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Abstract- This project “Recyclable Wastage Classifier” performs image recognition of various waste classes. We have used 

Convolutional Neural Networks for image classification. We have used Keras library (using tensorflow backend) for creating 

the CNN. Careful and robust classification of waste materials is important given the strict controls required for storage, 

treatment and disposal of hazardous waste, in addition to the higher costs involved compared with other waste types. It is also 

important to ensure that wastes are disposed of in the correct landfill sites. Non-hazardous waste should not be disposed of in 

hazardous waste landfill sites because limited disposal volume is available. On the other hand, disposal of hazardous waste in 

landfills not designed to accept it can result in potential risks to the environment. 
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I. INTRODUCTION 
 

As humans, we can visually identify and segregate 

various types of waste such as leftover food, metal cans, 

plastic bottles, cardboard boxes, and broken glass items as 

shown in Fig 1. All these categories of wastes are visually 

very different from each other and are recycled or 
disposed of based on their material. 

 

 
Fig 1. Different Types of waste. 

 

The most important reason for waste collection is the 

protection of the environment and the health of the 

population. 

 

Rubbish and waste can cause air and water pollution. 

Rotting garbage is also known to produce harmful gases 
that mix with the air and can cause breathing problems in 

people. By inspecting the type of waste, vegetation 

around landfill sites carefully you can determine the 

damage that can be caused by garbage and waste if left 

untreated in the open.  

 

To address this problem modern waste management 

professionals place garbage in lined holes and use bacteria 

to help facilitate its rapid decomposition. Rotting garbage 

and waste emanates a foul smell that can cause nausea 

among people who come into contact with it. 

 

II. METHODOLOGY USED 
 

CNN was first proposed by LeCun and others. After 

continuous development, it was used for classification 

tasks for the first time by KRIZHEVSKY [1] and others 

with excellent results. Skip connection was proposed by 

ResNet [2] in 2016 and reached a climax. Based on skip 

connection, we improved and optimized the design on the 

DenseNet [3] classification model and used it for real-
time garbage classification on the garbage conveyor.  

 

We also compared it with the classic image classification 

networks including AlexNet [1], VGG [4], and ResNet 

and lightweight classification networks including 

MobileNetV2 [5] and ShuffleNetV2 [6] in real time. The 

experimental data show that the Hindawi Mathematical 

Problems in Engineering Volume 2020, Article ID 

5795976, 6 pages https://doi.org/10.1155/2020/5795976 

recyclable garbage classification method (garbage 

classification denseNet, GC- DenseNet) proposed in this 

paper has good generalization ability, real-time 
performance, and high accuracy. 

 

1. Depthwise Separable Convolution: 

Depthwise separable convolution [7] consists of 

depthwise convolution and pointwise convolution [8]. 

Depthwise separable convolution was used to replace 

densenet 3 × 3 standard convolution to make the number 

of packets equal to the number of output channels, 
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thereby reducing the number of parameters (Params) and 

floating point operations (FLOPs) of the model to 
improve the efficiency and real-time nature of the garbage 

classification model. The depthwise convolution and 

standard convolution adopted are shown in Figure 2. 

 

 
Fig 2. Depthwise separable convolution and standard 

convolution. 

 

Depthwise separable convolution is used to reduce the 

number of Params and FLOPs of the model. The formulae 

of Params and FLOPs are shown in formulae (1) and (2), 

respectively: 

 

Params = Cin × Cout × HKernel × WKernel’, (1) 

 

Params = Cin × Cout × HKernel× 
                             WKernel × Hout × Wout’, (2) 

 

Where Hout represents the height of the output feature; 

Wout represents the width of the output feature map; 

Hkernel represents the height of the convolution kernel; 

Wkernel represents the width of the convolution kernel; 

Cin represents the number of input channels, and Cout 

represents the number of output channels. 

 

2. Attention Mechanism: 

The principle of the attention mechanism is to make the 
model allocate limited resources to the important parts 

and ignore the unimportant parts, thereby improving the 

accuracy of the model. At present, the most commonly 

used attention mechanisms are channel attention 

mechanism [9] and spatial attention mechanism [10]. 

