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ABSTRACT 

 

The availability and use of drones, fixed cameras, and 

smartphones allows the advancement in close range optical 

remote sensing due to its operability and viability for large-

scale implementation. Specifically, RGB cameras are 

particularly advantageous for low-cost close-range sensing, 

offering higher spatial resolution at maximum two orders of 

magnitude compared to satellite sensors. This characteristic 

proves invaluable in environmental monitoring applications, 

such as tracking plastic movement in riverine environments. 

However, one of the pressing issues in object detection is to 

find a balance between accuracy and computational cost even 

with single stage object detection algorithms such as You 

Only Look Once (YOLO). Considering the environmental 

variabilities such as weather and different lighting conditions, 

here we attempt to demonstrate uncomplicated data 

augmentation techniques for both train and test images with 

primary focus on lighting adjustment. The goal is to 

determine which approach will increase performance with 

minimum cost. 

 

Index Terms— river plastic detection, optical remote 

sensing plastic, YOLO, improving object detection, image 

processing techniques 

 

1. INTRODUCTION 

 

Global quantification of plastic pollution abundance and 

fluxes is hindered by a lack of field observations. It is 

undeniable that it is crucial to have extensive data on plastic 

release and transport to advance the understanding of plastic 

fates and optimize management and mitigation efforts. 

The unbalanced plastic release versus those found in the 

environment, especially in marine and coastal areas, led to 

refocus the spotlight to riverine environments–which are also 

now seen as potential plastic reservoirs [1]. Many diverse 

attempts to advance plastic monitoring were undertaken, 

mostly for the marine environment, to develop plastic 

monitoring methodologies which would harmonize and 

widen data collection, including the use of Uncrewed Aerial 

Systems (UAS), sonar, hyper and multispectral spectral 

imaging, optical sensing, and capacitance proximity sensors 

[2,3]. However, most of these technologies are expensive or 

in its early development, and not yet suitable for large-scale 

implementation. 

Recent advances in computer vision allow detection of 

objects in the environment. This approach for plastic 

transport monitoring, also including other hydrological data 

and different camera systems, was highlighted to have a 

promising potential [4]. In fact, plastic object detection has 

been demonstrated effective in plastic recycling facilities 

using Near-Infrared Spectroscopy [5], and recently optical 

sensing coupled with computer vision [6]. However, in these 

sites and other enclosed environments, lighting conditions are 

often regulated, and other environmental variabilities do not 

exist. In the case of river plastic monitoring, water 

background, lighting conditions, and varying geometry 

during transport poses the biggest challenge. 

The YOLO (You Only Look Once) family of single 

detection algorithms is one of the most popular object 

detection algorithms in recent years due to its fast inference 

time [7]. Its implementation is simple and readily applicable 

for user-defined object detection needs, hence its growing 

popularity for different monitoring systems including traffic 

[8], and UAS [9] detection. Unlike river plastics, these 

objects do not geometrically transform rapidly during 

transport, but are also often influenced by weather variability. 

In addressing adverse weather conditions for YOLO 

detection, techniques like adding a dark channel defogging 

algorithm [10], or as far as using different image-adaptive 

hyperparameters such as Defog, White Balance, Gamma, 

Contrast, Tone and Sharpen [11] may help improve object 

detection for cars and pedestrians. There are also more 
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complicated layers being added to the YOLO network 

architecture like context loss [12], positive sample selection 

[13], and transformer module [14]. These approaches change 

the model architecture, which adds more complexity, and 

most probably increases inference time. Data augmentation, 

also another approach to increase the dataset size, on the other 

hand also provides an opportunity for increasing performance 

with additional inference cost and minimal training cost [15]. 

These entails image processing techniques such as 

translation, rotation, or shearing [16] and additional instance 

processing cost, which could be labor intensive for large 

datasets. 

To increase performance, high interest in recent research 

focuses more on developing different transformations of 

available base algorithms rather than developing methods to 

improve the maximum learning curve of datasets. While data 

augmentation has been implemented in previous works, little 

is known on how to develop a good dataset. The application 

of dark channel has provided improvements on images with 

weather disturbance in previous works when the image is 

augmented prior to detection (test image augmentation). This 

is beneficial for seasonal variabilities in the image, but not for 

long-term variability in lighting conditions and effect of the 

water spectral properties in river plastics. This case might 

require full inclusion of these special image characteristics in 

the training dataset (train image augmentation).  

We decided to incorporate both and focus on 

understanding the potential gains of this proposed dataset 

manipulation before and after the training process. Utilizing 

both YOLOv7 and YOLOv8, this paper demonstrates the 

potential value addition of simple data augmentation using 

image processing techniques to improve river plastic 

detection without suffering from increased labor and 

computational cost–which the YOLO family has always 

been. 

2. MATERIALS AND METHODS 

 

We explored two approaches to improve YOLO detection 

performance: 1) train image augmentation, and 2) test image 

augmentation.  

Train image augmentation includes dark channel 

adjustment (gamma=0.4) to all images of the dataset, 

doubling its size, without complex annotation processing 

since the bounding boxes are still the same with the raw 

images. Essentially, adjusting the gamma value of an image 

results in a lighter or darker version, in this case, a darker 

version was created. For the test image augmentation, apart 

from the dark (gamma=0.4), bright (gamma=1.7), and 

contrast (0.2 0.3 0; 0.6 0.7 1) adjustments were added to the 

input image prior to feeding into the YOLO detector, to 

widen the assessment about these lighting adjustments. 

