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1. Background 

 Amid awareness of marine plastic litter on a global scale is growing, urgent measures are 

required in Southeast Asia and India, which are the main sources of the problem.  In particular, 

since it is said that there are many unclear facts such as the outflow route and distribution of 

marine plastic litter, the accumulation of scientific knowledge is an important issue for 

implementation of effective measures. 

 

 Therefore, With the support of the Government of Japan, led by the United Nations 

Environment Program (UNEP) Regional Office for Asia and the Pacific, the Promotion of 

countermeasures against marine plastic litter in Southeast Asia and India will be implemented 

from 2019 to 2020, and the following concrete measures will be implemented. 

(1) We will establish a model of Identification and monitoring of plastic litter sources and 

routes in Southeast Asia (Mekong River basin) 

(2) In India (Ganges River basin and Mumbai), we will identify the source and route of 

plastic litter and build a model of monitoring method.  In addition, we will support the 

strengthening of efforts by local governments and NGOs on their educational activities related 

to plastic litter. 

(3) Based on these above mentioned implementations, we will make policy proposals to 

each country to support the introduction of appropriate waste treatment systems. 

 

 At the request of UNEP, Pirika Inc is cooperating for (1) in identifying the emission sources 

and routes of plastic litter in the Mekong River basin and building a model for monitoring 

methods.  As a part of this, in collaboration with the Asian Institute of Technology (AIT) 

Geoinformatics Center (GIC), We have developed and improved a system to figure out the 

actual distribution and discharge situation of litters by using image analysis technology of 

aerial images taken with unmanned aerial vehicle (UAV, commonly known as drone).  

2. Purpose 

 The purpose of this study is to detect mechanically what seems to be litter and waste from 

the aerial image of the riverbed taken from above by using a drone. 

 Up to present, in order to understand the distribution situation of drifting litters on rivers and 

coasts, a field survey by human eyes and a collection survey for picking up the distributed 

litters have been conducted.  However, in each of the survey methods, there is a problem that 
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the standard of the trash to be observed and the trash to be collected varies depending on the 

individual investigator.  In addition, since it was difficult to unify the survey times, there were 

significant errors in terms of time and conditions at each survey point. 

 On the other hand, there are some research cases that tried to understand the distribution 

of litters uniformly over a wider area by analyzing images taken from artificial satellites.  

However, even if images from high-resolution satellites are used, the maximum resolution of 

current commercial satellites is about 31 cm even with the man-chromatic image by 

WorldView-3 and 4 operated by Digital Globe, Inc. in the United States. Thus, even if you can 

catch a large trash or lump, it is difficult to distinguish a single can or plastic bottle. 

 In addition, although image analysis of litter distribution by low-altitude shooting using a 

helicopter has been attempted, it is costly to operate and it has the problem of resolution as in 

the case of using satellite image data. 

 Therefore, we tried to detect litters from aerial images using a drone in order to establish a 

survey method that can adjust the shooting altitude, are quick with low cost, and that is not 

affected by the skill of the investigator.  

3. Method  

3-1. Aerial Photography 

 The Asian Institute of Technology Geoinformatics Center (GIC) attempted aerial 

photography with a commercial drone DIJ Phantom4 Pro along the Mekong River and its 

tributaries around Ubon Ratchathani, Thailand and Vientiane, Lao PDR.  For specific aerial 

photography methods, equipment, and their settings, please refer to the technical note 

separately written by GIC. 

 Since the optical image taken in Thailand had a high photographing altitude and a 

remarkably low resolution, it was difficult to distinguish small litters.  Therefore, in the study in 

Lao PDR, we asked for photography with conditions of altitude 30m or less and 4K (3840 x 

2160 pixels) resolution, and analyzed using 623 optical images. 

