncontrolled experiment,
the local (multiple switches), local (single switch), global
without background modeling (without MOG) and global
with background modeling (with MOG) are compared on the
weekly data recorded in March 2019. During this week, there
are five light on and off events (in total 10 events). In the 3rd
event, only one switch out of two (so three out of six light
sources) are turned on/off (See Section 2 for details of the
experiment setup).

The results are provided on Table 2. For the correctness mea-
sure, the local (Multiple Switch) method is the most success-
ful method, as shown in Table 2. However, in terms of the
other three measures, the local (Multiple Switch) method is
not the best. The reason for obtaining the lowest recall with
the local (multiple switches) method is the requirement for
two light switches turning on/off. To make it more clear,
the 3rd instance contains only one switch turning on/off,
which does not satisfy the requirement of the local (multiple
switches) method; therefore, the 3rd instance is missed by the
local (multiple switches) method. One of the reasons to ob-
tain higher correctness values for the local method (multiple
switches) is that 3rd closing instance is very challenging (Due
to the time of the day and one switch turning on/off instead
of two. For challenges, See Section 3.2). Because of the fact
that 3rd opening instance is not detected in the local method
(multiple switches), the error caused by not detecting the 3rd
closing instance is not propagated to the other time instances,
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Method Correctness Precision Recall F1 Score
Local 96.62 70.00 70.00 70.00
(Multiple
Switches)
Local 83.15 64.29 90.00 75.00
(Single
Switch)
Global 62.96 23.68 90.00 37.49
(without
MOG)
Global 84.34 81.82 90.00 85.72
(with
MOG)

Table 2: The proposed algorithm performances on March
2019

Method Correctness Ratio

December 2018 Without Sensor 44.66
With Sensor 92.79

March 2019 Without Sensor 84.34
With Sensor 97.40

Table 3: The performance improvements brought by sensor
fusion

resulting in improved correctness for local method (multiple
switches).

Another important conclusion that can be derived from Table
2 is that using a background model improves the performance
of the global approach significantly. In the global method,
without background, many false positives are observed. With
background modeling, false positives are significantly elimi-
nated, resulting in an increase in precision and therefore the
F1-score.

For the final analysis, the performance improvement intro-
duced by sensor fusion on the correctness of light states is
investigated. The selected method to test the effect of sensor
fusion is the global method (with MOG). The result of sen-
sor fusion can be seen in Table 3. For this test, the weekly
datasets from December-2018 and March-2019 are used. In
this dataset, there are eight light on and off events (in total 16
events). As seen from the table, sensor fusion increases the
correctness measure significantly especially for December-
2018, where the correctness measure increases from 44.66
% to 92.79 %. Although the effect of sensor fusion is shown
with global (with MOG) method, utilizing it in other methods
is also possible.

A counter argument could be that if sensor fusion increases
the performance significantly, it can also be used for the de-
tection of light events without the visual data. However, it
should be denoted that sensor fusion is utilized only for the
missed closing events. When the room in properly day-lit, the
light sensors might not be able to capture the opening events,
because daylight -most of the times- results in stronger sensor
output than the artificial light sources.

4 CURTAIN OPENNESS RATIO PREDICTION
The goal of the Curtain Openness Ratio Prediction algorithm
is to estimate the portion of the window that is not covered
by the shading devices (or most commonly the curtains). The
same experimental setup as the light state detection is used
(See Section 2). In this task, the four corners of the window
are assumed to be already annotated by the users, so to mark
the boundaries of the window region. In this section, firstly,
the proposed method is explained in Section 4.1. Then, ex-
perimental results are given in Section 4.2

4.1 Proposed Method
The proposed curtain openness ratio prediction method con-
sists of three stages. The four corners of the window area
should be given as input to the proposed method in order to
guide the method where it should look to. The stages of the
algorithm are visualized in Figure 3. The proposed method
mainly benefits from the fact that the shaded region of the
window is darker as compared to the non-shaded regions of
the window.

Stage 1 - Background Modeling: In the first stage, a back-
ground modeling algorithm (MOG2) [18] is implemented.
The aim of background modeling here is to increase the ro-
bustness of our algorithm against instantaneous occlusions
(i.e. people in the room that pass in front of the window).
As seen in the Figure 3b, the two people who are occlud-
ing the window gradually became a part of the background
instead of directly observing them in the scene as in Figure
3a. Background modeling was also utilized in light state de-
tection, as explained in Section 3.1. The only difference in
two implementations is that, in the lighting detection method,
the background modeling output is in the format of binary
mask (see Figure 2b), whereas in this method, the image is
constructed as the weighted mean of the Gaussian color clus-
ters detected as background in the background modeling al-
gorithm (see Figure 3b). The weights are determined from
the observation frequency of the clusters.

Stage 2 - Binarization: In the second stage, the binarization
of the image is implemented. Binarization is the process of
converting the information of every pixel into the one-bit en-
coding, which are black and white as seen in Figure 3c. For
binarization, the output of the background modeling is con-
verted from the color image to a gray-scale image. Then, for
every pixel, a value greater than a pre-determined threshold
L is set to white, and to black otherwise.

