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ABSTRACT: The rapid growth in Biomedical Waste (BMW) generation poses significant challenges to effective BMW 
management, impacting the health and safety of healthcare and sanitation workers, patients, and the public. Segregating BMW at 
the source is critical to the BMW management system. However, in developing countries like India, less than half of the BMW 
is segregated at the source due to logistical challenges associated with manual segregation. This study addresses these challenges 
by developing a deep learning model for automated BMW segregation based on the Indian Government's Biomedical Waste 
Management Rules, 2016. To achieve this, the BMW-Seg-India dataset was created with images collected from a multi-specialty 
hospital in India and other publicly available datasets and organized into four classes: yellow, red, white, and blue, in line with the 
guidelines. A novel deep-learning model, BMWNet52, employing a modified ResNet50 architecture, was trained with transfer 
learning on the dataset. The model achieved an accuracy of 97.99% in classifying the four categories, demonstrating that this deep-
learning classifier is an effective solution for automated BMW segregation. The findings could lead to a fully autonomous BMW 
management system, integrating automated segregation and disposal, minimizing exposure to hazardous waste, and enhancing 
efficiency worldwide. 
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�   Introduction
The World Health Organization (WHO) 2023 Global 

Progress Report on Water, Sanitation, and Hygiene (WASH) 
in healthcare facilities indicates that only 34% of countries have 
hospital facilities capable of segregating and treating Biomed-
ical Waste (BMW).1 The magnitude of the BMW generation 
is huge, with nearly 16 billion injections administered year-
ly,2 representing just one category of BMW. In high-income 
countries, the rate of BMW generation is nearly 11 kg/bed/day, 
whereas in low-income countries, it is 6 kg/bed/day. However, 
the amount of hazardous waste is significantly higher because 
of improper handling.3 In India, 619 tons of BMW were gen-
erated daily in 2019. The increasing number of healthcare 
facilities (HCFs) and the prevalence of single-use equipment 
further drive this growth in waste generation.4,5

The irresponsible management of BMW leads to the spread 
of infections, posing a significant risk to the health and safe-
ty of healthcare workers, individuals handling such waste, 
and patients.⁶ However, these infections are not limited to a 
healthcare setting, with diseases potentially spreading among 
the general population, leading to far-reaching public health 
consequences.⁷ Every year, approximately 5.2 million people, 
including about 4 million children, die from exposure to Bio-
medical Waste.⁸ The World Health Organization’s (WHO) 
core principles for achieving safe and sustainable management 
of healthcare waste estimated that 32% of new Hepatitis B 
infections, 40% of Hepatitis C infections, and 5% of new Hu-
man Immunodeficiency Virus (HIV) infections were caused 
by contaminated syringes, amounting to 23 million infections 
worldwide.⁹

Only 10-25% of the BMW generated is hazardous, and 
nearly 75-90% is non-hazardous or general waste. However, 
if the BMW is not appropriately segregated at the source, all 
of the waste generated becomes hazardous, thus significantly 
increasing the volume of biohazardous waste.6 This increases 
the burden on sanitation workers and endangers their health, 
hindering proper disposal.10 This underscores the importance 
of segregation in the BMW management system.

In July 1998, the Government of India announced its first 
BMW management rules, amended in 2000, 2003, and 2011. 
This was superseded by the Bio-Medical Waste Management 
Rules, 2016, with subsequent amendments in 2018 and 2019, 
which simplified the categorization of BMW and outlined 
segregation and disposal methods.6,11,12 Despite the new reg-
ulations, less than 50% of BMW is segregated at its source in 
India. Furthermore, the share of workers who received training 
in BMW management is under 20%, one of the lowest in the 
world. These logistical challenges are caused by manual segre-
gation's inherent limits and lack of technological adaptation.13

