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Abstract. This study investigates non-invasive techniques for determining 

whether drugs are safe, expired, or deteriorating using packaging images. 

This method uses the extraction of visual and text characteristics driven by 

artificial intelligence (AI) as opposed to conventional methods for 

manipulation, chemical analysis or barcode scanning. Optical Character 

Recognition (OCR) is used to identify expiry-related text, to designate image 

features using the vector neural network (CNN) and to designate 

relationships to the graph neural network (GNN). In addition to self-clicking 

test photos, an image data set for pharmaceutical tablet packs issued. The 

model obtained accuracy (0.91), accuracy (0.91), recall (0.89) and F1 score 

(0.90). The results show that the packaging characteristics have sufficient 

patterns to accurately assess the quality of drugs and allow safer and more 

scalable quality control without destroying seals. 
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1 Introduction 

The use of outdated medications is an increasing concern, especially in underprivileged 

and rural areas, according to recent studies.  While 85.2% of participants in a study 

conducted in rural South India, were aware that expired medications could be dangerous, 

illiteracy was a significant obstacle to verifying expiration dates [1]. In India, 78.6% of 
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respondents reported that they regularly toss their drugs in the trash and store them 

incorrectly [2]. According to a Brazilian study, 75% of participants disposed of 

improperly [3]. 93.75% of homes in Western India kept medications in storage, while 

urban areas had a larger percentage of over-the-counter medications (16.76%) than rural 

ones (11.82%).  

Reduced effectiveness and serious health risks are only two of the issues that expired 

medications may present. Although many medications retain 70–80% potency for one to  

two years after expiration, the exact degree of potency loss with time is uncertain 

[4]. Reduced effectiveness and perhaps harmful degradation products can result from 

instability [5]. According to stability studies, the expiration date guarantees that the 

product retains at least 90% of its original capacity if properly stored [4, 5]. The 

pharmaceutical sector can save considerable amounts of money annually by recycling 

obsolete drugs, which is both economically and environmentally beneficial [5]. However, 

using expired medications in emergency situations presents moral dilemmas regarding 

how to weigh such dangers against the necessity of medical care [6]. 

Conventional microbiological methods need specialised equipment, skilled workers, 

and a lot of time and money [7, 8]. These techniques frequently lack the speed and 

sensitivity required for making food safety decisions in real time [9]. Although portable 

biosensors and quick diagnostic technologies provide flexibility and convenience of use, 

further work is still needed to improve detection limits and lower prices [9]. Numerous 

techniques, each with unique advantages and disadvantages, have been used for wood 

product assessment, including optical examination, canine detection, and CT scans [10]. 

Researchers propose integrated strategies that combine multi-step detection systems 

for wood product inspection [10], improved detection techniques, and quantitative risk 

assessments for food safety in order to get around these restrictions [9]. 

1.1 Problem statement 

Non-invasive, automated, real-time, and economical detection methods are required. 

Pharmacists and end users cannot scale or employ traditional approaches. 

1.2 Propose approach 

This study suggests using artificial intelligence (AI) in conjunction with picture analysis 

methods to find visual indicators linked to medication expiration. On pills, capsules, or 

packages, the emphasis is on a non-invasive, non-destructive detection framework that 

makes use of image-based features such colour variation, surface texture alterations, 

morphological distortions, and text degradation. These visual indicators are analysed 

using machine learning or deep learning models to determine whether medications are 

expired or not, without the use of chemicals or physical intervention. 

1.3 Identified research gaps 

Numerous techniques for recognizing expired drugs have been investigated in recent 

studies. In order to identify the expiration dates of medications [11], created a smartphone 

application that uses QR codes. A Raman spectroscopy-based method for identifying 

expired medications was presented, providing a quick and eco-friendly substitute for 

conventional techniques [12]. In order to determine the amount of epinephrine that is still 

available in expired and discoloured autoinjectors, [13] looked at smartphone image 

colorimetry. They discovered a good link between colour indices and epinephrine content. 

It is possible to distinguish between expired and unexpired antibiotic and antimalarial 
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medications with high identification rates by utilising a pocket-sized NIR spectrometer in 

conjunction with multivariate algorithms [14]. Although this research offers encouraging 

methods, they still depend on pre-existing labelling systems or call for specialised 

equipment, suggesting that a non-invasive, low-cost, real-time method utilising readily 

available imaging instruments is still elusive. 

There are currently no non-invasive, inexpensive, and real-time techniques for 

identifying expired medications using widely accessible imaging devices like webcams 

or smartphone cameras. Automated detection based on visual markers that may be readily 

observed on tablets or capsules, like colour changes or surface degradation, has not been 

extensively studied. Furthermore, the actual application of current techniques is limited 

due to their frequent inability to generalise well across a variety of pharmacological 

formulas, changing illumination situations, and packaging types. 