 

3-2. Image analysis by machine learning 

 Based on the optical image data of the aerial image shared by GIC, Pirika Inc analyzed them 

with both the model for predicting the presence or absence of litter by machine learning 

established in the survey of river litters in Japan and the model specialized for aerial image of 

Lao PDR. 
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 Machine learning is a computer system that efficiently executes a specific task using artificial 

intelligence.  It iteratively learns from existing data, finds patterns and rules, and distinguishes 

and predicts about unknown data.  Among them, Deep Learning is a system that automatically 

conduct digitization of feature and learning in addition to the discovery of patterns and rules by 

stacking multiple layers of algorithms called "neural networks" (mathematical calculation 

procedures / calculations when solving problems) that model human nerve cells.  

 

3-3. Japanese version of litter presence prediction model 

 With the litter presence prediction model established in Japan, the aspect ratio of images 

acquired by a drone is evenly divided, and the prediction of presence or absence of litters is 

conducted using deep learning for each area using the slide window method. 

 Although details will be described later, Deep Learning uses a model created based on three 

types of existing CNN system models, VGG16, MobileNet-V2, and Inception-v3. 

 On the other hand, we also examined advanced object detection models such as FastR-CNN 

and YOLO.  While these methods have merits in prediction accuracy and lightness, they are not 

suitable for detecting a small object.  Up to now, most of the optical image data collected under 

the imaging conditions that can be implemented under the drone-related law in Japan, the image 

of litter occupies about 0.1 to 0.5% of the entire image. Therefore, the conventional slide window 

method is used for the prediction instead of the advanced method. 

 In the demonstration experiment using these models, it was possible to predict with a 

precision of 95.37% for images taken by drones in the rivers of Toyama and Okayama in Japan. 

 First, we tried to analyze the aerial image taken in Lao PDR by the model established in Japan. 

 

3-4. Lao PDR version of litter presence prediction model 

 Next, the following method was conducted to perform image analysis specialized for river 

litters taken in Lao PDR. 

 

① Creating a model using only Laotian images 

 The model was created using only images of rivers in Lao PDR.  In this model, we created 

3,423 images with litters and 7,000 images without litters to create a dataset.  Based on these 

datasets, the model was created in the same way as the rivers in Japan. 

 

② Create object detection model 
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 In addition to the above class (litter / non-litter) classification model, a model for object 

detection was created.  This model was created using Google's Vision API so that a total of 1,098 

litter areas can be predicted. 

 

3-5. Modeling process for predicting the presence of litters 

 Litter detection from optical images in rivers becomes a problem of object detection specialized 

for litter prediction.  Therefore, it is necessary to design the model from two perspectives: (1) 

detecting an object from the background, and (2) predicting whether the detected object is litter.  As 

will be described later, there is a method of modeling both viewpoints simultaneously, however, in 

order for the verification to be done easily, a simpler method is used for implementation. 

  

(1) Object detection 

Object detection methods using deep learning can be roughly divided into three methods: a. Slide 

window method, b. Region proposal method, and c. End-to-end method.  In the methods a and b, 

since it is necessary to acquire (detect) the candidate rectangle separately from the litter 

discrimination portion (identification), a two-step process is required, which makes the processing 

speed become slow.  On the other hand, in the method of c, since detection and identification are 

performed at the same time, the processing speed increases, but the model becomes complicated.  

The former method was selected because it is simpler and makes it easier to verify the analysis 

results. 

When comparing a and b, a takes a long time to analyze because all areas of the image have to be 

examined by fixed-width rectangle, but in b, only the "object-like" part is acquired, so in the general 

object detection problem, the method of b has more speedy processing.  However, regarding the 

litter discrimination problem, since the size of the litter is small within the entire image, if a 

parameter, with which a litter-sized object can be identified, is set, a large number of candidate 

rectangles will be obtained from the entire image.  This makes it impossible to enjoy the speed 

advantage of using method of b. 

Based on the above reasons, the slide window method of a was used in this litter detection. 