Stage 3 - Morphological Operation: After the binarization of
the background-modeled image, in the third stage, a closing
morphological operation is used. This operation is utilized in
order to fill the black holes inside the white regions in the bi-
narized image. This operation is beneficial in eliminating the
negative influence of the occluding objects inside the room.
For instance, the binarized output (See Figure 3c) illustrates
that neither background modeling nor binarization can com-
pletely eliminate the occluding people. However, as seen in
Figure 3d, not only the occluding people, but also the occlud-
ing chairs are eliminated from the binarized image. More-
over, some objects outside the room, such as buildings seen
through the window, might not reflect the sunlight enough to
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(a) The input
(b) Background image in back-
ground modeling

(c) Thresholding (d) Closing Morphology

Figure 3: The steps of the curtain openness ratio estimation

surpass the pre-determined threshold of binarization. Mor-
phological operations are beneficial also in eliminating the
effects of objects outside which has a lower reflectivity, cre-
ating undesired holes inside the thresholded image.

4.2 Experimental Results
Implementation Details: For the threshold value L in bina-
rization process, three values are tested and the best value
is selected using visual inspection. These values are 140, 220
and 250, considering that the pixel values are scaled from 0 to
256. It is observed that using 140 results in a higher possibil-
ity of detecting some closed regions as opened regions, such
as the curtain regions close to the edges where sunlight is dif-
fused into. Using 250 causes missed detection of some por-
tions of the open curtain parts. Therefore, 220, which gives
the best compromise in our settings, is set as the threshold for
the binarization stage. The kernel size used in morphology
operation is set to 25×25 which is a relatively big kernel. This
kernel size is also set by visual inspection. Using smaller ker-
nel is not adequate in eliminating the imperfections because
they have relatively bigger sizes. The further increase in ker-
nel size may lead to destruction of correctly identified shaded
regions.

Results: For the curtain openness ratio prediction test, 18
measurements are taken randomly throughout the one-week
March 2019 dataset. These measurements are the proportion
of non-shaded (open) regions inside the window area to the

total area of the window. Non-shaded (open) regions are man-
ually labeled by a person. For error calculation, the absolute
difference between the predicted openness ratio percentage
and the percentage of curtain non-shaded (open) region of the
manually labeled ground truth is calculated. For example, for
a given sample, if GT is 40% and the prediction is 43%, then
the error is calculated as 3%. The average percentage error of
all samples is calculated as 2.55 % following this rule from
these 18 samples.

5 GENERALIZABILITY AND APPLICABILITY OF THE
APPROACHES

The proposed solutions for both problems are generalizable
to some extent. However, there are some cases where there
is applicability might be challenging, or the parameters may
need to be reconsidered based on the context.

For light state detection, the first problem is the characteristic
of turning on/off of the artificial lights. For instance, cer-
tain light bulbs, such as fluorescent bulbs, can flicker when
they are switched on, which can misinform the algorithm.
Secondly, the IP camera works at 10 fps. When a camera
with different fps is used, some of the parameters needs to
be updated, such as the standard deviation parameter (σ) of
the LoG filter (which specifies the scale of the blob) used
in the global approach. Another concern is the number of
switches that control lighting in the room. In the experiment
environment of this work, there are only two switches, both
of which are usually operated together by the users. For cases
with multiple switches, the ratio of turned-on artificial light
sources is crucial for a better representation in energy simu-
lations. In such a case, the proposed global approach would
completely fail, whereas the local approach would be in need
of being applied separately for every switch.

For curtain openness ratio prediction, one of the possible
problems is the reflectivity of the material of the shading de-
vice. The curtain in our classroom environment is dark blue,
thereby absorbing a high percentage of the light (Fig. 3b).
In contrast, if the color of the curtain is very light, the artifi-
cial light reflected from the curtain turn out to be very bright
too. However, the brightness difference between the daylight
and curtain is one of the most crucial requirements for the
proposed algorithm. Therefore, implementing the proposed
method in such a case may pose a disadvantage to the algo-
rithm and reduce the performance of the estimation. Another
limitation is that the method cannot make estimations during
the evening and night due to the absence of daylight. How-
ever, for energy simulations, the main goal of curtain open-
ness ratio prediction is to measure the amount of daylight or
radiative heat entering to the indoor environment. Therefore,
this does not pose a serious problem for energy simulations.

The calculated results can be used in energy simulation tools.
Our previous work, in which we implement object detection
methods to count the number of occupants in a room using IP
cameras, demonstrates the feasibility of real-time data cap-
turing for energy simulations [5]. In this previous work, we
have demonstrated that (1) the actual number of occupants
can be realistically estimated using video-analytical methods,
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and (2) the estimated number of people, when added as ’Peo-
ple’ schedules, can improve the precision of results.

The methods used in this study too have similar potential in
several areas. First, similar to our previous work, the captured
data can be converted into hourly or sub-hourly schedules
for lighting and shading. However, in our work, one-week
recordings were analysed. Executing annual energy simula-
tions would require annual video recordings and the conver-
sion of this data into annual schedules. Alternatively, the cap-
tured weekly data could be converted into weekly schedules,
to be repeated during the year. The use of the lighting and
shading data in energy simulation models remains as a future
work.

6 CONCLUSION
In this study, local and global illumination change methods
are proposed for the light state detection problem. For the
verification of the proposed light state detection methods, two
one-week video-recordings which are from a winter season
and a spring season are utilized. For curtain openness ra-
tio detection, a three-stage algorithm is proposed and the al-
gorithm performance is tested on manually-labeled shading
masks. For both tasks, we consider that promising results are
obtained. Vision-based methods for light state detection and
curtain openness ratio prediction has been an hitherto unad-
dressed area in the literature. As future work, we consider that
the performance of the light state detection can be improved
further by benefiting from existing pose estimation methods,
e.g. OpenPose [3] in order to eliminate false detection. More-
over, the use of the calculated data in energy simulation tools
remains a future work.
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