A publicly available river plastic dataset was used as 

reference taken from Jakarta, Indonesia [17]. From this, there 

were three dataset versions utilized in this paper: 1) J-excerpt 

from the Jakarta dataset, 2) J+Dark- J and dark version of J, 

and 3) J50+Dark50- half of the previous version (see Table 

1). Both YOLOv7 and YOLOv8 were trained for all three 

datasets. 

 

Table 1.  Dataset Description 

Name  Images (T/V) Annotations (T/V) 

J 237/27 9,582/644 

J+Dark 474/54 19,164/1,288 

J50+Dark50 238/28 1712/576 

*T-train, V-Validation 

 

There were three classes in the training: 0-plastic, 1-

plastic bottle, 2-plastic bag. Plastic bottles and plastic bags 

were two of the most common plastic litter found in oceans 

in the region of Indonesia (South Asia) [18]. We decided to 

limit the classes to three, so all the other types of plastic fell 

under the class 0 for brevity.  

Image processing was performed in Matlab while the 

algorithm training and detection was performed in python 

(Google Colab Notebook). Both YOLOv7 and YOLOv8 

were trained using 100 epochs to make the performance 

results comparable. The test image used was from another 

river (Sarno, Italy) with a different camera angle from the 

train dataset to set the analysis in transfer learning levels. 

 

3. RESULTS 

 

Training results showed that YOLOv8 outperforms YOLOv7 

in terms of mAP@50-95 performance. The highest 

mAP@50-95 was observed for J+Darkv8 (+17% 

improvement from base reference Jv8) and lowest 

performance for J50+Dark50v7 (-61% decrease from base 

reference Jv7, base reference has the highest mAP@50-95 for 

all YOLOv7 models) (see Figure 1). 

 

 
Figure 1. Instance and mAP for YOLOv7 and YOLOv8
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Figure 2. Detection using YOLOv7 and YOLOv8 models. The algorithms were tested on an image taken in Sarno River, Italy, 

which is different from the dataset site (Jakarta, Indonesia) to demonstrate transferability of the algorithm, and avoid biased 

analysis which would lead to overfitting. All models performed poorly when tested to the augmented image with adjusted 

contrast settings (samples not shown here).

Generally, an increased mAP@50-95 performance for 

all YOLOv8 models can be observed with the 

incorporation of dark images in the dataset independent of 

the annotation instance (class count in the validation set). 

It is also interesting that most of the model performance 

gains (J+Darkv7 and J+Darkv8) from incorporating dark 

images was negated later when the dataset was halved 

(J50+Dark50v7 and J50+Dark50v8), but not so far off 

from the raw dataset (Jv7 and Jv8). 

The models were tested with a river image 

independent from the Jakarta dataset using raw and 

augmented versions. For this specific image, the use of an 

augmented version which is brighter resulted in higher 

inference scores for most of YOLOv7 models while there 

is a minimal increase observed for the YOLOv8 models. In 

fact, there were additionally detected plastics in JDarkv7 
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and JDarkv8 which their base counterparts Jv7 and Jv8 

were not able to detect (see Figure 2). 

Approximately 38% of the inference scores are <0.50 

for YOLOv8 models, while only 18% for YOLOv7 

models. False positives were also produced mainly due to 

insufficient class annotation instances. Jv7 and J+Darkv7 

detected a plastic bottle as a plastic bag and plastic, 

respectively, while J+Darkv8 model tagged it as plastic. 

This is not surprising since the plastic bottle class only 

comprises a minimal annotation instance in the dataset 

(annotations=30). 

 

4. DISCUSSION 

 

Taking into consideration the pressing need to advance 

river plastic monitoring, without compromising accuracy, 

it is critical to balance time and resources to address policy 

gaps [19] coupled with effective monitoring technologies.  

In object detection, high accuracy often entails cost, 

both computational and labor. In this case, the +17% 

mAP@50-95 increase of J+Darkv8 cost only an additional 

24 mins (approximately doubling) in the training time from 

the base Jv8. Minimal labor was also added for the data 

processing and dataset preparation (maximum of 30 mins 

per dataset, execution only). Since there was no change 

implemented in the YOLO network architecture, which is 

often the case in the literature, the challenge of deployment 

cost for hardware may not threaten adoption of this 

approach in the future. The uncomplicated train and test 

data augmentation proves to have its pros and cons and 

though it is still early to conclude that we should use darker 

over brighter augmented images, it is highly encouraging 

to use a simple threshold to automate brightness adjustment 

and explore object specific augmentations in the future.  

Interestingly, despite the general low performance of 

the YOLO family in terms of detecting small objects, our 

current models were able to detect a 50 x 70 px plastic 

bottle. 

It is also important to highlight that setting the training 

parameters (e.g. batch and epoch) as constant is beneficial 

to compare algorithm performance, this might also lead to 

limiting specific algorithms. YOLOv8 detected a relatively 

lower increase in the learning curve within 100 epochs and 

automatically stopped the training, but it’s not the case with 

YOLOv7, which could still continuously run for higher 

epochs (Jv7 with epoch=300 outperform Jv8 with epoch 

=100). 

5. CONCLUSION 

 

This work demonstrated the effectiveness of increasing 

river plastic detection using simple data augmentation 

methods, especially the dark channel in the training set, 

without suffering from increased computational cost or 

changing the architecture of the object detector. Moving 

forward, it is essential that the community continue to build 

simpler systems which can be easily integrated with those 

that are already working to advance to the next level of 

science in close range optical remote sensing of river 

plastic.   

Related to this work is an ongoing project, 

RiverWatch, which aims to develop optical monitoring 

systems for Sarno River using unsupervised computer 

vision and citizen science. 
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