  

(1)-a. Slide window method 

 As shown in Figure 1, the entire image is analyzed by sliding a fixed-width rectangle.  There are 

only a total of three parameters to handle: the width of the rectangle (vertical / horizontal) and the 

slide width, making it intuitively easy to handle.  On the other hand, in order to handle a 4K size (3840 

x 2160 pixels) image, assuming that the rectangle is 200 x 200 pixels and the slide width is 200 pixels, 

it is necessary to analyze 220 times for one image according to the following formula. 
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ROUNDUP(3840/200 = 20) × ROUNDUP(2160/200 = 11)  = 220 

 

  

Figure 1.  slide window slide schematic 

  

(1)-b. Region proposal method 

 In the Region proposal method typified by Selective Search, although there are few parameters of 

the method itself, a large number of candidate rectangles will be acquired if the size of the rectangle 

and the aspect ratio are not adjusted.  Since it is necessary to reduce the size of the candidate 

rectangle to the minimum size of the litter in order to identify the litter, a large number of candidate 

rectangles are used as they are.  Moreover, unlike the slide window method, it is difficult to use a 4K 

image as it is because calculation is required to extract candidate rectangles. 

  

(1)-c. end-to-end method 

 In the object detection research of deep learning, it is attracting attention as a state-of-art method.  

Since object detection is actively used in fields requiring immediacy such as automatic driving, not 

only accuracy but also speed including detection is required.  On the other hand, since the object 

detection and the object identification are performed at the same time, the accuracy may be inferior 

to other methods depending on the task design, and it is often unsuitable for the detection of small 

objects. 

 

(2) Object identification 
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 In object identification, assuming the model creation by the following procedure, we improved 

the accuracy by transfer learning of No. 8.  As a general policy, after confirming that prediction 

can be made with a simple model (80% accuracy is the standard), experiment is performed using 

the existing model with a flow of learning → the transfer learning.  From the viewpoints of 

accuracy and processing speed, we examined the most optimal model configuration. 

 As a method to further improve the accuracy, in order to improve the accuracy other than litter, 

it is conceivable to classify the object into other classes or use multiple inputs. 

 

Table 1. List of data set creation procedures 

Procedur

e 

Content 

1 Image labeling annotation 

2 Expansion of data set by basic data augmentation 

3 Adjusting the ratio of positive and negative examples of training data 

(positive example: negative example = 1: 9) 

4 Negative augmentation (addition of unpredictable data) 

5 Positive augmentation 

 

  

4. Result 

 As a result of image analysis, a total of 8,284 litters was detected along the Mekong River 

basin in Vientiane, Lao PDR.  The total shooting area is 761,400 ㎡ (however, overlapping 

areas of images are not taken into consideration), so an average of about 10.89 litters is 

distributed per 1k㎡. 

 

Camera parameters for drone (Phantom4 Pro)   

    Sensor size (1 inch) = horizontal 13.2mm x vertical 8.8mm 

 Focal length = 8.8mm (24mm full size conversion) 

  

Angle of view at an altitude of 30 m (area that can be photographed) 
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 Horizontal range: 30m x 13.2mm / 8.8mm = 45m (width) 

 Vertical range: 30m x 8.8mm / 8.8mm = 30m (height) 

 

Shooting area per image: 45m x 30m = 1,350 ㎡ 

Total shooting area: 1,350㎡ × 564 sheets = 761,400㎡ * Duplicates are not considered 

Number of detected litters 8,284 pieces / 761k㎡  = Distribution of litters about 10.89 pieces / 

k㎡ * No riverside / bankside classification 

 

 If the distribution of more than 8,000 pieces of litters in such a 761 k㎡ area is visually 

inspected and collected, and if the time required for the survey in case of Japanese rivers is 

calculated, at least about 250 people / hour will be required.  On the other hand, the aerial 

shooting time of this survey was completed in less than 2 hours, and we were able to achieve 

a significant increase in the efficiency of the survey.  In a previous study conducted on the 

Klang River in Malaysia, it was also confirmed that there was almost no error in the survey of 

collecting river trash and the aerial image of the drone (Marlein Geraeds., 2019).  

 

Analysis by Japan version of the litter presence / absence prediction model 

 The prediction accuracy was 70.6% when the litter prediction model created based on the 

river image in Japan was applied to the image taken by the drone in Lao PDR.  According to 

the analysis using the model for predicting the presence or absence of litters in Japan, the 

prediction accuracy was 95.37%, thus, it can be said that the accuracy has significantly 

decreased. 

 For accuracy verification, we used a dataset that was designed that the ratio of litter image 

to non-litter image was 1:1. 

