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Abstract. The calculation of the number of vehicles on the road using digital image
processing technology is expected to be faster and more accurate. Nevertheless, there are
obstacles such as noise that arises due to rain because it can reduce the accuracy of the
calculation of the number of vehicles. Therefore, we need a rain noise reduction process
to improve the accuracy of vehicle calculations. The guided filter has the advantage of
reducing noise, including snow noise and fog noise. The experiment was conducted by
comparing the accuracy of the calculation of the number of vehicles in noise conditions
after and before they were reduced with heavy rain, moderate rain, and drizzle data. The
results show that accuracy is increasing for heavy and moderate rainfall data, while the
drizzle data has decreased. Therefore, the guided filter is suitable for heavy and moderate
rain conditions.
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1. Introduction. Smart city is an urban development and management concept by utilizing Information and Communication Technology (ICT), to connect, monitor, and control various resources within the city, to be more productive and efficient. Besides that, it
is also to maximize services to its citizens and support sustainable development [1,2]. One
component of a smart city is smart transportation, known as the intelligent transportation system, which includes vehicle transportation management on the highway. Traffic
monitoring devices on the highway such as CCTV (Closed Circuit Television) are still
not perfect without a system that can detect vehicles automatically in traffic problems,
namely traffic congestion. In Indonesia, traffic congestion is one of the problems faced in
big cities, for example, Jakarta, Surabaya, due to the increasing volume of vehicles.
The latest data from the Biro PusatStatistik (BPS) Indonesia, with the number of vehicles 121,394,185, in 2016 with the number of vehicles 129,281,079, and in 2017 reached
138,556,669 which means that the number of vehicles has increased every year [3,4]. The
increase in the number of vehicles that are quite high, without being matched by infrastructure development, especially roads and traffic engineering, will have an impact on
congestion. One of the essential things that can be used as a basis for traffic engineering
is knowing the number of vehicles and their types passing on the highway. Vehicle calculations can be done by using CCTV cameras, which are widely installed on main roads,
using video processing. However, when there is a large amount of noise, the accuracy of
the vehicle calculation will decrease. Rain is one of the most common noises in tropical
countries. Therefore, we need a mechanism to reduce noise due to rain, so that the vehicle
DOI: 10.24507/ijicic.16.04.1353
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calculation accuracy is still good. Thus, this paper can be used as a reference for relevant
agencies, for example, the transportation department, if it will automate vehicle counting
through CCTV, especially in rainy conditions.
Rain is the process of falling droplets from clouds. When rain falls, more falling droplets
can shorten visibility so that it can affect the accuracy of counting the moving vehicles.
The vehicle observed may not be clear because it is blocked by rain. In digital video
processing, rain is considered a noise that can obstruct the observation of an object.
Rain causes inconvenience and problems in the process of counting moving vehicles based
on video processing [5]. Therefore, we need a method in processing to reduce or even
eliminate the presence of rain noise on the video to improve the accuracy of counting
moving vehicles. Many researchers reduce rain noise in a single image [6-9]. Meanwhile,
our study conducted rain noise reduction for video. We use guided filters because this
method is good enough to reduce rain noise [6,10,11]. Previous researchers have never
used guided filters to reduce rain noise, for the case of counting vehicles. While in this
study, we will do it and analyze the effect of guided filters to reduce rain noise to increase
accuracy in vehicle counting.
This paper is divided into several sections. The first section is an introduction. The
second section is some other research related to this work. The third section is the
research methodology, the steps taken by researchers to solve the problem, consisting of
preprocessing, guided filters to reduce rain noise, and the process of counting vehicles.
At the end of the third section, we provide a block diagram of the research, which is a
summary of the stages described in the previous section. Next, the fourth section contains
experiments and analysis of experimental results. Finally, the last section summarizes
conclusions and points out future work.
2. Related Works. Based on the object, there are studies on reducing rain noise using
a single image [6-9] and video [12-14]. Liao et al. [14] put a camera inside the vehicle
for video capture. Their research is to eliminate noise due to raindrops dripping on the
windshield in an elliptical shape. Meanwhile, we put the camera outside the vehicle,
with the camera’s perspective from above, so we can detect rain based on lines. Other
researchers use guided filters to reduce various noise in images and videos [9,11,12,15,16].
However, this research is only done for the object of an image, while our research is for
video. There is a guided filter study for video, namely the research of Gaikwad and
Scholar [12]. In their research, they compared PSNR values before and after rain noise
