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RecyBat24: a dataset for detecting 
lithium-ion batteries in electronic 
waste disposal
Ximena Carolina Acaro Chacón   1,2 ✉, Fabrizio Lo Scudo   1,2 ✉, Gregorio Cappuccino1 & 
Carmine Dodaro1

In recent years, deep learning techniques have been extensively used for the identification and 
classification of lithium-ion batteries. However, these models typically require a costly and labor-
intensive labeling process, often influenced by commercial or proprietary concerns. In this study, we 
introduce RecyBat24, a publicly accessible image dataset for the detection and classification of three 
battery types: Pouch, Prismatic, and Cylindrical. Our dataset is designed to support both academic 
research and industrial applications, closely replicating real-world scenarios during the acquisition 
process and employing data augmentation techniques to simulate various external conditions. 
Additionally, we demonstrate how the RecyBat24’s detection-oriented annotations can be used to 
create a second version of RecyBat24for instance-segmentation tasks. Finally, we demonstrate that 
recent lightweight machine learning models achieve high accuracy, highlighting their potential for 
classification and segmentation applications where computational resources are constrained.

Background & Summary
The global production capacity of Lithium-Ion batteries (LIBs) is anticipated to exceed 1.3 TWh by 20301. 
However, the forecast demand for these batteries is expected to exceed the supply of rare metal resources2. 
Furthermore, the average lifespan of LIBs currently ranges from 5 to 8 years, resulting in a substantial increase in 
the number of decommissioned batteries in various nations. Ineffective management of this surplus could lead 
to significant resource wastage and environmental harm. Therefore, the development of advanced battery recy-
cling technologies is crucial3. The imperative for recycling is further underscored by the necessity of reclaiming 
valuable materials.

The retrieval of LIBs from electronic waste is extremely important, particularly concerning the extraction 
and reuse of valuable materials. LIBs contain considerable amounts of rare elements that can be recovered using 
specialized recycling methods4. In particular, LIBs contain critical materials such as lithium, cobalt, nickel, and 
manganese, all of which are essential for manufacturing new batteries and other electronic components5,6.

Given the growing demand for these materials in the production of electric vehicles, renewable energy stor-
age systems, and portable electronics, recycling batteries provides a sustainable solution to resource scarcity. By 
extracting these materials from spent batteries, the need to extract new raw materials is significantly reduced, 
which is not only environmentally damaging but also geopolitical complex due to the concentration of these 
resources in a few countries. However, for the extraction of these materials, the correct identification of LIBs is 
important.

In the preliminary stage of the recycling process, human-assisted identification of battery types is typically 
used. However, this method may prove economically impractical as the recycling industry grows1. Thus, it is cru-
cial to develop an automated and cost-effective system capable of sorting battery types based on readily accessi-
ble field data7. With the extensive adoption of Artificial Intelligence (AI) tools, there is an increasing tendency 
to apply machine learning, particularly deep learning (DL) techniques, to address this challenge. Furthermore, 
machine learning has been successfully implemented in various battery-related applications, such as predicting 
the remaining useful life8–11 and evaluating the state of health12,13.
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Within battery recycling research field, the usage of DL techniques is a somewhat under-researched area, 
with existing studies primarily falling into two main categories: methods that leverage features derived from 
LIBs and techniques based on computer vision (CV).

In the first category, we mention a recent study by Tao et al.3 which proposes a federated machine learning 
approach to mitigate privacy concerns among recycling partners of different organizations. The authors suggest 
a sorting model that relies solely on a single cycle of end-of-life charging and discharging data rather than his-
torical data, while still maintaining the data privacy budgets of various battery recycling partners. Previously, 
Garg et al.14 outlined an approach for assessing the suitability of retired lithium batteries for secondary use that 
involves a thorough evaluation of several parameters such as capacity, resistance, voltage, and temperature. The 
topic of organizing LIBs according to specific attributes and performance is also discussed in the works15–17, 
which employs a multistage deep sorting strategy derived from the clustering of static and dynamic features.

In the second category, which aligns more closely with the objective of this work, Liu et al.18 introduce a 
disassembly platform enhanced by online sensing and DL technologies. Although they use CV techniques, their 
study is limited by the size of the presented dataset. Furthermore, the authors have not disclosed any code or 
data related to their study. BatSort, a transfer learning-based solution for automatic battery type classification, 
was recently presented in19. The researchers claimed that they have created a unique dataset containing more 
than 500 images covering 9 different battery types as a case study. However, a thorough examination of the 
released dataset shows that it mainly comprises a single category of battery, specifically cylindrical, with images 
sourced from the Internet depicting brand-new batteries. We notice that the features of these images do not 
closely match the typical conditions found in real-world battery recycling environments. Finally, Ueda et al.20 
introduced an integrated sorting system capable of identifying batteries within electronic waste through the 
application of X-ray imaging and DL methodologies. A key shortcoming of this method pertains to X-ray scan-
ners, which encounter difficulties when dealing with highly dense materials and small batteries.