 The above-mentioned accuracy in Lao PDR can be concluded as inappropriate for actual 

operation because the area without litter is much larger than the area with litter in river 

surveys with drone. 

 In the actually acquired images, the maximum number of litters contained in one image is 

about 80.  That means that the image that contains litters is approximately 15% against the 

number of divided areas (around 530).  Therefore, since the accuracy is 85% even with a model 

that predicts that all areas do not contain any litters, we reached the above conclusion. 

 

Analysis by Lao PDR version litter presence prediction model 
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 The accuracy of image analysis by the litter presence prediction model specialized for 

optical images in Lao PDR was improved to 83.9%, compared with the accuracy of 70.6% by 

the Japanese version model.  However, the accuracy was low for image analysis in Japanese 

rivers. 

 

 

Figure 2. Examples of litter candidates detected by the litter presence prediction model 
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Figure 3. Verification of the "correct answer" from the litter candidates detected by the 

prediction model 

 

 
Figure 4. Red frame was correctly detected as litter, blue frame was not litter (enlarged in Fig. 3) 
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Figure 5. A Heat Map showing the distribution of letter garbage at the shooting location @google 

  The highlighted part is the part where the aerial image was taken by the drone 

  The color differs according to the number of detected litter 

 (small number of litter (green) → large number of litter (red)) 

5. Consideration 

 The optical image analysis in the river of Lao PDR could not be predicted with high accuracy even 

using the Japanese version of the model.  It is considered that the main reason is the difference in 

the shooting method and the environment. 

 In addition, by specializing in optical images in Lao PDR, we were able to create a model of about 

83.9%.  However, since this method requires new learning every time shooting in new countries / 

regions increases, it is not an efficient way. 

 

 The following two points can be considered as the reasons for the difference in the accuracy 

of image analysis in Japan from the image analysis by the Lao PDR version litter presence 

prediction model. 

(1) Effects of shooting method and conditions for aerial images 

(2) Alignment with transfer learning 

 

(1) Effects of shooting method and conditions for aerial images 
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 Aerial images taken by drones on rivers in Japan are mainly in the low altitude of 10 

to 20 m, and the resolution is 4K (3840 x 2160 pixels).  On the other hand, in Lao PDR, 

the resolution was the same, but the altitude was 30m, and due to characteristics of 

the region and seasons, most of Lao PDR' litters were covered with sand, and there 

was little difference in image from the background. 

 

(2) Alignment with transfer learning 

 The accuracy of the Japanese version of the model for predicting litter was 

significantly improved by using the trained model for the ImageNet dataset. 

 Even in Japan, the accuracy before transfer learning was about 85%, which is roughly 

in agreement with the experimental results of the Lao PDR-specific model. It is 

possible that the reason that transfer learning did not work well was that the types of 

litters contained in the images were mostly unrelated to the types of substances 

contained in the ImageNet. 

 

 Transfer learning is a method of improving the accuracy of the task that one originally 

wants to work by using the “weight” of the model already trained for some task as an 

initial value.  For successful transfer learning, there are many cases where it is possible 

to hypothesize that there is some relationship between tasks.  In the litter identification 

problem, since litter is a general object (plastic bottle, plastic bag, etc.) when it is used 

as it is, it is useful to use the weight of the model learned for the task of general object 

recognition. That is why we performed transfer learning.  There are a method of re-

learning all the weights and a method of re-learning a part of the weights. In this model, 

the latter is adopted and only the weights of all connected layers are re-learned. 

 

 Since many of the litters distributed in Lao PDR were covered with sand as described 

above, and at first glance, there were few things that could be identified as general 

items contained in the ImageNet dataset, thus, transfer learning did not work well.  

 

6. Future tasks 

 In order to improve the accuracy of image analysis, the following two policies can be considered 

as future tasks. 
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6-1. Case classification and model creation 

 One of the reasons why Lao PDR did not work this time was difference between the rivers in Japan 

and those in Lao PDR. 

 When targeting rivers of which conditions change significantly, this can be done by (1) creating a 

more general-purpose model or (2) creating individual models that are tuned for each case. 

