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Abstract— The research base is to prove the novel concept 

and a simpler, to measure turbidity is by taking pictures of 

water samples with a camera at a constant lumen level, and 

using to identify the level of turbidity of the taken sample 

based on image classification algorithm. It is observed in Sri 

Lanka that there are generally expensive turbidity sensors, 

therefore, lack of automated water regulation methods, 

which has proved to be ineffective. Therefore, an online 

turbidity sensor is an important measurement device which 

is sought by water management authorities across the local 

and international market, especially one of which is 

potentially inexpensive and ease of use. The National Water 

Supply and Drainage Board (NWSDB) of Sri Lanka 

expressed their interest in such an efficient and low-cost 

device for better water treatment. Also, samples with known 

turbidity levels for verification purposes supplied by the 

Biyagama water treatment plant.  

 Keywords-Turbidity;  Water;  Image  Processing,  image  
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 I.   INTRODUCTION   

The term “water quality” is used to describe the 
condition of water, prediction of water quality is required 
for proper management and treatment. Water quality 
controls involve a large number of measurements of 
variables and observations. But the main aim of this 
research is focused on this main parameter which is 
turbidity.  

Currently, the turbidity measurement requirement full 
fills using turbidity sensors that use the scattering method. 
The turbidity meters with both surface scattering and 
through scattering are available at treatment plants. When 
it refers to online turbidity analyzer the processing speed 
is the main requirement, the coarse value of turbidity 
measurement is acceptable. In other words, a considerable 
tolerance for turbidity level measurement is applicable.   

The turbidity of water can be expressed as the optical 
characteristics of water. Typically, it is measured using an 
instrument known as a nephelometer. The basic principle 
behind this instrument is that it directs light to the water 
using an “emitter” and the reflected light is read using a 
“detector”. The particles suspended in the water will 
scatter a light beam focused on them. The scattered light 
is then measured at various angles from the incident light 
path [1].  

Higher the intensity of the light scattered, the higher 
the turbidity and vice versa. The most direct being a 
measure of attenuation, or reduction in strength, of a light 
source as it passes through a water sample. The unit of 
turbidity from a calibrated nephelometer is known as the  

 
Nephelometric Turbidity Units (NTU). According to 

International Standards, the acceptable level of turbidity of 
water for domestic use ranges between 5 to 25 NTU, 
whereas the typical turbidity after a rainstorm is between 
800 to 1200 NTU. This scatter method is now accepted as a 
more precise measure of turbidity. But this standard method 
is suitable for laboratory measurement and expensive. Most 
nephelometers measure the scattered light at 90°. If more 
light can reach the detector it means there are many small 
particles scattering the source beam, less light reaching the 
detector means fewer particles. Nephelometric Turbidity 
Units (NTU) are the units of measurement used by a 
nephelometer. The amount of light scattered is influenced 
by many aspects of the particles like color, shape, and 
reflectivity. Because of this, and the fact heavier particles 
may settle quickly and may not contribute to the turbidity 
reading, the relationship between turbidity and total 
suspended solids (TSS) can change depending on the 
location that the test sample was collected [2].  

There were several ways to check turbidity in water. An 
older system was called the Jackson Candle method, with 
units expressed as JTU or Jackson Turbidity Units. It used a 
candle flame viewed through a clear column filled with 
water. The length of water that the candle could be seen 
through related to the turbidity in the water sample. With the 
advent of electronic meter technology, this method is no 
longer used [3].  

When setting national drinking-water quality regulations 
and standards, many countries consider the World Health 
Organization (WHO) Guidelines for drinking-water quality 
(GDWQ) [4]. Currently Sri Lanka following Sri Lanka 
Standards Institution (SLSI) 614 (2013) standards for 
drinking water treatment [5]. According to SLSI standards 
turbidity of drinking water is to be at or lower than 2NTU. 
Normally water with turbidity level higher than 20 NTU is 
considering as raw water. But with good climate conditions, 
raw water from the Kelani River can be lower around 10 
NTU. Water between 5NTU and 20NTU consider settling 
water. Treated water is taken in between 2NTU and 0.5 
NTU. But fine water of treatment plant has turbidity level in 
between 0.2-0.1 NTU. While this fine water is taken into the 
necessary PH level the NTU level may rise around 2NTU- 
1NTU.  