2 Literature Survey 

Numerous recent studies have investigated technological approaches for identifying 

expired drugs; nevertheless, the majority of these investigations encounter issues with 

scalability or practicality. A smartphone app that uses QR codes to detect expiration was 

created, however it needs intact digital labelling [12]. Although it requires costly 

equipment, a non-invasive drug analysis method was proposed based on Raman 

spectroscopy [13]. A relationship was established between colour degradation and 

efficacy by estimating the epinephrine potency in expired autoinjectors using smartphone-

based colorimetry [14]. Multivariate models and a pocket-sized NIR spectrometer were 

used to show great accuracy in identifying expired medications [15]. These techniques, 

however, frequently rely on specific equipment or regulated environments. There is 

currently no method that uses commonly available equipment, such as webcam cameras 

or smartphones, to offer real-time, inexpensive, and non-invasive detection. This 

emphasizes the necessity of an AI-powered method that can recognize visual cues from 

drug photos, like colour shifts or surface deterioration. 

3 Methodology 

This study suggests a non-invasive machine learning system that combines textual 

metadata taken from packaging with image-based visual analysis to identify expired or 

deteriorated medications. The methodology as depicted in Fig.1, highlighting the 

integration of CNN and OCR components. 

Fig.1 illustrates the end-to-end workflow of the proposed machine learning model for 

non-invasive detection of expired or degraded medicines. A CNN backbone is used to 

extract deep visual information from an input image of the medication strip or tablet at 

the start of the process. In parallel, OCR is used to process the text portion of the strip, 

specifically the parts that carry the manufacturing and expiration dates, in order to extract 

date information. An expiry flag is then used to combine these textual and visual elements 

to show whether the expiration date has passed. A self-attention merging layer receives 

this combination of structured and unstructured data, allowing the model to adaptively 

prioritize pertinent characteristics. To categorize the sample into one of three groups - 

Safe, Warning, or Expired, his hybrid pipeline uses both text and appearance metadata to 

improve prediction accuracy. 

 

3

BIO Web of Conferences 204, 01021 (2025)
IEM-HEALS 2025

https://doi.org/10.1051/bioconf/202520401021



 

Fig. 1. Process of innovative machine learning model architecture workflow 

3.1 Datasets 

The "Medicine Tablet Pack Image Dataset" provided the images of tablet strips and 

capsules. These pictures show several labelled medication packs that have been arranged 

according to their expiration dates. Additional self-clicked examples were added to the 

dataset to test it in various deterioration scenarios and lighting conditions.  

To evaluate the model's performance in the actual world, custom photos were taken 

and examined in addition to the dataset. These are labelled below for analysis and are 

displayed in Fig.2. Three real-world medicine images were analysed to test model 

accuracy. Fig. 2(a) (Calpol 500, 225×224) infer dull tablets and faded packaging, lacking 

the usual gloss. The model labelled it as Expired, consistent with its known expired status. 

Fig. 2(b) (Montair FX 1600-1600) shows a well-preserved silver strip with clear labelling 

and intact foil. The model is classified as Good and verified by the validity of the printed 

expiry date. Figure 2(c) (iron supplement, 9641599) shows surface coloration, yellowing 

of coatings and yellowing of edges. The model accurately predicts it as expired, allowing 

visual degradation to occur. These examples validate the model's ability to assess the 

quality of medicine using only visual indications, even if the expiry date is not clearly 

printed. 
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Fig. 2. Sample input images from the original data set (to be validated) and new real-world images 

of medical strips (to demonstrate the real-world performance). (a) Paracip-500 (944) 999, expiry 

March 2024; image captured May 2023. (b) Valid Montair FX (16001600), expiry July 20, 2025; 

photo taken July 1, 2025. This image is used to validate the model's ability to distinguish between 

valid and expired medication strips. c) Expiry date of the iron supplement (225224), July 20, 2025; 

image taken July 1, 2025. This image demonstrates the model’s ability to detect expired medicines 

from real-world, self-clicked photographs, collected with controlled lighting and standardized 

angles to ensure consistency. These test images were validated by cross-referencing with the 

product’s batch number and expiration date for reproducibility. 

3.2 Feature extraction using CNN 

A pre-trained ResNet-18 model was utilized to extract significant visual elements from 

medical photos. To obtain 512-dimensional deep feature vectors from the penultimate 

convolutional block, the fully connected (FC) layer was eliminated. Convolution in CNN 

is defined in mathematically as: 

𝑌𝑖,𝑗
𝑘

 = σ ( ∑𝑚=1
𝑀   ∑𝑢=1

ℎ   ∑𝑣=1
𝑤   𝑋𝑖+𝑢,𝑗+𝑣

𝑚  * 𝑊𝑢,𝑣
𝑚,𝑘

 + bk )                            (1) 

where 𝑌𝑖,𝑗
𝑘  is the output feature at position (i,j) for the kth filter, W is the kernel, bk is the 

bias, and σ is the ReLU activation function. 

3.3 OCR-based textual feature extraction 

Using the EasyOCR library, OCR was used to retrieve embedded text from packaging, 

specifically batch numbers and expiration dates. An expiry flag of 1 was inserted if the 

expiry year was determined to be < 2024; otherwise, 0. This produced a combined feature 

vector of size 513 as shown in Eq. (2): 

                                                          x = [v ; f]                                                                       (2) 

where v ∈ R512 represents CNN features and f ∈ {0,1} denotes the expiry flag. 