 The former ① will be useful when expanding the survey area in the future, but there will be a trade-

off with accuracy. On the other hand, in the latter case (2), tuning will be required for each survey 

area, which will increase the cost. 

 Therefore, it is effective to classify river conditions and types of litters from qualitative and 

quantitative analysis in advance, and then create a model for each case. 

 A concrete example of case classification is as follows. 

・Classification by country / region / river status：Instead of creating a model that covers all 

countries / regions, it is possible to create a model that does not require performance tuning by 

creating a model that suits their characteristics through classifying countries and regions that are 

similar to some extent by river conditions. 

・Classification by size of garbage:  The current model is created so as to predict all litters, but by 

creating a model for each size, it is possible to create a model that does not depend on river 

conditions. 

 In actual operation, although it is necessary to create a flow that corresponds to which case, it can 

be considered as one of the methods that can achieve both accuracy and cost. 

 6-2. Search for aerial photography 

 In Lao PDR, aerial photography was carried out using the photography method that seems to be 

the best among the available equipment and within survey period, but it was also considered that it 

was not completely consistent with the photography method in Japan.  

 Since the shooting equipment, shooting methods, and rules regarding the legal system differ in 

each country / region, it is important to search for a uniformed shooting method that satisfies those 

conditions. 

 Pirika Inc is conducting experiments on aerial shooting methods, and is verifying how to shoot with 

drones that can fly in many countries and cameras that can be installed. 

 According to the current experimental results, even with full high-definition (Full HD, 1920 × 1080 

pixels), if you take an aerial image at an altitude of 15 m or less, you can obtain enough optical 

images to detect litter.  Currently, it is possible to shoot with Full HD or higher resolution even for 

drones of 200g or less, which are loosely regulated for commercial use.  Although there is a restriction 
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that flight time is short due to the small capacity of installed battery, there is a possibility that aerial 

image data can be easily collected in more countries and regions. 

 In addition, when taking aerial shots at a new location, it is ideal to take 200 or more images, and 

more is preferable.  Alternatively, it is effective to collect image data of 50 to 100 images with a large 

amount of litters and a total amount of litters exceeding 1,500. 

 

 In addition to these, since improvements can be expected by expanding the data set for object 

recognition, it is important to continue basic improvements such as further expansion of the data 

set. 

 

7. Future outlook 

 

7-1. Development of a more accurate general-purpose type litter presence prediction 

model 

 While accumulating new river data, it is possible to develop a more general-purpose model 

for predicting the presence or absence of litter by using the following two methods while 

minimizing tuning depending on the shooting area and river conditions. 

・By modifying the model (identify whether litter exist or not)  to multiple classification 

problem (identify the items), the characteristics of each litter can be captured.  

・A object may be defined as litter by its location and context (The same plastic bottle could 

be defined differently, depending on its condition such as whether filled plastic bottle is placed 

or crushed plastic bottle is left in a river).  Therefore, the architecture of the model will be 

changed to the one that can use the information around the identification rectangle and the 

multitasking architecture that predicts the location of the identification rectangle at the same 

time. 

 

7-2. Presuming the type of litter 

 In the future, it is necessary to presume the type of detected litter in order to study more 

accurate measurement and countermeasures for plastic litter that flows into the ocean 

through rivers.  Pirika Inc already has experience in developing a system that classifies the 

types of road litters detected by deep learning. 

 As described above, by modifying the model (identify whether litter exist or not)  to multiple 

classification problem (identify the items), the characteristics of each litter can be identified. 

This will simultaneously help the litter detection accuracy to be improved. 
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Figure 6. Example of a litter presence prediction system interface with a litter type 

estimation function 

 

Right side: Examples of litter types 

 

Cigarette, (5 or less), (6 or more) 

Cigarette box, Lighter 

       

Gum (new), (old), Wrapping paper of gum 

       

Can, Bottle (transparent), (colored) 

Plastic bottle, Lid of plastic bottle 

       

Newspaper, Book, Cardboard 

White paper, Colored paper, Paper bag 

       

Plastic bag (transparent), (White), (Colored) 

Packaging film (transparent), Colored 

Plastic fragment (transparent), Colored 

Styrofoam, Metals 

Clothes, Woods, Umbrella 

Other litters 
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7-3. Estimation of litter volume and weight 

 It is necessary to calculate the volume and weight of litters when considering methods and 

plans for countermeasures and collection of plastic litters that flow into the ocean through 

rivers.  For that purpose, the following two policies can be considered. 