reduction, without analyzing the effect of rain noise control on object detection. Whereas
in this study, we will analyze the effect of reducing rain noise for object detection. Also,
their research conducted a guided filter process as a process of eliminating rain noise with
the reference image being the image itself without rain, in that study compared with the
bilateral filter, which had better performance. The weight addition process is weighing in
the reference image. In the study, the authors can minimize the adverse effects of guided
filter, and rain removal methods are considered simple but effective. The application of
guided filters for video noise removal is made by dividing the video into several frames then
converting 2D input frames into 1D frames then filtering using guided filter. Researchers
compared the PSNR of the guided filter and bilateral filter, resulting in a higher PSNR
value for the guided filter so that, in this case, the guided filter has a better performance.
However, these studies have not explained further about the influence of guided filters if
applied in a rainy-noise video.
Najiya and Sreeram performed a guided filter algorithm three times in the rain removal
process, including determining the low-frequency part, high-frequency part, improving the
reference image by adding edge enhancement with Sobel to thicken the edge pixels reduced
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by the guided filter [16]. In their research, testing is done only by visual means, without
testing the quantitative accuracy of the method used. While in this work, accuracy is
measured based on visual observations and quantitatively. Also, we see the success of rain
noise reduction and its effect on the calculation of moving vehicles on the highway.
Moving vehicle calculation is done by separating the background and foreground. Some
researchers use the Gaussian Mixture Model (GMM) because GMM’s performance is quite
good [17-20]. The edge detection method is used by researchers for the process of tracking,
classifying, and counting moving vehicles [21]. Researchers also use pixel quantities [22]
and fuzzy to detect vehicles/objects [23-25]. In their research, it was found that edge
detection can detect the edges of a vehicle with extreme sensitivity. However, other
detection methods are needed to recognize patterns of vehicles that have been detected
by the edge detection method. We developed a system that can count the number of
vehicles, and classify them in two classes, in rainy conditions. Because rain noise is quite
disturbing in the process of calculating vehicles, so before counting and classification, we
reduce rain noise first, using guided filter.
3. Proposed Method. The main processes in this research are preprocessing rain noise
reduction using guided filter, and vehicle calculation. In the following section, the authors
will explain in more detail these stages.
3.1. Preprocessing. Data input is a video with rain noise, and then it will be extracted
into a series of frames, where each frame will be processed. Preprocessing aims to improve
image quality so that it will be easier to process at a later stage. For each extracted frame,
preprocessing will be done first, aiming to minimize the appearance of object shadows
that can affect the shape of the object so that it interferes with the object detection
process, which will also affect the counting and classification process. Preprocessing in
this research is in the form of contrast and brightness enhancement. Suppose pixels
f (i, j) are the original pixel intensity at coordinates (i, j) and g(i, j) is the resulting pixel
intensities where α > 0 is the gain parameter (contrast), and β is the bias parameter
(brightness), so the contrast and brightness enhancement process is defined by Equation
(1).
g(i, j) = αf (i, j) + β
(1)
Increased contrast and brightness aims to clarify the difference between background
and foreground, making it easier to separate the two parts.
Whereas in the background subtraction process, to separate the background with the
foreground is conducted by the following process: every frame that has been extracted,
looks for the background model that will be used to generate the foreground image based
on the background model.
3.2. Guided filter methods. Image filtering is one of the image processing operations
used to suppress high frequencies in the image, such as smoothing the image or suppressing
low frequencies such as clarifying or detecting edges in the image. The primary purpose of
the image filtering process is to make the image appear better or appear more transparent
for analysis. Figure 1 shows an illustration of a guided filter process. For image filtering
to produce the expected image, a variety of image filtering studies have emerged, one of
which is the guided image filtering method [11,12]. Furthermore, guided image filtering
is an image filtering technique that takes two inputs, namely the image input that needs
to be improved and the filter coefficient for image processing. The filter coefficient in the
guided image filter method is variable and is determined using reference images. In this
case, the guiding image is the input image itself.
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Figure 1. Guided filter illustration [26]
First, it is defined as the general form of the filter process where the reference image, p
input image, and q output image. Furthermore, the key assumption of the guided filter is
a local linear model between the guidance I and the filtering output q. We assume that
q is a linear transform of I in a window ωk centered at the pixel k:
qi = ak Ii + bk ,