In general, most of the studies in this discussion emphasize the prevalent challenge of limited data availabil-
ity. We hypothesize that this scarcity of image data is the primary reason for the slow adoption of DL solutions 
in LIB recycling. In fact, the success and effectiveness of statistical models are significantly dependent on the 
quality of the datasets used21,22. This is especially valid in the context of CV settings23. However, the creation of 
high-quality datasets often requires manual labeling, a process that is not only labor intensive and costly, but also 
prone to errors24, and significant privacy issues arising from commercial or proprietary interests.

Although a dataset’s quality is frequently linked to the quality of its annotations, aspects such as its size 
and variety also greatly influence it. The initial step in constructing a dataset involves a data preparation stage, 
where data are discovery and cleaned25. This procedure can be quite costly, depending on the context of its 
application. Subsequently, after gathering the samples, this data often requires annotation26. An affordable and 
scalable method for gathering large quantities of annotated data is crowd-sourcing27. This approach is effec-
tive in straightforward scenarios where annotation tasks do not necessitate specialized knowledge or involve 
data privacy concerns. In specialized fields like medicine, annotators must possess a specific level of expertise. 
Consequently, this often leads to high levels of disagreement, which results in labels that are more subjective and 
inconsistent28.

In addition to concerns associated with the labeling process, the dataset’s size also influences the model’s 
performance29. Although, overall, the key aspect lies in how well a dataset reflects the original distribution, as 
opposed to its magnitude. The main issue here is that each model needs a different amount of data in order to 
maximize its performance. In the domain of DL, we can certainly leverage transfer learning30 by employing 
models that have been trained on extensive datasets. This would diminish the requirement for an extensive data-
set because the low-level features, since we are working with natural images, are presumed to have been already 
captured by the initial layers of the models.

Finally, sample diversity is crucial for enhancing a model’s robustness and generalizability. Recently, Yang 
et al.31 highlighted the importance of incorporating varied datasets during training to enhance the robustness 
and adaptability of building extraction models in various settings. Within the scope of this study, the research 
presented in32,33, although primarily focused on novel techniques for predicting battery lifespan using tabular 
data, offers nevertheless valuable insights on the quality of various datasets on batteries.

Thus, data scarcity poses a major challenge for training DL models because a large amount of data is neces-
sary to achieve industry-standard performance.

This study aims to tackle the challenges posed by limited data availability by presenting a publicly accessible 
dataset, named RecyBat24, specifically designed to train DL models in the field of lithium-ion battery recy-
cling. This dataset features a comprehensive and diverse compilation of samples, accompanied by a high-quality 
labeling process for object detection tasks. Additionally, we illustrate the application of this detection-centered 
annotation for crafting a subsequent version of RecyBat24tailored to instance segmentation task.

However, despite the fact that we have devoted considerable effort, RecyBat24inherently has limitations 
regarding its coverage of the real data distribution. The primary issue lies in the variation of LIB designs among 
manufacturers, as each individual design incorporates unique configurations, materials, and assembly methods. 
This requires DL models to adjust to a diverse range of structures for accurate identification. A second challenge 
arises as a result of the aging of LIBs. For example, physical deformations may affect both the appearance and 
structural stability of battery components. Therefore, the model must be able to adapt to a range of conditions, 
encompassing different types of damage.

Although we acknowledge that these factors are less significant compared to their impact on LIB volumetric 
imaging tasks, as discussed in34, they nevertheless poses a significant barrier to industrial implementation. Still, 
as far as we are aware, RecyBat24is the first publicly accessible dataset comprising natural images of disposal LIB. 
Consequently, it serves as a concrete asset for applied research, which will facilitate future industrial applications.
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In addition, issues related to aging and occlusions can be addressed with recent advances in the field of DL. 
Data augmentation techniques that introduce artificial occlusions can enhance the robustness of deep learning 
models by enabling them to generalize effectively to scenarios where critical features of battery components are 
partially obscured. Similarly, the production of synthetic data using modern AI models that mirror the physical 
attributes of old or deteriorated batteries aids in the creation of more robust models. They should generalize 
better across batteries at various stages of their life-cycle, thereby enhancing their utility in practical recycling 
and diagnostic applications.

