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Abstract

Improper segregation of biomedical waste allows infectious and otherwise hazardous material 
to enter general waste streams, with consequences for public health and the environment. Reliable 
automatic classification at the point of generation could support safer segregation and disposal. Deep 
learning has been applied to this task, but the public image datasets used for training and evaluation 
are commonly distributed in a pre-augmented form, in which each source photograph appears as many 
transformed copies. A conventional random train–test split then places near-identical copies in both sets, 
so the reported accuracy partly reflects memorisation rather than generalisation. We study automatic 
classification of 23 biomedical waste categories (15,600 background-removed images) with explicit 
attention to this issue. Because the dataset carries no ground-truth labelling of duplicates, a leakage-free 
partition cannot be certified; instead, visually near-identical images are grouped from image content 
using ORB keypoints with RANSAC geometric verification and kept within a single split, and this 
controlled estimate is compared against the fully mixed random split, which is known to be leaked, 
as an optimistic reference. Across four transfer-learning backbones, ConvNeXt-Tiny performs best, 
reaching a macro-F1 of 0.847±0.007 under the controlled split against 0.958±0.003 under the random 
split, so naive evaluation is optimistic by about eleven points. Mapping the categories onto World 
Health Organization hazard streams yields a disposal-bin accuracy of 0.892, with 1.76% of hazardous 
items misrouted to general waste. The study offers a benchmark and a more realistic basis for reporting 
automatic biomedical-waste classification.
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Introduction

Health-care activities generate large and rising 
volumes of waste, a small but dangerous fraction of 
which can transmit infection or cause physical and 
chemical injury. The World Health Organization 
estimates that about 85% of health-care waste is 
general, non-hazardous material, while the remaining 
15% is hazardous, comprising infectious, pathological, 
sharps, pharmaceutical, or chemical waste [1]. When 
this hazardous fraction is not separated at the point of 
generation, it contaminates the whole waste stream, 
raises the cost and difficulty of treatment, and exposes 
waste handlers, patients, and the wider environment to 
infectious and toxic hazards [2]. Segregation at source 
is therefore the first and most consequential control step 
in health-care waste management, and the accuracy of 
that initial sorting decision determines how safely the 
downstream system can operate.

In most facilities, segregation still relies on manual 
sorting by clinical staff. Manual sorting is labour-
intensive, varies between workers, and is difficult 
to audit, and a single misplaced item (a used scalpel 
dropped into general waste, for example) can move 
a sharps hazard into a stream that is never handled as 
hazardous. These limitations have motivated interest 
in automatic visual sorting, in which a camera and  
a classifier identify each item and direct it to the correct 
container. Convolutional neural networks suit this 
task because they learn discriminative visual features 
directly from images, and they have been applied 
successfully to general municipal and recyclable waste 
across categories such as plastic, glass, paper, and metal 
[3].

The same approach has been extended to biomedical 
waste. Recent studies train convolutional networks, 
often through transfer learning from large pretrained 
backbones, to distinguish categories such as syringes, 
vials, gloves, masks, and bandages, and they report 
classification accuracies between roughly 88% and 97% 
[4]. Taken at face value, these figures suggest that visual 
recognition of medical waste is close to solved. We 
argue that this impression is partly an artefact of how 
the underlying datasets are constructed and evaluated.

Public biomedical waste image datasets are typically 
small and are distributed in a pre-augmented form, in 
which each source photograph is expanded into several 
variants through flips, rotations, scaling, and photometric 
changes. When such a dataset is divided into training 
and test sets by drawing images at random, augmented 
copies of the same source photograph are almost certain 
to fall on both sides of the split. The classifier is then 
evaluated on near-duplicates of images it has already 
seen, and the reported accuracy reflects memorisation as 
much as generalisation. This failure mode (data leakage 
through near-duplicate images) is well documented in 
other imaging domains: it inflates test accuracy in deep-
learning classification of optical coherence tomography 
scans [5], and large-scale audits have found the majority 

of test images duplicated in the training set of widely 
used benchmarks [6]. To our knowledge, its effect has 
not been examined for biomedical waste classification, 
even though the pre-augmented structure of these 
datasets makes them especially susceptible.