∀i ∈ ωk

(2)

where (ak , bk ) are constant coefficients in ωk . A square window with radius r is used.
To determine the linear coefficients (ak , bk ), we need constraints from the filtering input
p. We model the output q as the input p subtracting some unwanted components n like
noise:
qi = pi − ni
(3)
We try to maintain the linear model (2) by minimizing the difference between q and p by
minimizing the following cost function in the window ωk . Specifically,
X

(ak Ii + bk − pi )2 + ǫa2k
(4)
E(ak , bk ) =
i∈ωk

Equation (4) is the linear ridge regression model:
P
1
i∈ωk Ii pi − µk p̄k
|ω|
ak =
and bk = p̄k − ak µk
σk2 + ǫ

(5)

where µk = Mean I in ωk , σk2 = Variance I in ωk , |ω| = Number of pixels in ω, p̄k =
Mean p in ωk .
After calculating (ak , bk ) for all ωk in the image. Next, calculate the output filter as
follows
qi = ai Ii + bi
where:
1 X
ai =
ak
(6)
|ω| k∈ω
k
1 X
bk
(7)
bi =
|ω| k∈ω
k

Equations (3), (4), (5), and (6) are definitions of the guided filter so that the guided
filter algorithm is obtained as follows [15].
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Algorithm 1. Guided Filter
Input: input frame p, reference image I, radius r, regulation ǫ
Output: q.
1. Mean and Correlation
3. Coefficients a and b
meanI ← fmean (I)
a ← covIp ./(varI + ǫ)
meanp ← fmean (p)
b ← meanp − a. ∗ meanI
corrI ← fmean (I. ∗ I)
4. Mean a and b
corrIp ← fmean (I. ∗ p)
meana ← fmean (a)
2. Variance and Covariance
meanb ← fmean (b)
varI ← corrI − meanI . ∗ meanI
5. Output q
covIp ← corrIp − meanI . ∗ meanp
q ← meana . ∗ I + meanb
fmean is an average filter with radius r. Intuitively corr, var, cov in the sequence have
the meaning of correlation, variance, covariance. Then ǫ is the regulatory parameter of
a. Figure 2 shows an example of experimental results from the implementation of the
guided filter algorithm. Figure 2(b) shows the result of the guided filter. The image looks
smoother than Figure 2(a), and the sound of rain seems to decrease.

(a)

(b)

Figure 2. Example: the results of noise reduction with guided filter: (a)
input image; (b) result image
3.2.1. Filtering. This process applies guided filters to producing a low-frequency part of
the input image to obtain a high-frequency part using Equation (8):
I = IL + IH

(8)

In the application of guided filters, the edges of the image will become very smooth. So
the low-frequency part will have a smooth edge. Therefore, edge enhancement is highly
recommended to increase edge sensitivity and make it almost the same as the original
frame, and the result of edge enhancement is denoted by ILE which becomes the reference
image at the filtering stage. By using Equation (8), a high-frequency part of IH can be
obtained, which will be the input at the filtering stage. At IH , there is the texture of the
object and rain. So the filtering process removes rain and retains the texture of the object
from IH . Therefore, re-applied guided filter for IH input with the ILE reference image
produces a non-rainy high-frequency part that will be used at a later stage for image.
3.2.2. Recovering. This step is to obtain smoother and brighter image results through the
recovery mechanism. This mechanism encourages to form good results that are closer to
the input image. The resulting image contains a combination of filtered IL and IH parts.
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The resulting image is called the restored image and is denoted by IRec , obtained from
(9):
IRec = IL + IH
(9)
The effect produced by the guided filter to some pixels on IRec will be blurred where
the pixel in question is near the removal of rain. So the removal will be carried out again
by determining the minimum pixels between IRec and the input image I notified by ICr
(10).
ICr = Min(IRec , I)
(10)
After using the guided filter, the value of the deleted rain part becomes a little higher
than the value of the adjacent pixels. That makes the display less optimal. Therefore,
the sum is done as in Equation (11). The results obtained are called refinement of the
reference image and denoted by IRef . The next guided filter will use it as a reference
image. The sum in question is:
IRef = αICr + (1 − α)IRec