Methods
RecyBat24is created as a dataset intended to aid in identifying and categorizing LIBs. In building this dataset, we 
examine various battery types, including those without Lithium, and categorize them into a taxonomy, depicted 
in Fig. 1a. This taxonomy was designed to facilitate the selection of discarded batteries. Our main priority in this 
study is rechargeable LIBs, as they contain important materials such as lithium, cobalt, and nickel. Consequently, 
we exclude non-Lithium batteries and Primary or non-rechargeable Cylindric batteries because they involve 
non-intercalating lithium metal and reactive electrolytes. Thus, primary batteries contain lithium in metallic 
forms; this makes them more challenging to recover. Secondary batteries, instead, are equipped with cathode 
materials such as NMC (Nickel-Manganese-Cobalt), LFP (Lithium Iron Phosphate), and LCO (Lithium Cobalt 
Oxide), which can be recycled through pyrometallurgical, hydrometallurgical, and direct recycling techniques. 
From an economic perspective, lithium-ion battery recycling is viable because of the higher concentration of 
reusable materials compared to primary batteries35.

Once the target cells are selected, we devise the workflow to build a dataset that can enhance both research 
and industrial efforts to make the recycling process more efficient. The workflow involves three primary stages: 
Sample Collection, Image Capturing, and finally Labeling and Augmentation. We provide a more detailed expla-
nation of each stage in the following sections. A visual representation is shown in Fig. 1b.

Samples Collection.  In electronic waste disposal centers, individual LIBs are commonly found due to sev-
eral factors related to the lifecycle and disposal practices of electronic devices. Many electronic devices, such as 
laptops, smartphones, power tools, and tablets, rely on LIBs for power. Over time, these batteries degrade and 
lose their capacity to hold a charge, prompting users to replace them. When devices are discarded, the batteries 
often remain inside, but in some cases, batteries are removed before disposal either by users or during preliminary 
recycling processes. The growing awareness and regulations around e-waste recycling have led to more organized 
collection efforts.

Nowadays, many e-waste recycling programs and drop-off centers specifically ask consumers to separate 
batteries from electronic devices to avoid potential hazards. LIBs, if damaged or improperly handled, can pose 
significant safety risks, including fires and chemical leaks. By separating these batteries from the devices, recy-
cling centers can manage these risks more effectively.

In general, the presence of individual LIBs in electronic waste disposal centers is a reflection of both con-
sumer behavior and industry practices. The separation and collection of these batteries are driven by safety 
considerations, regulatory requirements, and the economic value of recycling the materials they contain.

The initial phase of building RecyBat24involved the gathering of various samples of LIBs. Our goal was to 
ensure that RecyBat24encompasses a wide range of battery conditions, types, and degradation levels commonly 
found. However, this task proved to be quite intricate due to safety and regulatory compliance. For example, as 
the distance from the disposal center increases, expenses related to the delivery and handling of used LIBs tend 
to rise significantly. This limiting factor forced us to narrow down the list of available centers and select the one 
that could provide us the largest variety of batteries according to the information obtained from the European 
and Italian Consortium. As a result, automotive cells are absent from our dataset because they are only available 
at a few centers that have formed exclusive agreements with manufacturers.

Fig. 1  (a) The Battery Taxonomy created to facilitate the battery type selection to be used in RecyBat24. With 
Non Cylindric we refer to the cell types Prismatic and Pouch. (b) Visual representation of the workflow used to 
build RecyBat24.
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From the selected disposal center, we collected a total of 110 batteries, comprising 59 Pouch-type, 22 pris-
matic, and 29 cylindrical batteries. The spectrum of collected samples includes those in excellent working order 
with minimal visible defects, to those that exhibit notable signs of deterioration. Unfortunately, we could not 
gather batteries of the button variety.

Pouch-type batteries, known for their flexible and lightweight design, were the most numerous in the col-
lection. These are commonly found in consumer electronics such as smartphones and tablets. Prismatic batter-
ies, typically sourced from laptops and some electric vehicles, are characterized by their rectangular shape and 
robust construction. We claim that these two types are well-represented in RecyBat24, and the primary differ-
ences with batteries outside the dataset can be typically ascribed to the external color of the casing, as their size 
and shape conform to standardized specifications.

The other battery class that was collected is the Cylindrical 18650 lithium-ion. These batteries are recharge-
able cells with a standardized size of 18 mm in diameter and 65 mm in length. They are widely used in portable 
electronics, electric vehicles, and energy storage systems, because they offer high energy density, long cycle life, 
and stable performance.

As previously mentioned, while the collection of batteries from the disposal center is not comprehensive, 
it should nonetheless provide a representative sample of various battery types and their realistic conditions. 
Moreover RecyBat24, as the first publicly accessible LIBs dataset for training and evaluating DL models, is ide-
ally suited to gauge insights about model performance in a broad range of real-world scenarios. In Fig. 2, we 
illustrate the three types of batteries collected from the recycling center.

Image Capturing.  In order to enhance the practical utility of the dataset, we constructed an experimental 
setup that closely mimics the actual conditions found in electronic waste recycling settings. The arrangement 
involved placing the batteries in ways that simulate typical e-waste situations, while also including a variety of 
lighting scenarios. These steps were implemented to guarantee the dataset’s resilience and its wide-ranging appli-
cability across different recycling scenarios.