This study addresses that gap. Working with a public 
biomedical waste image dataset of 23 categories, we 
first show that the images are heavily duplicated by 
augmentation, and we build an evaluation protocol that 
accounts for it. Because the dataset provides no ground-
truth labelling of which images share a common source, 
a leakage-free partition cannot be certified. Instead, 
we recover groups of visually near-identical images 
directly from image content using ORB keypoints with 
RANSAC geometric verification [7, 8], and we partition 
the data so that every image assigned to one group stays 
within a single split. This grouping is a content-based 
control rather than a validated separation; we therefore 
treat the conventional random split, in which augmented 
copies are known to be shared across the sets, as a fully 
leaked reference, and we read the difference between the 
two protocols as a measure of how optimistic random 
splitting is. Under this design, we re-examine how 
much of the previously reported performance survives 
once augmentation leakage is controlled, we compare 
modern classification backbones on equal terms, and we 
evaluate the outcome in disposal-oriented rather than 
purely statistical terms.

The contributions of this work are as follows.  
(i) We introduce a content-based deduplication and 
group-aware splitting procedure for pre-augmented 
biomedical waste images, and we show that it is needed 
by exposing the duplication that a random split conceals. 
(ii) Under identical training settings, we quantify the 
optimism of naive evaluation: a random split overstates 
macro-F1 by about eleven percentage points relative 
to the group-aware split. (iii) We benchmark four 
transfer-learning backbones (ConvNeXt, ResNet, Swin 
Transformer, and EfficientNet) under the group-aware 
protocol, with results reported across several random 
seeds. (iv) We map the 23 fine-grained categories 
onto the hazard streams defined by the WHO health-
care waste guidance and report disposal-bin accuracy 
together with the rate at which hazardous items are 
misrouted to the general-waste stream, a quantity that 
bears directly on handler and environmental safety. 
The remainder of the paper describes the dataset and 
methods, presents these results, and discusses their 
implications for the design and reporting of automatic 
biomedical-waste classification systems.

Materials and Methods

Dataset

We used a publicly available biomedical waste image 
dataset containing 23 categories of clinical and related 
waste: sharp instruments (scalpels, several types of 
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surgical scissors, forceps, hemostats, and tweezers), used 
syringes, intact and broken ampoules, medicine and 
vaccine vials, syrup and disinfectant bottles, intravenous 
bottles, expired tablets, blood-soaked bandages, used 
masks, gloves and medical paper, human organs, general 
organic waste, water bottles, and a mixed “uncategorized 
or overlapping” class. The dataset is distributed in a pre-
augmented form; the public release carries the export 
signature of the Roboflow platform, and each source 
photograph appears as several transformed copies. Two 
parallel versions are provided, one with the original 
photographs and one in which the background has been 
removed. We used the background-removed version, so 
that classification depends on the object rather than on 
incidental background cues. This subset contains 15,600 
images, with 640 in each of 22 categories and 1,520 in 
the mixed category. Because the background-removed 
images are stored with a transparent alpha channel, 
every image was composited onto a constant black 
background and converted to three channels before use 
[9] (Fig .1).

Near-Duplicate Grouping and Data Partitioning

The pre-augmented structure means that a random 
train–test split would place transformed copies of 

the same photograph in different subsets, leaking 
information from training into testing. As the dataset 
records no link between an image and its source 
photograph, we recovered this grouping from image 
content. For every image we detected up to 300 ORB 
keypoints and their binary descriptors [7]. Each pair of 
images within a category was compared by matching 
descriptors with a nearest-neighbour ratio test (threshold 
0.75), and the surviving matches were filtered with  
a RANSAC estimate of the homography between  
the two images (reprojection threshold 5 pixels) [8].  
The number of geometrically consistent inlier matches, 
m(i, j), measures how strongly the two images 
correspond. Two images were linked when this count 
reached a threshold τ:

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 

 

𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = |𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻 ∧ 𝑏𝑏𝑏𝑏(ŷ𝑖𝑖𝑖𝑖) 