 

The channel attention mechanism makes the model pay 

more attention to the channel information of the feature 

map. Firstly, an adaptive maximum pooling and an 

adaptive average pooling were applied to the feature map. 

After that, the pooled result was sent to a multilayer 
perceptron (MLP) [11] for channel splicing, and the 

weights of the two output feature maps are combined.  

Finally, we multiply channel- by-channel weighting to the 

original features on the new channel weights to complete 
the recalibration of the original picture in the channel of 

the feature map channel. The network structure of the 

channel attention mechanism is shown in Figure 3. 

 

 
Fig 3. Network structure of channel attention mechanism. 

 

The spatial attention mechanism makes the model pay 

more attention to the spatial information of the feature 

map. First, the input feature map undergoes an adaptive 

average pooling and adaptive max pooling in the spatial 

dimension. Then a 7 × 7 convolution kernel is connected 
to form a new feature map. Finally, the output feature 

map is obtained by multiplying the attention module 

feature map by the new feature map through the scale 

operation. The network structure of the spatial attention 

mechanism is shown in Figure 4. . 

 

 
Fig 4. Network structure of spatial attention mechanism. 

 

This paper combines the features of the channel attention 

mechanism and the spatial attention mechanism in CBAM 

[12] and adds the channel and spatial attention 

mechanisms in series after the 3 × 3 in DenseNet, to make 

the network model pay attention to the channel and spatial 
information while paying attention to the feature map, 

thereby improving the feature extraction ability of the 

network model and improving the accuracy of the garbage 

classification model. 

 

3. Model Fine-Tuning: 

Model fine-tuning is a commonly used method for 

optimizing network models. It refers to improving the 

performance of the model by continuously adjusting 

parameters of the network model. First, because the 

experiment uses the densenet network model, the pkl 

parameter file well trained by the garbage is used as the 
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parameter model of transfer learning [13], thereby 

improving the feature extraction and classification 
capabilities of the garbage network model to improve the 

accuracy. After that, since the shallow neural network has 

a stronger ability to extract garbage information, and to 

reduce the number of network model parameters to 

maintain the real-time nature of the garbage classification 

process, we set the first block of DenseNet to 3, and the 

others to 1.  

 

Finally, given the random garbage information and the 

unstable pixels of the pictures, to prevent some of the 

junk data from the explosion during feature extraction, we 

used hard-Swish [14] instead of RELU [15], which 
indirectly improved the robustness of the garbage 

classification model. Among them, hard-Swish is shown 

as follows: 

 

h − swish[x] = xReLU (x + 3) /6          (3) 

 

III. DATASET 
 

A set of photos of waste equipment was collected for 

identification. The set included photographs of bulb, 

plastic, glass, e-waste, etc. In this model, we expect to 

overfit on a single 128 × 128 colour images. We use a 128 

× 128 image as opposed to the 512 × 512 image size from 

to speed up training.  

 

For this research, we use the equivalent single image for 

training and testing. This dataset contains 8346 images of 

9 different classes that include plastic, paper, glass, e-
waste, bulb, clothes, organic, batteries, etc. 

 

 
Fig 5. Dataset Images. 

 

IV. RESULTS 
 

On Uploading image of any waste material and on click 

button classify your waste material we can classify our 

waste material successfully. We can get information about 

our waste material from the text as shown in figure 6 as 

well as from recommended you-tube videos as shown in 

figure 7. 
 

 
Fig 6. Classify Waste Material. 

 

 
Fig 7. Recommended videos for information. 

 

V. ACCURACY 
 

Its accuracy is about 83% on Inceptionv3 using 

Convolutional Neural Network(CNN) algorithm. 
 

VI. CONCLUSION 
 

Making use of the prior computer technology we have 

successfully found an algorithm to be trained in-order to 

identify the image and developed a process to classify and 

sort trash into different categories such as metallic wastes, 
non magnetic metallic wastes, paper wastes and 

recyclable plastic wastes. 

 

VII. FUTURE WORK 
 

On Identification of type of waste through this 

application, we can extend this project to know how 

hazardous is this, we can optimize new technologies for 

its treatment. 
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We consider changing the processor to another one with a 

higher computing capacity to be able to implement more 
complex computer vision algorithms. 
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