(11)

with α = 0.8. In Figure 3, we show the steps of the guided filter described above and the
results, if applied as an image.
3.3. Vehicle counting. Separation of background and foreground in the image is using
the Gaussian Mixture Model (GMM) method.
3.3.1. Background subtraction using GMM method. GMM is used in this process because
this method is resistant to changes in the characteristics of the background model, which
may change at any time. GMM models will form pixel color data based on time. The
model produces two parts, namely the background model and the non-background model.
The background model is a model that reflects the background. Each pixel will be grouped
by distribution, which is considered the most effective as a background model. The higher
the standard deviation value, the stronger the smoothing that occurs in the image. Each
pixel has its model. The processed data is the intensity of the pixels obtained from the
input frame. Every frame is extracted; the model for each pixel will be updated. In
the system to be built, several parameters have been defined previously. This parameter
is used for background subtraction processes with GMM [5]. These parameters include
α (learning rate) with a value of 0.01, the number of Gaussian components, namely 3,
T (threshold) with a value of 0.4. There is also an initial initialization of some GMM
parameters, among others: ωk which is the weight of each pixel in the k-Gaussian with a
value of 1/3 where 3 is the sum of the Gaussian distribution; µk is the mean of each pixel
in the k-Gaussian where each pixel of each Gaussian has a random value between 0 and
255; σk is the standard deviation for each pixel in k-Gaussian.
3.3.2. Object detection and labelling. To obtain good results in object detection, in this
study, we used three processes, namely smoothing, shadow removal, and morphology,
namely erosion and dilation. Erosion is used to thin objects in a binary image, as shown
in Figure 5. Dilation is useful for expanding or thickening objects in binary images. Figure
6 shows an example of widening. Smoothing is a process to improve the image so that
the noise in the foreground image results in a background subtraction process.
The background subtraction process used in this study can simultaneously be used
to detect shadows. However, to maximize the detection process, the shadows that are
identified are not immediately removed when they are detected but require an alignment
process so that the suspected shadow portion becomes accurate. Therefore, the shadow
removal process in this system is carried out after the smoothing process. The results of
the image from the smoothing process have three levels of gray, namely 0, 127, and 255.
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Figure 3. The results of the procedure implementation
Shadow removal is a process where the value is mapped to binary numbers, 0 and 1, as
in Equation (12).
(
1, Igray (x, y) = 255
Ibin (x, y) = f (x) =
(12)
0, Igray (x, y) = 0 or Igray (x, y) = 127
Figure 4 shows a shadow removal process, the pixel which was initially gray, with
the threshold process will be removed to black, so it does not obscure the object to be
detected. Object detection is done after the image undergoes a morphological process.
In Figures 5 and 6, if they are combined sequentially, they become closed morphological
processes.
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Figure 4. Shadow removal

Figure 5. Erosion

Figure 6. Dilation

The object detection process in this study uses the concept of connected components
to detect contours in binary images. Contours that are detected on an object are based
on the outermost border with the following method. The border following algorithm 2 is
as follows [28].
Algorithm 2. Border Following Algorithm
1. The scanning process runs with a raster scan, which is from top to bottom (row),
left to right (column).
2. Look for pixels f (i, j) as candidates for outer border pixels that meet the conditions
f (i, j − 1) ← 0, f (i, j) ← 1 and if the pixel is the outermost border, which meets the
following conditions:
i. The pixels f (i, 1), f (i, 2), . . . , f (i, j − 1) are pixels 0, or
ii. Pixels f (i, h) is parallel to the border point, and pixels f (i, h + 1) are the background
iii. Label as a border.
3. If the border boundary has been found, namely f (i, j − 1) ← 1 and f (i, j) ← 0, then
label it as a border mark.
4. Run raster scanning until all pixels are passed.
An example of a border following in a binary image can be seen in Figure 7 with the
border given Label 2.
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Figure 7. Border following
ROI is an area where vehicles will be labeled and classified. The labeling process starts
when the detected object enters ROI. Labels will always be updated and matched in the
following frames until the object exits ROI. When the object is in ROI, the position of
the vehicle between frames will always be recorded, and when the object leaves the ROI
will be calculated. The stored data is displayed as a calculation of the number of vehicles.
To ensure that objects are not counted and are stored more than once, the process of
tracking objects between frames needs to be done. Tracking is a process that aims to find
the same object in the previous frame. Two objects are said to be the same if they satisfy
Inequalities (13) and (14).
Lobject2 + Robject2
≤ Robject1
2
≤ Tobject1 ≤ Bobject2