For image capture, we used a standard full HD 1080p camera, which included an adjustable ring light and a 
CMOS photo sensor (The camera’s features listed a 3x maximum focal length, an aperture setting of f/2.1, and a 
screen measuring 2 inches). Different scenarios are simulated by employing three distinct lighting conditions: 
low, medium, and high. During training, these variations in illumination offer valuable signals to the models, 
enhancing their ability to distinguish effectively under the varied lighting conditions usually found in industrial 
settings.

We recreated industrial environments by placing batteries at random on a conveyor belt simulated by a dark 
background. Every photograph was captured in a square format with a resolution of 640 × 640 pixels, keeping a 
steady distance of 40 cm from the battery to the camera to guarantee consistent image quality and perspective. 
Improving image uniformity increases the applicability of RecyBat24to DL applications while effectively repli-
cating the conveyor belt environments where batteries are usually classified and handled.

To create the training and evaluation sets, we manually built two distinct subsets from all captured images 
using the following protocol. For a battery with two separate sides, one side was assigned to the training dataset, 
while the other was designated for the evaluation dataset. For batteries lacking distinct sides, we chose half of 
the samples from every battery category at random for the training dataset, while the rest were used to construct 
the evaluation dataset.

The filenames were structured as id_n_F/R_LightLevel_ClassType. jpg, where id signifies the sample ID, n 
identifies the specific image number of that sample {1, 2, 3, 4, 5}, F/R indicates whether the front or rear bat-
tery is shown, LightLevel describes the lighting condition as low, medium, or high (range in {1, 2, 3}), and 
ClassType ∈ {cyl, po, pri} specifies the battery classification, being cylindrical, Pouch or prismatic.

Fig. 2  Raw samples of batteries present in the dataset. All capture settings, including a dark background and 
fixed camera position, are designed to mimic real-world operational conditions.

https://doi.org/10.1038/s41597-025-05211-5


5Scientific Data |          (2025) 12:843  | https://doi.org/10.1038/s41597-025-05211-5

www.nature.com/scientificdatawww.nature.com/scientificdata/

Labeling and Augmentation.  The images collected belong to three types of batteries: cylindrical, Pouch, 
and prismatic. In total, 2835 images were collected, comprising 660 prismatic, 1740 Pouch, and 435 cylindrical 
batteries. No distinction was made with respect to battery size or state (such as new, used, or damaged).

The annotation process was performed by an expert who carefully specified the battery type and location for 
each image. In particular, the annotation operation consists of assigning a specific label to a spatial region within 
the image. The annotation of images was performed effectively using publicly accessible annotation tools such as 
LabelMe (https://github.com/labelmeai/labelme) and Roboflow (https://roboflow.com). These tools were used 
to generate bounding boxes and class labels for different types of batteries.

The COCO format has been used for the release of the final annotations of RecyBat24. Annotations in the 
COCO format are stored within a .json file. Each annotation contains the category label, bounding box coordi-
nates, and image size specifications (height and width).

Data augmentation techniques36 were also employed to mitigate the challenges associated with acquiring a 
large and diverse dataset. By generating variations of existing images, these techniques enable the model to be 
exposed to a broader range of examples, thereby reducing overfitting while simultaneously enhancing robust-
ness and overall performance.

We selected augmentation techniques to simulate potential real-world differences in battery appearance, 
including aspects such as dirtiness and occlusions. In addition to implementing fundamental rotation tech-
niques for the development of rotation-invariant features, we chose to incorporate brightness modification and 
exposure alteration to address various lighting conditions. These transformations ensured that the essential 
characteristics of the primary objects were subtly modified, thereby preserving the critical informative signal 
required for training while simultaneously increasing the dataset.

To mimic potential battery overlap or occlusion scenarios, we explored traditional methods, such as 
CutOut37 or Random Erasing38, which involve randomly obscuring square regions of the input image through-
out the training process. However, it became apparent to us that CutOut and Random Erasing can be excessively 
aggressive, erasing essential features. Generally speaking, any technique that directly eliminates or obscures 
portions of an object needs careful calibration before application. Therefore, we chose to simulate a type of 
soft occlusion using mixup39. This approach can help to manage occlusion indirectly by presenting the model 
with blended samples that integrate mixed pixel values from various classes. This blending result can result in 
situations where essential aspects of one object are somewhat hidden by another. Additionally, the objects in 
the combined images might resemble a state of dirtiness, which should facilitate the model to generalize in 
real-word application. It is important to note that the dataset itself does not contain pre-generated mixup-ed 
images. Instead, these blended samples are dynamically constructed at the batch level during training, ensuring 
that the augmentation is applied adaptively throughout the learning process.