= 𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔|/|𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻|         (7) 

 

	 (1)

with τ = 18. Taking images as vertices and the links 
of Eq. (1) as edges, each connected component of the 
resulting graph was treated as one group of near-
identical images. Grouping was performed within each 
category, so images of different waste types were never 
merged. This procedure reduced the 15,600 images to 
3,878 groups. The grouping is a content-based control 
rather than a validated separation: without ground-truth 

Fig. 1. Proposed pipeline for experiments.
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duplicate labels, its precision cannot be measured, and it 
is conservative by design, because merging two distinct 
items only costs split diversity, whereas missing a true 
duplicate would reintroduce leakage.

The data were divided into training, validation, 
and test subsets in a target ratio of 70:15:15. Splitting 
was performed over groups rather than images, with  
a greedy class-stratified assignment that brought the per-
category image counts close to the target while keeping 
every group wholly within one subset. Because a few 
groups are large and cannot be divided, the realised 
image proportions were approximately 81% for training 
and 9.5% each for validation and test. This group-aware 
split is used throughout the study. For comparison, we 
also produced a conventional split, in which the same 
images were assigned at random with stratification by 
category and no grouping; this split is known to contain 
augmentation leakage and serves as an optimistic 
reference.

Classification Models and Training

All classifiers were built by transfer learning from 
networks pretrained on ImageNet [10]. Four backbones 
spanning current convolutional and transformer designs 
were compared: ConvNeXt-Tiny [11], ResNet-50 [12], 
the tiny Swin Transformer [13], and EfficientNet-B0 
[14]. Each network’s classification head was replaced by 
a linear layer with 23 outputs, and the whole network 
was fine-tuned. Images were resized so that the 
longer side measured 224 pixels and were padded to  
a 224×224 square on the same black background, which 
preserves the aspect ratio of elongated instruments. 
Training images were augmented with random 
horizontal flips and small changes in brightness, 
contrast, and saturation; validation and test images 
were not augmented. Networks were optimised with 
AdamW [15] at a learning rate of 3×10⁻⁴ and a weight 
decay of 10⁻⁴, under a cosine schedule over 15 epochs 
with mixed-precision arithmetic. The state giving the 
highest validation macro-F1 was retained, and training 
stopped early when this score did not improve for four 
consecutive epochs. Each configuration was trained 
three times with different random seeds, and we 
report the mean and standard deviation across seeds.  
The experiments were implemented in PyTorch [16] with 
the timm library [17] on a single graphics processing 
unit.

Evaluation

Performance was summarised by per-category 
precision and recall, their harmonic mean (the F1 score), 
the unweighted mean of the F1 scores over categories 
(macro-F1), and overall accuracy. For a category c with  
TPc true positives, FPc false positives, and FNc false 
negatives,

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 

 

𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = |𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻 ∧ 𝑏𝑏𝑏𝑏(ŷ𝑖𝑖𝑖𝑖) 

= 𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔|/|𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻|         (7) 

 

	 (2)

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 

 

𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = |𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻 ∧ 𝑏𝑏𝑏𝑏(ŷ𝑖𝑖𝑖𝑖) 

= 𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔|/|𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻|         (7) 

 

	 (3)

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 

 

𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = |𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻 ∧ 𝑏𝑏𝑏𝑏(ŷ𝑖𝑖𝑖𝑖) 

= 𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔|/|𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻|         (7) 

 

	   (4)

and, for C categories and N test images,

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 

 

𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = |𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻 ∧ 𝑏𝑏𝑏𝑏(ŷ𝑖𝑖𝑖𝑖) 

= 𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔|/|𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻|         (7) 

 

	 (5)

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 

 

𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = |𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻 ∧ 𝑏𝑏𝑏𝑏(ŷ𝑖𝑖𝑖𝑖) 

= 𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑔𝑔𝑔𝑔|/|𝑖𝑖𝑖𝑖: 𝑏𝑏𝑏𝑏(𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖) ∈ 𝐻𝐻𝐻𝐻|         (7) 

 

	 (6)