 

A. Combination of detection of litter/type estimation by two-dimensional aerial 

photography and library 

 It is possible to calculate what kind of/how many litter is distributed at what location by 

detecting the type of litter detected by the litter presence / absence prediction model from the 

planar optical image taken by the drone.  By creating a library that lists the volume and weight 

of each type and state of litter, if the detected type of litter is compared with the library, the 

volume and weight of the litter distributed at each point and range can be estimated.  

 However, this method makes it difficult to identify and calculate the location where various 

kinds of litter are mixed up in one place or where it is three-dimensionally compiled (see 

Figure 7). 

 On the other hand, it is suitable for generally understanding the distribution status of litters 

in wide-area and the status of runoff routes.  Therefore, there is a possibility that the 

distribution status of litter can be quickly grasped at low cost by combining this visual analysis 

with the operation of a GIC’s drone  (see Figure 8) that can fly long-distance of 10 km or more 

and conduct aerial photography. 
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Figure 7. Community dump site taken in Chiang Rai, Thailand 

 

Figure 8. Fixed-wing drone owned by AIT GIC 

  Flying height: Up to 1,000 m 

  Flying time: 50-60 mins. 

  Coverage: 10-40 km per flight 

 

B. Combination of 3D aerial photography・SfM and library 

 A three-dimensional (3D) map is created from optical images taken by a drone using SfM 

(Structure from Motion) software for aerial survey.  By using a model for predicting the 

presence or absence of litter, the location information of the litter is identified, and at the point 

where the litter is concentrated and compiled, the volume of the compiled litter can be 

predicted by collating with the 3D map.  In addition, the weight can be estimated by comparing 

the detected litter type with the library. 

 This method is also used to estimate the amount of deposits at final (landfill) landfill sites 

(see Figure 10) and open dumping sites (field loading).  On the other hand, when acquiring 

position information using GPS (Global Positioning System), an error of about 2 m may occur.  

Thus, it is necessary to acquire detailed position information from network-type RTK (Real 
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Time Kinematic)-the positioning satellite (GNSS: Global Navigation Satellite System).  For 

positioning by RTK, it is necessary to install an electronic reference station on the ground, and 

it is also necessary to install a dedicated sensor on the aerial imager (drone).  Therefore, in 

areas where electronic base stations are not installed nearby, it is difficult to create accurate 

3D maps and estimate the volume unless an independent electronic base station is installed. 

 Further, as with the method A described above, it is difficult to speculate the type of litter 

inside the accumulation point, thus, the weight cannot be estimated accurately.  In addition, 

there is a possibility that it may be difficult to calculate the volume accurately unless it is 

compared with the topography at the time when litter is not accumulated.  Moreover, in order 

to create a 3D map, it is necessary to set a route and shoot a large amount of aerial images 

within the target area (see Figure 9).   Therefore, it is difficult to conduct a wide-range survey. 

 It may be possible to find a model of the type of litter that accumulates by topography, 

location, and season by repeating the collection and composition analysis of litter at the survey 

site and accumulating data.  However, it takes time and effort.  If commercially available SfM 

software is used, there is a possibility that the cost will increase as well (however, there is also 

a way to use open source software in combination at each stage). 

  

Figure 9. Processing of aerial image by SfM software: Green point is the coordinates of 

the shooting point @Pix4D 
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Figure 10. 3D map of the final disposal site created by SfM software (Tafaigata Landfill, 

Samoa) 

 

 

Table 2. Comparison of waste volume and weight estimation methods 

 A. Combination of litter 

detection / type estimation 

and litter type library by 

two-dimensional aerial 

photography 

B. Combination of 3D aerial 

photography / SfM and litter 

classification library 

Aerial 

photography 

Short time, small amount of 

image 

Drone operation of various types 

is possible 

Needs long time and a large number 

of images 

Almost limited to biplane (propeller) 

type drones that can fly on an 

accurate course 



Pirika, Inc. 