Table 1 shows the overall count of images and associated labels for each type of battery.
Subsequently, the annotated images were cross-verified by an independent expert to identify and correct dis-

crepancies. The used quality control protocol required all batteries to be enclosed within their designated boxes 
and the segmentation to be precise, with no visible artifacts or inaccuracies. Regarding the latter criterion, due 
to the absence of a reference standard, it is not possible to report or discuss any quantitative evaluation metrics. 
This evaluation led to the exclusion of seven images due to minor annotation errors or insufficient image quality. 
Automated validation scripts were also employed to detect common annotation errors such as missing labels 
or incorrect bounding box formats. The expert further assessed the consistency of the automatically generated 
segmentation masks, which we will discuss later. Finally, an additional inspection was performed by the same 
expert on randomly selected samples from the augmented dataset to evaluate the overall quality of the anno-
tation, thus guaranteeing that the dataset meets the criteria necessary for the development of DL applications.

Data Records
The RecyBat24dataset is publicly accessible via Zenodo40. This dataset comprises exclusively non-augmented 
images, with a total of 1421 samples in the train directory and 1407 in the val directory. An extended version, 
referred to as RecyBat24-aug, includes 18370 training samples and 18206 validation samples. Users can down-
load the dataset from the repository and conduct experiments locally on their own environments. Table 2 pro-
vides information on the structure of the datasets.

The repository contains the files as given in Table 3:

Technical Validation
Classification Benchmark.  To evaluate the efficacy of various object detection models in the dataset 
RecyBat24, a standardized evaluation protocol has been formulated, which covers two recent object detection 
methodologies. This framework is designed to deliver a consistent metric for the evaluation and comparison of 
the detection capabilities of advanced models. For an extensive review of recent advances in object detection, the 
reader is referred to the complete survey41.

Class label Cylindric Pouch Prismatic

Originals Images 435 1740 660

Augmented Images 5220 20880 10560

Image Size 640 × 640 640 × 640 640 × 640

Table 1.  The table provides a breakdown of the dataset by individual images. An augmentation process is 
applied to the original images to boost the number of samples in the dataset.
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Since 2012, the advent of DL has opened a new phase for computer vision and specifically convolutional 
neural networks (CNN), allowing the acquisition of complex and flexible representations of visual features 
of images42. This development led to the evolution of object detection techniques into two major categories: 
two-stage detectors and one-stage detectors.

The two-stage detectors handle the detection task by moving from coarser analysis to more detailed anal-
ysis. The introduction of Region-based CNN (RCNN) by Girshick et al.43 marks a pivotal development in this 
approach. The fundamental concept of RCNN entails first producing a collection of object proposals (candidate 
regions) using selective search44. These proposals are subsequently resized to a standard image size and evaluated 
by a CNN model trained on ImageNet42 to derive pertinent features. Following this, a linear SVM classifier ana-
lyzes each region’s features to identify and classify the objects present. Fast R-CNN45 enhanced this approach by 
allowing the concurrent training of a detector and a bounding box regressor within a unified network structure, 
even though its speed was still hindered by the proposal detection stage. To overcome this limitation, Faster 
R-CNN46 incorporated a region proposal network (RPN) to more effectively create region proposals. The evo-
lution from RCNN to Faster R-CNN involved merging different parts of the object detection system, such as 
proposal generation, feature extraction, and bounding-box regression, into a single end-to-end learning archi-
tecture. Although this coarse-to-fine processing technique yields high precision-with the coarse stage enhancing 
recall and the fine stage refining localization and separation-these methods are rarely used in real-world appli-
cations. Their complexity and slow speed prevent their applicability in environments with limited resources. 
Conversely, single-stage detectors simplify the procedure by identifying all objects in a single inference step.

One-stage object detection models represent a class of detection frameworks that perform the detection 
process in a single stage, bypassing the region proposal phase characteristic of two-stage models. Instead, they 
execute detection directly across a dense grid of potential locations. These models generally provide faster infer-
ence times; however, this speed often comes at the expense of detection accuracy.

YOLO47, an acronym for You Only Look Once, is one of the most widely adopted single-stage methods in 
the field. YOLO is distinguished by its remarkable speed, achieved using a single neural network to process the 
entire input image. The network divides the image into a grid and concurrently predicts the bounding boxes and 
associated probabilities for each grid cell. Although YOLO significantly accelerates detection, it generally exhib-
its reduced localization accuracy relative to two-stage detectors, especially for smaller objects. This limitation 
has been addressed in subsequent iterations of the YOLO framework48,49. Currently, an enhanced version has 
been released as the next iteration of YOLO, named YOLOX50.