Automated BMW segregation using AI can address these 
challenges. This involves image classification, for which 
deep-learning models are widely used.14 Deep learning archi-
tectures for image classification have developed significantly 
over the years. Early CNNs, such as LeNet-5, AlexNet, and 
VGGNet, laid the foundation for subsequent advancements. 
To address issues with these models, such as the vanishing 
gradient problem, ResNets and DenseNets were developed.15 
Deep learning-based image classifiers have also been developed 
for BMW classification with good results.16 One approach uti-
lizes the ResNeXt architecture, a variant of the more widely 
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known ResNet architecture, along with a BMW dataset from 
China to achieve an accuracy of 97.12% in classifying 8 kinds 
of BMW.17

However, a comprehensive dataset and a deep learning 
approach are still needed to classify BMW according to the 
Indian Government’s Biomedical Waste Management Rules, 
2016, and subsequent amendments. This study aims to develop 
the first deep learning model that can classify BMW images 
into four categories: yellow, red, white, and blue, as outlined by 
the Indian Government’s guidelines,12 by training on a com-
prehensive BMW dataset created based on these guidelines.

�   Methods
Data collection:
For this research, a custom dataset, named BMW-Seg-

India, was compiled and manually annotated to encompass 
a comprehensive representation of biomedical waste as per 
Schedule I of The Biomedical Waste Management Rules, 
2016.12 The rules stipulate that BMW should be segregated 
into 4 color-coded bins, as displayed in Table 1.6

All types of waste from Schedule I of BMW management 
2016 rules12 were included in this study except for Animal 
anatomical waste and Chemical liquid waste in the yellow 
category. Animal anatomical waste was not considered; only 
biomedical waste from human medical centers was collected. 
Chemical liquid waste was not considered because it is not 
disposed of in the bin. Furthermore, while annotating the 
dataset, a distinction could not be made between cytotoxic 
waste, which requires a yellow bin with a cytotoxic sticker, and 
regular waste in the yellow category, as there are no visually 
distinguishable features between the two.

The BMW-Seg-India dataset was organized into 4 classes, 
representing the 4 BMW categories in Table 1, with images 
from each considered waste type adequately represented. Im-
ages for the dataset were collected from Kovai Medical Center 
and Hospital (KMCH), a multi-specialty hospital in Coim-
batore, India, in 2024. Images were also sourced from publicly 
available internet datasets: Medical Waste 4.0,18 Pharmaceuti-
cal and Biomedical Waste,19 TrashBox,20 and waste_pictures.21

Each dataset from the internet contained images of various 
categories. These were manually annotated and added to the 
BMW-Seg-India dataset, as shown in Table 2.

All 6324 images from the Medical Waste 4.0 dataset were 
used.18 The Pharmaceutical and Biomedical Waste data-
set consisted of 12 classes.19 Out of the 12 classes, 3 classes 
- organic waste, plastic equipment packaging, and paper 
equipment packaging - were discarded because they contained 
general waste as per the BMW 2016 guidelines and did not 
meet the criteria to be included in any of the 4 classes in the 
BMW-Seg-India dataset. From the other 9 classes, 3935 im-
ages were reorganized and used in the dataset.

Images of discarded medicines, a type of waste in the yel-
low category, could not be acquired from the above-mentioned 
medical waste datasets. Therefore, 2 general waste datasets 
were also used. The TrashBox dataset consisted of 7 classes of 
waste,20 of which 6 classes represented general waste and were 
discarded, and 1565 images from the medical waste class were 
used in the BMW-Seg-India dataset.

Another dataset, named waste_pictures,21 contained 34 
classes, of which 3 classes were used for this study, adding 2041 
images. In the medicine bottle class, glass medicine bottles 
were manually identified and used for the blue class, whereas 
other medicine bottles were used for the yellow class.

Prior to any augmentation or curation, the Internet dataset 
consisted of 14,267 images. The distribution across the class-
es was as follows: Yellow—6247, Red—5601, White—1504, 
Blue—915. The samples from the Internet dataset are shown 
in Figure 1.