Lobject1 ≤

(13)

Tobject2

(14)

where object1 is the object being processed, object2 is an object in the previous frame, L
is the left border of the object, R is the right border of the object, T is the upper limit
of the object, and B is the lower limit of the object. If the two objects are identified the
same, then the ID on the previous object will move to the object being processed and do
the calculation and classification of the vehicle. The process will continue to apply until
the object leaves ROI.
3.3.3. Tracking, classification, and counting. Furthermore, vehicles that have an ID will
be classified and calculated according to the type of vehicle. The vehicles are classified
into two types, namely motorcycles and cars. The process of classifying vehicle types is
based on the result of the BLOB analysis. Motorcycle and car sampling need to be done
to calculate the area of the bounding box so that a common area for motorcycles and cars
is obtained. In order to distinguish motorbike and car, we use the number of pixels in the
object. Figure 8 shows an illustration of a bounding box, which in picture (a) has area
16, and picture (b) has area 6. For example, the selected threshold is 11; the left image is
classified as a car because it has an area larger than the threshold, while the picture (b)
which has an area less than the threshold is classified as motorcycles.
Figure 9 shows the result of vehicle classification and the provision of bounding boxes
in multi vehicles. Because the system that is built must be able to count multi-object
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(a)

(b)

Figure 8. The threshold for the number of pixels as a basis for vehicle
classification: (a) car; (b) motorcycle

(a)

(b)

(c)

Figure 9. Bounding box and ID on multi vehicle detection
vehicles and always record the vehicle when in ROI, it takes a list to store vehicle objects
that are detected when the vehicle is on ROI, namely listObj, as seen in Algorithm 3.
Algorithm 3. Tracking and Counting
1. listObj ←{}
2. if object in ROI area
repeat (read frame)
if (detObj and ID == ID in prev Frame)
listObj ← ID; update location of the bounding box
else
listObj ← new ID
until (last frame or object out of ROI)
3. Classify according to the threshold of cars and motorcycles
4. Calculate the amount respectively
Initially, listObj is empty; the vehicle detected is a new object which is immediately
given an ID label, entered into listObj. In the next frame, if the detected vehicle is the
same as the vehicle in the previous frame in listObj, the object updating process will be
carried out, i.e., an updating ID on the new vehicle object, updating the bounding box
location.
If the vehicle is not the same or does not match the vehicle objects that are in the
listObj, it can be said that the detected vehicle is new, given an ID, and entered in the
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Figure 10. The stages of the proposed method
listObj. This process is carried out as many objects as are detected in ROI. When a
vehicle exits ROI, what is done is to calculate the area of the bounding box, then classify
it between the motorbike or the car based on the area and then calculate every object that
comes out. Overall, the process steps outlined above can be seen in the block diagram
shown in Figure 10.
4. Experiments and Results. Video acquisition is carried out on a pedestrian overpass,
with a motionless camera. Figure 11 explains how the camera is positioned during video
acquisition.
The trial run of the program was carried out on videos that had been stored in computer
storage obtained from taking over the Surabaya pedestrian overpass. Table 1 shows the
video file that will be used with the actual number of vehicles.
4.1. Testing the effect of using guided filter. Existing data is video data without
rain, which then generates rain noise. The data are used in the form of heavy rain,
moderate, and low static background moving objects.
The parameters of heavy rain, moderate, and low are based on the parameters of the
tool after effect. Heavy rain: Raindrops 20,000/second, the size of the rain is 6 mm,
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(a)