Another notable single-stage method is RTMDet51, which represents an advanced generation of real-time 
object detection models. RTMDet is designed to surpass the YOLO series in both efficiency and versatility, 
encompassing tasks such as instance segmentation and rotated object detection. The architecture of RTMDet 
features large-kernel depth-wise convolutions, which enhance its ability to capture global context while main-
taining a balance between the model’s depth and width. This design choice ensures rapid inference speeds with-
out requiring re-parameterization of the model. Furthermore, RTMDet employs soft labels for dynamic label 
assignment, which improves accuracy by facilitating high-quality matching and reducing label noise. This results 
in superior performance metrics, including 52.8% AP on COCO at speeds exceeding 300 FPS, thus outpacing 
existing detectors in terms of both speed and precision. Additionally, RTMDet can be readily adapted for tasks 
such as instance segmentation and rotated object detection with minimal modifications.

Object detection has recently incorporated Transformer52, a relatively modern architecture widely used in 
various contexts. By integrating this novel architecture, it becomes possible to train the detector without relying 
on anchor boxes or anchor points. In 2020, Carion et al. redefined the object detection task as a set prediction 
challenge and introduced an end-to-end detection network named DETR53. When presented with an image, 
the model is tasked with forecasting an unordered set (or list) of all the objects present, each denoted by its 
class, alongside a precise bounding box encompassing each object. The authors combine a convolutional neural 

Train Val

Tot. Cylindric Pouch Prismatic Tot. Cylindric Pouch Prismatic

RecyBat24 1421 225 866 330 1407 207 870 330

RecyBat24-aug 18370 2700 10390 5280 18206 2484 10442 5280

Table 2.  Details of the structure of the datasets.

File Name Description

classification.zip This file holds the configuration files necessary for conducting classification experiments.

recybat24.tar.gz
This file contains the compressed version of the RecyBat24dataset. It features two primary directories, train 
and val, each including two annotation files: annotations.json provides classification annotations, while 
instance_segmentation_annotations.json includes annotations for the instance segmentation task.

recybat24_aug.tar.gz This file contains the compressed version of the RecyBat24-aug dataset. Similar structure as above.

Readme.md This file contains the details information to perform the experiments.

segmentation.zip This file includes a script to convert the provided dataset from COCO format to YOLO segmentation format 
required from Ultralytics library. The other file conducts the segmentation test utilizing Fast SAM.

Table 3.  Overall structure of the RecyBat24repository.
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network (CNN) for extracting local information from the image with a Transformer encoder-decoder archi-
tecture to analyze the image as a whole and subsequently make the prediction. Recently, Zhao et al. introduced 
the Real-Time DEtection TRansformer (RT-DETR)54, a solution designed to overcome the challenges of high 
computational expenses that restrict the practicality of earlier Transformer-based approaches. In their study, the 
researchers enhanced the DETR framework by crafting an efficient hybrid encoder to substitute the standard 
Transformer encoder. This innovation noticeably accelerates inference speed by separating intra-scale interac-
tions from cross-scale feature fusion across various scales. Additionally, RT-DETR allows for adaptable speed 
adjustments to fit different real-time applications without the need for retraining.

For the purposes of this study, RT-DETR’s performance was compared with that of YOLOX and RTMDet, as 
all models are readily applicable to real-world scenarios. We conducted our experiments only on the augmented 
version of RecyBat24.

Experimental settings.  In our experiments, we use the implementations of the selected architectures provided 
by MMDetection55 and Ultralytics56. MMDetection, an open-source library developed by the Multimedia 
Laboratory (MMLab) at the Chinese University of Hong Kong,supports a variety of computer vision tasks, and 
is used since it offers an optimized implementation of YOLOX and RTMDet. This library is designed with user 
accessibility and adaptability in mind, supporting a range of detection frameworks that include single-stage 
and two-stage detectors. Its modular architecture enables users to construct custom models by integrating var-
ious components, such as the backbone, neck, and heads (In contemporary neural architecture designs for CV, 
the network is often conceptually divided into three parts: the backbone, neck, and head. The neck functions 
as an intermediate processing stage, in which features extracted by the backbone are further refined before 
final processing by the head). The library offers a wide array of cutting-edge pre-trained models along with 
extensive documentation, establishing itself as a valuable resource for both academic research and real-world 
implementations in the field of CV. At the time of writing this document, RT-DERT was not yet implemented in 
MMDetection. Consequently, we used the code provided by Ultralytics for our experiments, as both Ultralytics 
and MMDetection share similar objectives in the field of applied CV.

Finally, given our focus on lightweight architectures, we opt for the tiny version for YOLOX and RTMDet 
models, and the smallest available version for RT-DERT. The main characteristics are reported in Table 4.

The experiments were conducted on a computational node equipped with a Tesla V100 GPU featuring 16 
GB of VRAM. The training was carried out using the MMDetection55 and Ultralytics frameworks56. All training 
hyperparameters were maintained as specified in the default configuration files provided by the library (the 
original configuration files are: rtmdet_tiny_8xb32-300e_coco.py and yolox_tiny_8xb8-300e_coco.py). The only 
modification made was the adaptation of the dataset reference, with all other parameters remaining unchanged.