DOI: 10.36838/v6i10.11

Table 1: An outline of Schedule I of BMW Management Rules 2016.12 It 
displays all the categories and types of BMW considered in this study.

Table 2: Annotation of the biomedical waste images sourced from the Internet 
datasets. It displays the category—Yellow, Red, White, or Blue—assigned to 
each image type in the Internet dataset, per the BMW Management Rules, 
2016.12

Figure 1: Biomedical waste image samples sourced from the internet 
datasets, including bin categories. (a) Discarded medicines (Yellow), (b) Cap 
(Yellow), (c) Needle (White), (d) Gloves (Red), (e) Metal sharp (White), (f ) 
Mask (Yellow), (g) Fixed needle syringe (White), (h) Medicine vial (Blue), (i) 
Syringe with needle cut (Red), (j) Urine bag (Red), (k) Dressing (Yellow), (l) 
Discarded linen (Yellow).
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Certain waste types in Table 1 could not be sourced from the 
internet datasets. In the yellow category, images of chemical 
and microbiological waste were absent; in the red category, im-
ages of vacutainers, IV equipment, and catheters were absent. 
There were also no images of metallic implants, a type of waste 
in the blue category.

To ensure that BMW was equally represented across all 
considered categories and to incorporate data specific to India, 
additional medical waste images were collected from KMCH, 
a multi-specialty hospital in Coimbatore, India. Images of bio-
medical waste were photographed, with an iPhone 12 camera, 
from various labs and wards within the hospital. Images con-
taining multiple waste types were processed using the Preview 
app. The images were cropped into individual waste instances 
for accurate categorization.

These images were manually annotated and integrated into 
the BMW-Seg-India dataset as described in Table 3.

After collection, annotation, and processing, the dataset 
from the local hospital consisted of 701 images, with 175 in 
the yellow class, 197 in the red class, 72 in the white class, and 
257 in the blue class. The image samples from the local hospi-
tal dataset are shown in Figure 2.

Data Augmentation:
Before augmentation, the internet dataset was manually cu-

rated to ensure high quality. First, images containing multiple 
waste samples were manually segmented into individual im-
ages. Then, low-quality images that were not representative of 
biomedical waste in a real hospital setting were discarded.

After curation, the internet dataset contained 4925 imag-
es for the red class, significantly higher than samples for the 
white and blue classes at 1461 images and 938 images, respec-
tively. The number of images in the yellow class was close to 
that in the red class, at 3708. A data augmentation framework 
was implemented to address these significant class imbalances 
in the blue and white classes, as the imbalances could have 
affected the model's performance in the underrepresented 
classes.22 Transformations such as rotation, translation, res-
caling, brightness adjustments, and flipping were applied to 
existing images from underrepresented classes, by using the 
ImageDataGenerator class from the Keras preprocessing li-
brary, to generate new images. These transformations ensured 
the new images possessed varied features so the model could 
generalize effectively. As a result, this augmentation process 
mitigated the class imbalance gap, leading to a more balanced 
dataset comprising 4383 images for the White class and 3752 
images for the Blue class.

Images collected from the hospital were augmented because 
larger datasets typically lead to better results during training.23 
After augmentation, the resulting dataset consisted of 875 im-
ages in the yellow class, 985 in the red class, 360 in the white 
class, and 1285 in the blue class.

The final BMW-Seg-India dataset used for training con-
sisted of 20273 images across all 4 classes, with 4583 images in 
the yellow class, 5910 images in the red class, 4743 images in 
the white class, and 5037 images in the blue class. The overall 
workflow for creating the dataset is shown in Figure 3.