(b)

Figure 11. Camera position during video acquisition: (a) rear view; (b)
side view
Table 1. Data experiment
No
1
2
3
4
5

Origin
Motor Mobile
Diponegoro31d.mp4
84
14
Pemuda27d.mp4
51
10
Suramadu39d.mp4
13
5
SuramaduB39d.mp4
15
6
Wonokromo.mp4
51
8
File

Figure 12. Heavy rain, moderate rain, drizzle
speed 4000. Moderate Rain: 10,000 raindrops/second, the size of the rain is 4 mm, speed
3000. Dizzle: Raindrops 5,000/second, the size of the rain is 3 mm, speed 2000. The rain
generated results are then added to the vehicle traffic video, shown in Figure 12. Figure
12 shows the visual appearance of various characteristics of rain generated by specific
parameters.
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The more rain that is raised, the higher the noise will appear. Furthermore, the video
that has been added with various characteristics of rain is stored in a file. The first test
was conducted to determine the effect of guided filters on the background subtraction, as
seen in Figure 13. Figure 13 shows an example of the results of background subtraction
using GMM. In Figure 13(b), it can be seen that with the application of guided filters,
the effects of rain noise can be reduced well. The next experimental process is to test the
performance of rain noise reduction using a guided filter.
The test is done by calculating the PSNR, by comparing the frames that are given rain
noise with frames without rain noise: (i) without reducing rain noise; (ii) by reducing
rain noise. Experiments are carried out for drizzle, moderate rain, and heavy rain. The
test results can be seen in Figure 14. During moderate and heavy rain, Figures 14(b) and
14(c), all frames experience an increase in PSNR, but for drizzle, in Figure 14(a), some
frames actually decline in PSNR. This is caused by noise that is not too large; reduction

(a)

(b)

Figure 13. Background subtraction (a) without rain reduction and (b)
with rain reduction

Figure 14. Effect of rain noise reduction on the increase in PSNR
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using a guided filter will result in a blur in the image, so the separation of background
and foreground becomes more difficult than a contrast image. Thus, instead, there was a
decline in the value of PSNR.
4.2. Performance classification and vehicle counting testing. The results of vehicle classification and calculation are compiled into the results table concerning the paper.
The data in the results column is obtained from the calculation results by the program
that has been made. Classification performance is shown in the recall column and the
precision column. The recall column shows the percentage of positive category data that
were classified correctly by the system [29]. The precision column shows the percentage of
the total correctly classified positive category data divided by the total positive classified
data.
TP
× 100%
GT
TP
P recision =
× 100%
DV − MC
FP
× 100%
Error rate =
GT 

FN
× 100%
Detection rate = 1 −
GT
Recall =

(15)
(16)
(17)
(18)

where TP (True Positive) is the object of the vehicle that was detected correctly, DV
(Detected Vehicles) is the number of vehicles detected by the system, MC (misclassified) is
the number of errors in the classification, FP (False Positive) indicates the error calculation
of the vehicle, such as not an object which is detected as an object and the object is
counted twice. FN (False Negative) is an undetectable vehicle. GT (Ground Truth) is the
actual number of vehicles. Table 2 is intended to show the values of GT (Ground Truth),
DV (Detected Vehicles), TP (True Positive), MC (misclassified), FP (False Positive), and
FN (False Negative).
Table 2. The value of GT, DV, TP, MC, FP, and FN
File
Diponegoro21d-deras.mp4
Diponegoro21d-sedang.mp4
Diponegoro21d-rendah.mp4
Pemuda27d-deras.avi
Pemuda27d-sedang.avi
Pemuda27d-rendah.avi
SuramaduB34d-deras.avi
SuramaduB34d-sedang.avi
SuramaduB34d-rendah.avi
Suramadu-deras.mp4
Suramadu-sedang.mp4
Suramadu-rendah.mp4
Wonokromo30d-deras.avi
Wonokromo30d-sedang.avi
Wonokromo30d-rendah.avi

GT
Mtr Car
84 14
84 14
84 14
51 10
51 10
51 10
13 5
13 5
13 5
15 6
15 6
15 6
51 8
51 8
51 8