Macro-F1 was the primary measure, because it 
weights every category equally and is therefore sensitive 
to the minority categories. To express performance in 
operational terms, the 23 categories were mapped onto 
the health-care waste streams of the WHO guidance 
[WHO 2014]: sharps, infectious and pathological waste, 
pharmaceutical and chemical waste, and general waste, 
with the mixed category kept separate. Predictions were 
re-scored at this level, and we also report the share of 
genuinely hazardous items assigned to the general-waste 
stream,

	

hold τ: 

𝑒𝑒𝑒𝑒(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) = 1𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗) ≥ 𝜏𝜏𝜏𝜏, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 0          (1) 

 

𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐)          (2) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐/(𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝐹𝐹𝐹𝐹𝑁𝑁𝑁𝑁𝑐𝑐𝑐𝑐)          (3) 

 

𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐 = 2𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐/(𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐)         (4) 

 

𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝐹𝐹1 = (1/𝐶𝐶𝐶𝐶)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝐹𝐹𝐹𝐹1𝑐𝑐𝑐𝑐        (5) 

 

𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝐴𝐴𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐴𝐴𝐴𝐴 = (1/𝑁𝑁𝑁𝑁)𝛴𝛴𝛴𝛴(𝑚𝑚𝑚𝑚 = 1𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑇𝑇𝑇𝑇𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐         (6) 
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	 (7)

where b(·) maps a category to its hazard stream, H is 
the set of hazardous streams, and yi and y̑ i are the true 
and predicted categories of image i. This is the most 
consequential error type, in which a hazardous item 
is sent to a stream that receives no hazardous-waste 
treatment. Ninety-five percent confidence intervals 
for the headline scores were obtained by bootstrap 
resampling of the test set.

Results and Discussion

Duplication and Group Structure

Content-based grouping reduced the 15,600 images to 
3,878 source groups, an average of about four images per 
group. The amount of duplication varied widely between 
categories: the surgical-instrument classes collapsed 
into very few groups (for example, seven for scalpels 
and nine for one type of scissors), whereas visually 
diverse classes such as expired tablets and water bottles 
produced several hundred groups each. This pattern 
reflects both genuine differences in how many distinct 
photographs each category contains and the limits of 
the matching procedure, which links instruments of 
near-identical shape more readily than textured, varied 
objects. Because the grouping is content-based and 
unvalidated, these counts are best read as a conservative 
lower bound on the number of independent images; even 
so, they show that the nominal 640 images per category 
correspond to far fewer independent photographs.  
Fig. 2 shows the confusion matrix of 23 groups predicted 
by the model.
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split value. Because the random split places augmented 
copies of the same photograph in both the training and 
the test set, its score reflects partial memorisation, and 
the difference between the two protocols is a direct 
measure of the optimism that uncontrolled splitting 
introduces on this dataset.

Comparison of Classification Backbones

Table 1 compares four backbones under the group-
aware split. ConvNeXt-Tiny gave the best result on 
both accuracy and macro-F1 and was adopted as the 
proposed model. The ranking of the other three depends 

Effect of Data Leakage on Reported Performance

Table 2 contrasts the two protocols for the proposed 
model. Under the random split, ConvNeXt-Tiny 
reached a macro-F1 of 0.958±0.003; under the group-
aware split it reached 0.847±0.007, with the same 
contrast in accuracy (0.960 against 0.838). The random 
protocol therefore overstates macro-F1 by about eleven 
percentage points and accuracy by about twelve.  
The standard deviations across seeds are small (no more 
than 0.010), so the gap is far larger than the training 
noise; a bootstrap 95% confidence interval for the group-
aware macro-F1 is 0.80-0.85, well below the random-

Fig. 2. Confusion matrix of the 23 groups predicted by the model.

Table 1. Classification performance of four backbones under the group-aware split (single training run).