Model Architecture and Training:
A residual network (ResNet) architecture was chosen for 

the BMW image classification task because it generally offers 
high accuracy for image classification and mitigates overfit-
ting.17, 24-26 The ResNet architecture facilitated the use of a 
deeper model for the segregation task by mitigating the van-
ishing gradient problem, an issue faced by traditional deeper 
neural networks, where the gradients used to update the net-
work weights become too small.15, 27

Table 3: Annotation of the biomedical waste images photographed at 
the local hospital. It displays the category—Yellow, Red, White, or Blue—
assigned to each image type collected from the local hospital, per the BMW 
Management Rules, 2016.12

Figure 2: Biomedical waste image samples collected from the local hospital 
including bin categories. (a) Laboratory cultures (Yellow), (b) Vacutainer 
(Red), (c) Syringes and Glove (Red), (d) Glass slides (Blue), (e) Metallic 
implants (Blue), (f ) Ampoules (Blue), (g) Needles (White), (h) Chemical 
waste (Yellow), (i) Blade (white), (j) Anatomical waste (Yellow), (k) Metallic 
implant (Blue), (l) Blood bag (Yellow).

Figure 3: Dataset creation workflow. Diagram shows the workflow of 
collecting, annotating, curating, and augmenting images before adding them 
to the BMW-Seg-India dataset.

ijhighschoolresearch.org



	 81	

to have 4 units, corresponding to the 4 BMW classes in the 
BMW-Seg-India dataset, and was chosen to have a softmax 
activation function. The softmax function was used to ensure 
that the model output is a probability distribution across these 
4 classes,35 enabling the model to predict the likelihood of a 
given image belonging to a specific class. The dense layer was 
the only trainable layer, as the 50 pre-trained layers were frozen 
to reduce the training time.

To prevent overfitting while training the model, the Adam 
optimizer was employed,36 which allowed the automatic up-
dation of the learning rate based on the magnitude of the 
gradients leading up to that epoch. The Adam optimizer has 
been found to provide the best performance, particularly for 
image classification in a healthcare context,37 making it a good 
choice for this task. Mathematically, the Adam optimizer up-
dates the model parameters by using the following rule:

Where 𝜃t represents the model parameters at iteration t, 
η denotes the learning rate, mt denotes the first-order mo-
ment estimate (mean of all previous gradients), vt denotes the 
second-order moment estimate (variance of all previous gra-
dients), and ϵ is a small constant to prevent division by zero.36

Sparse categorical cross-entropy was used as the loss func-
tion to train the model because it performs well for multi-class 
classification tasks.38 During training, the loss was calculated 
by computing the cross-entropy between the true labels and 
the predicted probabilities for each class. The following equa-
tion can represent this:

In this equation, N represents the number of BMW image 
samples, C is equal to the number of classes in the dataset (4 
BMW classes), 𝑦𝑖𝑗 is the ground truth equal to 1 if sample 
i belongs to class j and 0 otherwise, and 𝑦𝑖̂𝑗 is the predicted 
probability of sample i belonging to class j as produced by the 
model.39

The augmented BMW images were resized to 224x224 af-
ter experimenting with different image resolutions: 512x512, 
256x256, and 128x128. The image size of 224x224 exhibited 
the best performance. 70% of the data was allocated for the 
training set and the remaining 30% for the validation set, en-
suring sufficient images for training and testing. This split was 
performed after randomly shuffling the dataset to prevent any 
bias.

The model was then trained for 20 epochs with the Ap-
ple M3 GPU, with early stopping implemented as a model 
callback to determine the epoch at which the validation ac-
curacy reached its peak. This prevented overfitting and found 
the best version of the model. The trained model was named 
BMWNet52, reflecting the total number of layers in the archi-
tecture. The overall BMWNet52 model training workflow and 
architecture are shown in Figure 5.

For the image classification task, the ResNet architecture 
was used to capture the image features through blocks con-
sisting of multiple convolutional layers. Skip connections that 
provide shortcuts between layers facilitated a proper training 
process without vanishing gradients. The goal was for the 
model to learn residual mappings in addition to linear map-
pings. Mathematically, this can be expressed as:

Here, 𝑥 and 𝑦 denote the input and output of the block, 
respectively, 𝐹 represents the mapping to be learned, and the 
vector {W} denotes the weights of the block's layers, which are 
also updated through training. This residual block is visualized 
in Figure 4.