DV
Mtr Car
287 78
106 17
87 16
300 120
87 30
51 14
383 55
64 15
39 17
211 56
117 36
51 10
125 15
59 12
54 8

TP
Mtr Car
77 11
80 12
81 12
42 8
43 8
51 10
12 4
12 4
12 4
14 4
14 5
15 5
48 5
51 5
50 8

MC
Mtr Car
7 3
4 2
3 2
9 2
8 2
0 0
1 1
1 1
1 1
1 2
1 1
0 1
3 3
0 3
0 0

FP
Mtr Car
203 64
22 3
3 2
249 110
36 20
0 4
370 50
51 10
26 12
196 50
102 30
36 4
74 7
8 4
3 0

FN
Mtr Car
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
1 0
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Furthermore, it will be shown the comparison of the recall value, precision, and accuracy
of detection before and after the rain deduction using guided filters, and the results are
shown in Table 3.
Table 3. The value of recall and precision before and after rain reduction
Recall (%)
Before
After
Mtr Car Mtr Car
1
Heavy 90.76 73.55 96.47 85.74
2 Moderate 93.04 78.31 99.37 86.67
3 Drizzle 98.89 89.81 96.93 62.33

No Rain type

Precision (%)
Before
After
Mtr Car Mtr Car
18.22 15.59 37.98 53.51
50.08 41.40 59.65 80.49
70.00 67.54 69.68 90.59

Acuracy of detection (%)
Before
After
Mtr
Car Mtr Car
100.00 100.00 98.98 92.50
100.00 100.00 100.00 90.00
99.61 100.00 95.48 72.67

Figure 15 shows the graphical representation of the data in Table 3. For a recall in
Figure 15(a), it appears that the recall process after rain reduction has increased. This
means the number of correct classifications carried out by the system compared to the
actual classifications, both for motorbikes and cars, has increased. For heavy rainfall, the
increase is smaller than moderate rainfall. Figure 15(b) shows an increase in the value of
precision. Based on Figure 16(b), the accuracy of the system in classification increases
in the type of heavy and moderate rain. Performance precision in heavy rain increased
by 19.76% for motorcycles and 37.93% for cars. Performance precision at moderate rain
type increased by 9.57% for motorcycles and 39.10% for cars. While there is a decrease
in precision performance on drizzle type by 0.32% for motorcycles and an increase in
performance by 23.05% for cars.

Figure 15. Graph of recall and precision values

Figure 16. Improved recall and precision performance
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Based on Figure 16(a), object detection accuracy is correctly increased for heavy and
moderate rainfall types. Recall performance on heavy rain increased by 5.71% for motorcycles and 12.19% for cars. Recall performance on moderate rain increased by 6.33% for
motorcycles and 8.36% for cars. While there was a decrease in recall in the drizzle type
by 4.08% for motorcycles and 27.48% for cars. Low-noise rain videos have excellent video
quality.
Therefore, recall and precision performance decrease in low-type rain because guided
filters, which are a method of refinement, can cause objects other than rain to be affected
by blurring or smooth effects, which make it difficult for the system to detect well. While
the increase in vehicle counting performance after a guided filter can be seen in Figure
17.
In Figure 17(a) object detection and classification uses a wide area, while Figure 17(b)
uses the number of pixels. In both object detection methods, there is a significant increase
in performance related to counting accuracy, compared to before the reduction and after
the reduction of rain noise.

Figure 17. Improved counting performance
5. Conclusion and Future Work. This research succeeded in increasing the accuracy
of counting on the type of heavy and moderate rain. However, it has not been successful
in increasing accuracy for the light rain type (drizzle), because the video has a drizzle,
and there is quite a bit of rain noise, so the guided filter causes the image to blur. This
will complicate the processing of object detection so that the recall performance and
precision decreases. This causes the vehicle object to be challenging to detect by the
system accurately. From the description above, it can be concluded, guided filters can
be used to improve the accuracy of detection and classification, especially in dense and
moderate rain types, but not suitable for drizzle.
In subsequent studies, we will improve the accuracy of counting and design algorithms
that are adaptive to changes in rainfall and changes in lighting intensity. Besides that,
we also seek for a method so that for light rain, the performance can also be improved.
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