Model Accuracy Macro-F1 Weighted-F1 Params (M)

ConvNeXt-Tiny 0.831 0.831 0.830 27.8

EfficientNet-B0 0.806 0.791 0.806 4.0

ResNet-50 0.793 0.808 0.792 23.6

Swin-Tiny 0.776 0.793 0.777 27.5
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on the measure: EfficientNet-B0 was second on accuracy 
(0.806) but last on macro-F1 (0.791), while ResNet-50 
showed the reverse (0.793 accuracy, 0.808 macro-F1). 
EfficientNet-B0 reached its accuracy with only  
4.0 million parameters, about one-seventh of ConvNeXt-
Tiny, which is attractive for on-site deployment, although 
the lower macro-F1 indicates weaker performance on 
the minority categories. The tiny Swin Transformer 
was the weakest of the four, consistent with the larger 

data requirements of vision transformers relative to the 
limited number of independent images available here.

Per-Category Performance

Table 3 reports per-category precision, recall, and 
F1 for the proposed model. Performance ranged from 
an F1 of 0.58 for intact ampoules, the weakest category, 
to above 0.95 for several visually distinctive classes 

Table 2. Effect of the evaluation protocol on the proposed model (ConvNeXt-Tiny). 

Table 3. Per-category classification performance of the proposed model (ConvNeXt-Tiny, group-aware split).

Split protocol Accuracy Macro-F1

Group-aware (controlled) 0.838±0.010 0.847±0.007

Random (leaked, reference) 0.960±0.003 0.958±0.003

Difference (optimism) +0.122 +0.111

Note: mean±standard deviation over three random seeds.

Category Precision Recall F1 n

Ampoules, full 0.545 0.615 0.578 39

Ampoules, broken 0.772 0.740 0.755 96

Blood-soaked bandages 0.827 0.896 0.860 96

Disinfectant bottles 0.821 0.906 0.861 96

Episiotomy scissors 0.938 1.000 0.968 15

Expired tablets 0.682 0.938 0.789 96

Forceps 0.857 0.857 0.857 42

General organic waste 1.000 0.927 0.962 96

Hemostats 0.941 0.696 0.800 23

Human organs 0.707 0.677 0.691 96

IV bottles 1.000 0.927 0.962 96

Mayo scissors 0.812 0.812 0.812 16

Scalpels 1.000 1.000 1.000 6

Stitch-removal scissors 0.667 1.000 0.800 4

Syrup bottles 0.884 0.792 0.835 96

Tweezers 0.741 0.896 0.811 96

Uncategorized / overlapping 0.923 0.973 0.947 37

Used masks 0.983 0.919 0.950 62

Used medical gloves 1.000 0.519 0.683 54

Used medical paper 0.835 0.844 0.839 96

Used syringes 0.810 0.548 0.654 31

Vaccine / medicine vials 0.947 0.740 0.830 96

Water bottles 0.800 0.917 0.854 96

Macro average 0.847 0.832 0.831 1481
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such as intravenous bottles, general organic waste, 
and used masks. Errors concentrated in a few visually 
similar groups: intact ampoules, broken ampoules, and 
medicine or vaccine vials were frequently confused with 
one another, and the thin metal instruments (forceps, 
hemostats, tweezers) were also mutually confused. Two 
categories combined high precision with low recall: 
used medical gloves (precision 1.00, recall 0.52) and 
used syringes (precision 0.81, recall 0.55), so items of 
these types were more often labelled as something else 
than mislabelled in turn. The instrument categories that 
deduplication had collapsed into very few groups, such 
as scalpels and stitch-removal scissors, reached high F1 
on only four to six test images, so their individual scores 
are statistically unreliable and should be read together 
with the disposal-bin results.

Disposal-Bin Performance and Safety

Mapping the 23 categories onto the WHO hazard 
streams gave a coarser but operationally more 
meaningful view (Table 4). At this level the proposed 
model reached an accuracy of 0.892 and a macro-F1 
of 0.901, several points above the 23-category figures, 
because most category errors fall within a single 
disposal stream and so do not change the bin decision. 
The sharps stream was the hardest (F1 0.841), reflecting 
the difficulty of the instrument categories. Most 
important for safety, only 1.76% of genuinely hazardous 
items were assigned to the general-waste stream, and the 
large majority of bin-crossing errors stayed among the 
hazardous streams, where the handling consequences 
are smaller. Even at the accuracy reported here, the 
system therefore rarely commits the most dangerous 
type of sorting error, in which a hazardous item is sent 
to a stream that receives no hazardous-waste treatment.