ResNet50 is a variation of the ResNet architecture with 50 
layers.28 The ResNet50 has generally outperformed the other 
residual networks due to increased depth and other modifica-
tions in architecture. This has made ResNet50 one of the best 
image classification models and a good choice for this image 
classification task.29

Transfer learning was used to train the ResNet50 mod-
el because it provides better performance and generalization 
for image classification tasks than training from scratch.30,25 
Transfer learning provides much faster training and conver-
gence despite limited computational resources, as it involves 
fine-tuning a pre-trained model for the BMW segregation 
task.31 This study chose a ResNet50 model pre-trained on the 
ImageNet dataset.32

Before training, a Global Average Pooling layer was added 
to the model. This layer was employed to effectively downs-
ample the spatial dimensions of the feature maps generated by 
the pre-trained 50 layers to simplify the data while retaining 
essential information about the BMW image samples. The 
Global Average Pooling layer was used to output the spatial 
averages of all the previous convolutional layers. By acting as a 
structural regularizer, it automatically mitigated overfitting.33 
For this reason, it was chosen over a traditional fully connected 
layer, which would have required additional dropout layers to 
prevent overfitting. These dropout layers would have increased 
the time required for convergence and decreased the accuracy 
of the model.34

A final dense layer was added to fine-tune the model and 
produce the classification output. This dense layer was set 
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Figure 4: Representation of the residual block structure in the model. This is 
the repeating unit of the residual network architecture.
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The F1 Score for each class is the harmonic mean of the 
Precision and Recall for that class. It provides a balance be-
tween Precision and Recall.

Macro and weighted averages were calculated to represent 
these metrics across all dataset classes.

For macro-averaging, the average of the metrics across all 
classes was calculated. This gives equal weight to each class 
regardless of the number of images in that class.

Weighted averaging considers the number of images in each 
class by taking a weighted average of the metrics based on the 
support for each class.

Model performance progression graph:
The BMWNet52 model's training process was monitored 

by analyzing the loss and accuracy graphs in Figure 6 through-
out 20 epochs for both the training and validation sets.

The training loss curve consistently trended downwards, 
whereas the training accuracy trended upward. Both start-
ed to plateau at the 10th epoch. The validation metrics also 
followed the same trend but with more fluctuations. Initially, 
the validation accuracy was greater than the training accuracy 

�   Result and Discussion 
The BMWNet52 model achieved an overall validation ac-

curacy of 97.99%.
Table 4 showcases the model’s efficacy for this BMW classi-

fication task by displaying a range of metrics representing the 
overall performance and the performance of specific classes.

Analysis Metrics:
The support metric represents the number of images in each 

class, with the entire validation set used for averaging.
Accuracy measures the proportion of correctly classified in-

stances among the total instances across all classes. In this case, 
it is defined by the formula:

𝑇𝑃𝑌 , 𝑇𝑃𝑅 , 𝑇𝑃𝑊 , and 𝑇𝑃𝐵 represent the number of instances 
correctly predicted as yellow, red, white, and blue, respectively. 
The variable N represents the total number of images.

The precision for each class measures the proportion of cor-
rectly predicted instances of that class out of all the instances 
predicted as that class. It is calculated as the ratio of  True Pos-
itives to the sum of  True Positives and False Positives for each 
class.

The Recall for each class measures the proportion of cor-
rectly predicted instances of that class out of all the actual 
instances. It is calculated as the ratio of True Positives to the 
sum of True Positives and False Negatives for each class.

DOI: 10.36838/v6i10.11

Table 4: The metrics of the BMWNet52 model on the validation set of the 
BMW-Seg-India dataset. The model performed well across all classes, with a 
high Precision, Recall, and F1-Score.