The proposed method is for online turbidity 
measurements as mentioned above the main objective is to 
determine the coarse value of turbidity within a short period. 
Therefore, images of water samples classified using 
histogram intersection and KNN (K Nearest Neighbors). 
KNN can be used for both classification and regression 
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predictive problems. However, it is more widely used in 
color classification problems in the industry [6].  

To ensure the productivity, quality standards and 
reliability of turbidity measurement using an automatic 
image processing tool based upon intelligent technique are 
paramount over visual features methods. For the case k 
nearest neighbors with and histogram intersection method, is 
taken as such a machine vision system that has the 
advantage in making decisions at a very fast rate.  

 II.  PROPOSED CLASSIFICATION SYSTEM  

A. Samples Collections and Images Acquisition  

Images were taken at a constant lumen level under 
diffused light. Then the images sized for 128×128-pixel 
images, refer Fig. 1, Fig. 2 and Fig. 3.  

  
Fig.  1.  NTU level 1 and 20 respectively  

  

  

  
Fig.  2. NTU level 40 and 72 respectively  

  

  
  

Fig.  3. NTU level 490 and 1600 respectively  

  

  

  
Within the above ranges water samples collected at 0.1, 

0.2, 0.3, 0.4, 1, 2, 3, 4, 6.65, 8.6, 15, 17, 20, 30, 40, 49, 60, 
72,490 and 1600 NTU levels from NWSDB Biyagama water 
treatment plant.   

 
  

TABLE 1.Water types found at the treatment plant  
  

Water 

Type  

Raw  

water  

Settle 

water  

Treated 

water  

Fine 

water  

NTU  1000-20  20-5  5-1  0.2-.03  

  

B. Image Processing  

During image processing, the images go through some 
preprocessing steps before classification. Red Green Blue 
(RGB) image is converted to HSV (hue, saturation, value) 
color space [7]. The HSV model describes colors similarly 
to how the human eye tends to perceive color [8]. The main 
distinguishable property of the images is the color variance. 
Histogram intersection is an effective and proved technique 
to build color-based classification or recognition systems. In 
this method, n numbers of histogram bins are defined in the 
RGB and HSV color spaces of the images, then the simple 
summation and minimum function is applied to calculate the 
value for the intersection.  

 

                    (1) 

 
 Histogram intersection is one of the popular methods in 

object/category classification due to its robustness and the 
fact that it is a Mercer kernel that can be used as a base 
kernel (i.e., a symmetric positive definite kernel). Since 
feature extraction of the images is unnecessary in the case of 
NTU range classification. HSV and RGB histograms 
intersection values are used as the measurement distance 
parameter to the KNN (K Nearest Neighbors) classifier [9]. 
Then, the image is classified by K nearest neighbors to the 
nearest class in both HSV and RGB. These probabilities of 
relevance then passed into a max function to select the final 
image class. Fig. 4 gives flow chart of the proposed 
classification method.  

  
Both HSV and RGB histograms considered to extract 

significant relevance among the turbidity classes especially 
among the consecutive turbidity classes. Please refer Fig.5 
and  
Fig. 6  

  

  
  

Fig.  4.Flow chart of the proposed classification method  
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Histogram of both RGB and HSV color spaces were 

compared as below;  

 
  

Fig.  5.2D histogram in RGB Color Space  

  

 
  

Fig.  6.2D histogram in HSV Color Space  

III. RESULTS AND DISCUSSION   

  
Results from this methodology are compared with the 

water samples taken from the Kelaniya Biyagama water 
treatment plant. The images were able to train under all 20 
turbidity levels. But it was not possible to classify all 20 
turbidity levels.  

1.0, 0.2, 0.3, 0.4 classified as one category. All others 
were classified with significant correctness of F1 score of 
95.5%. Since this is for online turbidity meter classification 
of NTU level with one-digit difference is sufficient and 
acceptable compared to the advantage of high-speed image 
classification capability.  

IV. CONCLUSION  

The still images of water samples were taken at a 
constant lumen level. As further improvement experimental 
setup, it is needed to re-prepare the structure which can take 
images of flowing water. Classification accuracy needs to be 
further improved among the consecutive NTU levels. But as 

per requirement, the accuracy and classification speed 
achieved is satisfied.  

As further development, it is to be taken images of 
moving water and proceed the same with image processing 
techniques.                                                                                                         
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