Results.  In evaluating the performance of object detection models, we compare YOLOX, RTMDet, and 
RT-DERT using precision, mean Average Precision at IoU 0.5 (mAP50), and mean Average Precision across 
multiple IoU thresholds (mAP 50: 95). While the mAP50 determines the average precision over all categories at an 
Intersection over Union (IoU) threshold set at 0.5, the mAP 50: 95 serves as a stricter measure, evaluating average 
precision across a variety of IoU thresholds, from 0.5 to 0.95, in steps of 0.05. A greater score in the latter indi-
cates that the model shows improved localization abilities across different levels of overlap between its predic-
tions and the actual ground truth.

The findings, presented in Tables 5, 6, reveal that RT-DERT demonstrates superior precision compared to 
RTMDet. This suggests that RT-DERT produces fewer false positive detections, likely due to its more sophisti-
cated architecture. RTMDet, however, surpasses RT-DERT in both mAP50 and mAP 50: 95, demonstrating supe-
rior overall detection capability, particularly in terms of recall and localization accuracy across different IoU 
thresholds.

With superior mAP scores, RTMDet stands out as the top-performing model in this assessment. Nonetheless, 
RT-DERT could be more appropriate in situations where minimizing false positives is crucial. Finally, YOLOX 
exhibits the lowest scores across all three metrics, suggesting that it is less efficient in both precision and overall 
detection accuracy.

YOLOX may struggle with finer distinctions or variations among battery types, which RTMDet and 
RT-DERT handle more effectively. The performance gap is particularly pronounced in the detection of cylindri-
cal batteries, where YOLOX shows significantly lower accuracy, indicating potential limitations in the identifi-
cation of this specific shape.

From this analysis, we can conclude that RT-DERT demonstrates a more cautious approach in its predictions, 
resulting in a reduced number of false positives and thereby enhancing precision. However, its lower perfor-
mance on the mAP scores suggests a tendency to overlook more objects compared to RTMDet. The latter pro-
vides a more balanced precision and recall, delivering improved overall detection performance, as demonstrated 

Model Type Input Shape FLOPs Parameters

Yolo X 416 × 416 3.2G 5.0M

RTM Det 640 × 640 8.0G 4.8M

RT-DERT-l 640 × 640 103.4G 32.0M

Table 4.  Details of the model versions used in the experiments. The FLOPs count is estimated by the library and 
highlights the difference in the computational costs between the models.
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by its increased mAP scores in all classes. This enhances RTMDet’s suitability for practical applications that 
demand dependable and precise object detection across diverse battery types, particularly in real-world scenar-
ios where both accuracy and high detection rates are crucial.

To validate this final assertion, Fig. 3 presents the confusion matrices for all models. These matrices illustrate 
the models’ performance by displaying the true labels along the y-axis and the predicted labels along the x-axis, 
with the diagonal entries representing the correctly classified cases.

RTMDet successfully recognized 99.2% of Cylindric samples, with a misclassification rate of 0.6% as Pouch 
and 0.2% as Prismatic. The Pouch batteries were flawlessly categorized, whereas the Prismatic batteries were 
accurately identified 93.4% of the time, with a 6.6% misclassification rate as Pouch. RT-DERT, conversely, 
excels with this final class, attaining an accuracy of 96%, with 6.6% inaccurately classified as Pouch. However, it 
encounters difficulties with Cylindric samples, achieving just 94.1% accuracy in this category.

YOLOX achieved 90.1% accuracy for Cylindric samples, with 7.8% incorrectly identified as Pouch and 2.1% 
as Prismatic. All Pouch samples were accurately classified. Given that this is the dominant class, it could suggest 
that the model may be exhibiting overconfidence because of the imbalance of the dataset. It is recommended that 
future research explore this and implement suitable countermeasures. Finally, the Prismatic samples achieved 
a classification accuracy of 83%, with a misclassification rate of 17%, primarily as Pouch. This outcome may be 
attributed to the more straightforward architecture design of YOLOX, which, when compared to others, presents 
a challenge in capturing the fine details necessary for distinguishing between Prismatic and Pouch.

In summary, RTMDet outperforms both YOLO X and RT-DERT by demonstrating superior results. It 
reduces errors in misclassification and improves the accuracy of Cylindric, establishing itself as a more trust-
worthy model for this particular classification task.

Automatic Segmentation.  In recent years, substantial foundational pre-trained models57 have gained rec-
ognition as instruments for a variety of downstream applications, such as automated data annotation tools. In the 
domain of computer vision, a newly introduced model known as the segment anything model (SAM) has greatly 
impacted the field58. The primary innovation of this model lies in allowing users to specify the image segments 
through prompts, thus allowing diverse segmentation tasks without the need for additional training.