Implications and Limitations

The size of the gap between the two protocols 
bears directly on how published results should be read. 
Accuracies of 95% and above have been reported for 
biomedical waste classification on small, augmented 
datasets [4, 18-20], and our random-split figure (0.958) 
falls in the same range; once leakage is controlled, 
the same model on the same data reaches 0.847.  

This does not show that earlier studies are wrong,  
but it indicates that scores obtained from random splits 
of pre-augmented datasets are likely optimistic and are 
not a reliable guide to performance on genuinely new 
images. Group-aware evaluation, or an equivalent control 
for near-duplicate images, should therefore become  
a routine part of reporting in this area. At the same time, 
the disposal-bin and safety results are encouraging: at 
the level that governs how waste is actually handled, the 
model is correct about nine times in ten and rarely sends 
a hazardous item to general waste, which suggests that 
automatic visual sorting is worth developing further as 
an aid to segregation, provided it is evaluated honestly.

Several limitations qualify these findings. The 
grouping on which the controlled split rests is recovered 
from image content and cannot be validated, because 
the dataset gives no record of which images share a 
source; the procedure is conservative, but its precision 
is unknown, and it is sensitive to texture, merging 
visually similar instruments too readily while leaving 
low-texture categories under-grouped. The study 
uses a single public dataset whose images are already 
background-removed and were augmented by an 
external tool, so the absolute accuracies need not 
transfer to raw photographs or to other waste streams. 
The deduplication also reduces some categories to very 
few independent groups, which makes their per-category 
and per-split estimates unstable, as seen in the small 
instrument classes. Finally, the mapping from categories 
to WHO streams is one reasonable scheme among 
several, and a different national classification could 
shift the bin-level and safety figures. These limitations 
point to clear next steps: validating the grouping against 
labelled duplicates, testing on raw images and additional 
datasets, and enlarging the under-represented categories.

Conclusions

We examined automatic visual classification of 
biomedical waste under an evaluation protocol designed 
to remove the optimism that pre-augmented datasets 
introduce. Grouping near-identical images from their 
content with ORB and RANSAC, and then splitting 
over groups rather than over individual images, lowered 
the macro-F1 of the best model from 0.958 under  

Hazard stream Precision Recall F1 n

Sharps 0.837 0.845 0.841 329

Infectious and pathological 0.938 0.878 0.907 500

Pharmaceutical and chemical 0.883 0.924 0.903 423

General 0.889 0.922 0.905 192

Unclassified 0.923 0.973 0.947 37

Note: Overall bin accuracy 0.892; macro-F1 0.901; hazardous-to-general misrouting 1.76%.

Table 4. Disposal-bin performance under the WHO health-care waste streams (proposed model). 
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a conventional random split to 0.847, a difference of 
about eleven points that reflects near-duplicate leakage 
rather than any change in the data or the model. 
ConvNeXt-Tiny was the strongest of the four backbones 
tested, and when its predictions were mapped onto  
the WHO health-care waste streams, the system reached 
a disposal-bin accuracy of 0.892 and sent only 1.76% of 
hazardous items to the general-waste stream.

Two conclusions follow. First, automatic sorting 
is a credible aid to safe segregation: at the level that 
determines how waste is handled, the model is reliable 
and rarely commits the most dangerous error. Second, 
and more generally, accuracy reported from random 
splits of augmented waste datasets should be treated 
with caution, because much of it can arise from 
memorised duplicates; controlling for near-duplicate 
images, through group-aware splitting or an equivalent 
check, is needed before such figures can be trusted.  
As the grouping used here is content-based and could 
not be validated against ground truth, we regard the 
controlled score as a realistic rather than an exact 
estimate. Validating the grouping against labelled 
duplicates, testing on raw images and additional 
datasets, and strengthening the weakest categories are 
the main priorities for future work.
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