19/22 

Pros 

Wide area analysis is possible at 

once 

It is possible to estimate the amount 

of accumulated litters more accurately 

(it is desirable to have networked RTK 

positioning and information on 

topography without litters) 

Cons 

It is difficult to grasp the status 

of three-dimensional litter such 

as piled up litters and to 

estimate the volume and weight.  

It is essential to maintain a 

library for each type of litter to 

be identified. 

It is difficult to grasp the situation inside 
the solid waste and to estimate the 
volume and weight.  It is essential to 
maintain a library for each type of litter 
to be identified. 

 
 

 As a result of the above comparison, B. The combination of three-dimensional aerial 

photography / SfM and the litter type classified library has difficult conditions for drone aerial 

photography / its operation, and requires a long aerial time and a lot of images in a enormous 

river with wide catchment area such as the Mekong River. 

 Thus, after establishing a method using the combination of A, many places where a lot of 

litter was three-dimensionally accumulated were found, and when it was necessary to 

estimate more accurately, It is considered efficient to examine applying and operating the 

method of B to the specific accumulated area. 

 

7-4. Possibility of improving litter detection and type estimation by improving cameras 

and shooting methods 

 At present, the analysis of optical images by a camera (three-band spectrum camera) that 

captures the wavelength bands (bands) of three types of RGB (Red, Green, Blue) light is 

currently underway.  Optical image analysis depends on what the human eye can see and what 

can be discriminated. Therefore, basically, if the human eye can not discriminate whether it is 

a litter or a pattern of the ground, it cannot be determined even by the prediction model. 

 However, in the natural world, there are various wavelength bands that humans can not see, 

and some have characteristic reflections depending on the temperature and material of the 

target.  For example, even if they look the same in RGB, in the infrared band they look different 

depending on the temperature of the target.  For this reason, combining the image data of 
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other bands enables to detect the litter more accurately even on those that were not possible 

to be discriminated whether it is litter or the pattern of the ground by using only RGB.  In 

addition, there are bands in the wavelength band that show different reflections due to 

differences in specific materials (metal, plastic, etc.), vegetation, geology, water content, etc.  

It may be possible to detect covered litters and to easily speculate their types. 

 A camera capable of acquiring data in various wavelength bands other than RGB is called a 

multispectral camera or a hyperspectral camera.  The data acquired by these cameras is an 

overlay of the image data of each band, and when the information of the pixels at the same 

coordinates on all the band images is connected, it becomes the spectral spectrum data at 

that point.  The larger the number of bands is, the finer the spectral information peculiar to the 

object to be photographed can be detected. Thus, it becomes possible to detect and identify 

litter that was difficult to do so by human eyes and RGB cameras with a small number of 

bands. 

 On the other hand, the lightweight and small hyperspectral cameras that can be installed in 

a drone is still limited and expensive.  However, there is a product called a bandpass filter that 

can change the wavelength band to be captured and acquire data of different bands by 

filtering the lens of a normal RGB camera (see Figure 12).  Since the bandpass filter is 

relatively inexpensive and lightweight, it can be attached to the camera mounted on a 

commercial drone.  The bandpass filter can change the band only to a specific wavelength 

band, but if the band, in which litter can be detected more easily, can be specified, the 

detection rate may be further improved. 
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Figure 11. Utilization example of visualization of vegetation and land use condition by 

hyperspectral camera from drone 

Source：OCI-UAV-1000 Flight Data Example (processed with pseudo-RGB color and material 

color based on spectral characteristics）@Bayspec 

https://www.bayspec.com/spectroscopy/oci-uav-hyperspectral-camera/ 

 

 

Figure 12. Bandpass filter 

Bandpass Filter Kit For Machine Vision @Kokins 
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http://cokin.com/en/filters/1056-kit-de-filtres-passe-bande-pour-vision-artificielle-

3611533800011.html  
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