Figure 5: The process of training and testing the BMWNet52 model. 
Images from the BMW-Seg-India Dataset were used for training the 
BMWNet52 model. The model was then exported and tested to generate the 
final performance metrics.

Figure 6: Training progression of the machine learning model over 20 
epochs. The loss consistently decreased and accuracy consistently increased 
before starting to plateau at the 10th epoch, highlighting that further training 
beyond the 20th epoch would not improve performance.
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but was overtaken by the 3rd epoch. The validation accuracy 
and loss began to plateau with minor upticks and downticks. 
Anomalously, at the 17th epoch, the validation loss increased 
significantly, and the validation accuracy decreased significant-
ly, but it returned to the general trend at the 18th epoch. The 
plateauing of these metrics for both the training and validation 
sets indicated that further training beyond 20 epochs would 
not result in significant performance improvements.

Confusion Matrix:
A confusion matrix was used as a performance measurement 

tool to assess the classification model. It visualized the clas-
sifier’s performance by tabulating the number of correct and 
incorrect predictions for each class. The confusion matrix com-
prehensively summarized the model’s performance and helped 
identify misclassification patterns across different classes. In 
the confusion matrix shown in Figure 7, the true class labels are 
represented in the rows (Y-axis), whereas the predicted class 
labels are represented in the columns (X-axis).

Each cell in the matrix represents the number of instances 
that belong to the true class (row) and were predicted as the 
corresponding predicted class (column).

True Positives (TP): The diagonal elements of the confusion 
matrix represent the number of instances correctly classified 
for each class. For example, in the cell (Y,Y), 1328 instances 
of the yellow class were correctly predicted to belong to the 
yellow class.

False Positives (FP): The off-diagonal values in each column 
of the confusion matrix represent the number of instances in-
correctly classified as belonging to that class. For example, in 
the cell (Y,R), 26 images of the Yellow class were falsely pre-
dicted to belong to the Red class, a false positive for the yellow 
class.

False Negatives (FN): The off-diagonal values in each row of 
the confusion matrix represent the number of instances of that 
class that were incorrectly predicted as belonging to a different 
class. For example, in the cell (R,Y), 30 images that belonged 
to the red class were falsely predicted to belong to the yellow 
class, a false negative for the red class.

True Negatives (TN): The number of true negatives for a 
class is calculated by summing all instances that are neither in 
the row nor the column of the class in the confusion matrix, 
representing instances correctly predicted as not belonging to 
that class.

The confusion matrix revealed that the model performed 
well with the high counts along the diagonal, indicating that 
the model could accurately predict most instances for each 
class. Most misclassifications occurred between adjacent class-
es, with Y and R being confused with each other and W and B 
being confused with each other.

From the low misclassification rate shown in the confusion 
matrix in Figure 7 and the high Accuracy, Precision, Recall, 
and F1-score shown across all classes in Table 3, it is evident 
that the BMWNet52 Deep Learning Model with a Residual 
Network Architecture trained using Transfer Learning pres-
ents an effective solution for Automated BMW Segregation.

�   Conclusion 
This study represents a novel effort in the domain of Au-

tomated BMW segregation by adhering to the guidelines 
outlined by the Government of India in the Biomedical 
Waste Management Rules, 2016. This research introduced the 
BMW-Seg-India dataset and the BMWNet52 model, high-
lighting the use of Residual Networks as an effective solution 
for segregating BMW according to these guidelines.

While this study focused on BMW segregation in India, 
the methodologies and findings can drive the use of transfer 
learning with the ResNet50 architecture for BMW classifica-
tion tasks in other geographical regions, making the potential 
future impact global. This could improve BMW management 
practices, promoting safer and more efficient biomedical waste 
handling worldwide.

While this research contributes to the BMW management 
system, this field has greater potential. A significant opportuni-
ty lies in developing a fully Autonomous BMW Management 
System that seamlessly integrates segregation and disposal 
processes. This would improve efficiency and minimize work-
ers' unnecessary exposure to hazardous waste.
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