SAM uses a pre-trained ViT-H59 as an image encoder that processes each image individually to generate an 
image embedding. It also includes a prompt encoder that encodes input prompts such as text or bounding boxes. 
Subsequently, a compact transformer-based mask decoder predicts object masks using the embeddings generated 
from images and prompts. In a very short period of time, SAM has become a fundamental component for various 
advanced applications, including image segmentation, image captioning, and image editing. This is due to its foun-
dation on a Transformer model trained with the SA-1B dataset58, enabling it to manage diverse scenes and objects.

The results presented by Kirillov et al.58 indicate that SAM is capable of producing high-quality masks which 
are only slightly less accurate than manually annotated ground truth. An example task of these robust quanti-
tative and qualitative results is the zero-shot Instance Segmentation, where the bounding box (generated auto-
matically) can be used as a prompt. The mask with the highest IoU with the bounding box is then selected as the 
predicted mask.

We used the ground-truth bounding box from the RecyBat24dataset to prompt SAM, resulting in a new 
dataset suitable for segmentation tasks. Examples of the outcomes produced by SAM can be observed in Fig. 4.

Experiments with Fast Automatic Segmentation.  Implementing SAM for instance segmentation in real-time 
industrial settings, where computational resources may be constrained, poses significant challenges. While 
the visual Transformer is key to SAM’s effectiveness, it also brings considerable limitations for broad use 
because of its high computational requirements. Zhao et al.60 propose FastSAM, a real-time solution that uses a 
segmentation-focused variant of YoloV8 (YOLOv8-seg), where a specific branch of the object detector is allo-
cated for instance segmentation.

The authors’ innovative approach divides the segmentation task into two procedural phases: all-instance 
segmentation and prompt-driven selection. In the initial phase, a Convolutional Neural Network (CNN)-based 
detector is used to generate segmentation masks for all instances within the image. Subsequently, in the following 

Yolo X RTM Det RT-DERT

P mAP50 mAP50: 95 P mAP50 mAP50: 95 P mAP50 mAP50: 95

Cylindric 0.795 0.964 0.795 0.853 0.988 0.853 0.975 0.969 0.821

Pouch 0.875 0.972 0.875 0.920 0.994  0.92 0.942 0.988 0.918

Prismatic 0.878 0.955 0.878 0.925 0.983  0.925 0.976 0.93 0.878

Table 5.  The models’ object detection performance was evaluated on the test set, with the results indicating 
comparable performance for both models. The best results are highlighted in bold.

Yolo X RTM Det RT-DERT

P mAP50 mAP50: 95 P mAP50 mAP50: 95 P mAP50 mAP50: 95

Tot. 0.849 0.9640 0.850 0.899  0.989 0.900 0.964 0.941 0.842

Table 6.  Summarized outcomes over the classes for the two models presented as mean precision and recall.
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phase, the model identifies and outputs the region-of-interest prompted by the user. Using CNNs’ computational 
efficiency, FastSAM offers performance similar to SAM, but with significantly lower computational and resource 
requirements, improving real-time execution. For this reason, we chose this model as a possible candidate to 
solve the segmentation task and present the results obtained by FastSAM, using the public implementation pro-
vided by ultralytics60 on our automatically annotated dataset.

The FastSAM findings, detailed in Table 7, indicate acceptable performance in instance segmentation tasks, 
with a significant equilibrium between precision and recall. In particular, FastSAM achieved a precision and 
recall of approximately 0.8, showcasing its effectiveness in accurately identifying instances. Furthermore, the 
model recorded an mAP50 of 0.8, highlighting its strong capability in object localization. However, performance 
decreased slightly to an mAP50:95 of 0.76 when assessed against various IoU thresholds, which illustrates the 
challenge of consistently achieving high accuracy under stricter conditions.

Overall, the metrics suggest that FastSAM, as a smaller version of SAM, efficiently performs instance seg-
mentation with a robust level of accuracy, underlining its potential applicability in segmentation scenarios where 
computational resources are limited.

Code availability
The data repository folder contains the Python files used for conducting experiments on the data. The authors declare 
that no custom code or software was used in the generation or processing of the data presented in this study.

Fig. 3  Normalized confusion matrices obtained from the test data are presented for Yolo X (a), RTM Det (b), 
and RT-DERT (c). RTM Det outperforms both YOLO X and RT-DERT, especially in accurately identifying 
Cylindric samples. Conversely, YOLO X tends to incorrectly classify Cylindric and Prismatic cells as Pouch cells. 
While RT-DERT shows greater accuracy with Prismatic cells, it is more likely to misclassify Cylindric samples.

Fig. 4  Examples of segmented battery using SAM and the bounding boxes as prompt.

Instances

Fast SAM

Precision Recall mAP50 mAP50: 95

All types battery 36574 0.809 0.801 0.802 0.76

Table 7.  The performance of FastSAM in instance segmentation was assessed across the whole dataset. The 
model does not classify instances, but treats every instance as if it belongs to a single category. The mAP values 
are calculated based on the reference masks generated by SAM.
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