3.4 Classification using gaussian naive bayes 

A Gaussian Naive Bayes(GNB) model was used to tackle the classification task. For a 

given class Ck, each feature dimension is assumed to have a normal distribution, and the 

posterior probability is computed as in Eq. (3): 

                             P (Ck ∣ x) ∝ P (Ck) ∏𝑖=0
𝑛  = 

1

√2πσ𝑘,𝑖
2

 exp [- 
(𝑥𝑖−μk,i)2

2σ𝑘,𝑖
2  ]                                     (3) 

where μk,i, σk,i: mean and standard deviation of feature i for class Ck, x: input vector, and 

n=513: total features. The predicted class is determined using Eq. (4): 

                                                       𝑦̂ = arg maxk P (Ck ∣ x)                                                     (4) 
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3.5 Evaluation metrics 

To evaluate performance, standard classification metrics were used, as defined in Eq. (5), 

Eq. (6), Eq. (7), and Eq. (8): 

                                           Accuracy = 
TP+TN 

TP+TN+FP+FN
                                                        (5) 

                                                Precision = 
TP

TP+FP
                                                              (6) 

                                                  Recall = 
TP

TP+FN
                                                                (7) 

                                      F1-Score: F1 = 2 * 
Precision⋅Recall 

Precision+Recall
                                              (8) 

where TP, TN, FP, and FN are true or false positives or negatives. 

3.6 Graph-based enhancement using GCN  

To further improve categorization, a GCN was constructed to describe sample similarity. 

Individual medication samples were represented by nodes, and pairs in the feature space 

with Euclidean distances less than 1.0 were connected by edges. GCN propagates 

information using Eq. (9): 

                                                 H(l+1) = σ (𝐷̃-1/2 *  𝐴̃ 𝐷̃-1/2 H(l)W(l))                                                (9) 

where 𝐴 ̃= A+I: adjacency matrix with self-loops, 𝐷̃ : degree matrix, H(0) = X: input 

features, W(l): learnable weights, and σ: activation function. (e.g., ReLU). 

The final output is generated via the log-softmax function as shown in Eq. (10): 

                                                      𝑦̂ = log(
exp 𝑧𝑖

∑𝑗  exp 𝑧𝑗
)                                                        (10) 

Training is performed by minimizing the Negative Log-Likelihood Loss (NLL), as 

given in Eq. (11): 

                                                 LNLL=−∑i∈y logP(yi∣xi)                                                             (11) 

Each sample was finally categorized into Good (label 0), Degraded (label 1) and 

Expired (label 2). 

4 Results 

The model was trained and assessed using a larger dataset of more than 500 medication 

strip photos that were categorized as Good, Degraded, and Expired. Using OCR-based 

expiry metadata and visual characteristics, the Naive Bayes classifier demonstrated its 

efficacy in non-invasive medication quality prediction with 0.91 accuracy, 0.91 precision, 

0.89 recall, and a F1-score of 0.90. 

The GNN node graph in Fig. 3 illustrates the GCN's capacity to represent semantic 

links between samples. In this case, each node stands for a sample of medication and is 

coloured according to its actual label: Red for expired, Orange for degraded, and Green 

for good. The circular clustering pattern shows how the GCN groups related data into 

dense local neighbourhoods whereas solitary central nodes might be a sign of low-

confidence predictions or outliers that need human assessment. This makes it easier to 

comprehend the model in real-world situations when degradation may not always be 

readily apparent. 
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Fig. 3. GNN Node Graph of Medicine Samples 

 

Fig.4 shows the distribution and interrelations among medicine classes: Good (green), 

Degraded (orange), and Expired (red). Each central node (labelled 132, 152, 153) 

represents the number of samples in its respective class, derived from the dataset used. 

These nodes are linked to the blue nodes around them, representing the individual sample 

clusters of each category. The red curves depict the semantic and visual characteristics of 

the different categories and represent transitional degradation (for example, from good to 

decay or decay to expired). 

 
Fig. 4. Complex Network Graph Representation of Medicine Class Distribution 
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As illustrated in Fig.5, t-SNE shows that the Good, Degraded, and Expired samples 

are partially clustered; overlaps indicate that combining textual and visual information is 

crucial for improved categorization. 

 
Fig. 5. t-SNE Cluster Plot 

Overall, the results show that a reliable, comprehensible, and scalable system for 

identifying expired or deteriorated medication is created by combining CNN-based visual 

signals, OCR-derived textual metadata, and GNN-based structural learning. 

 

5 Discussion 

By combining CNN-based visual feature extraction, OCR-derived textual metadata, and 

GCN-based relational learning, the suggested architecture shows that a non-invasive, AI-

driven method of expired medication identification is feasible. With an accuracy of 0.91, 

precision of 0.91, recall of 0.89, and an F1-score of 0.90, the model demonstrated that 

packaging photos include enough discriminative features to evaluate drug quality without 

manipulation or laboratory assistance. 

GNB was chosen as the classifier because of its interpretability, robustness with high-

dimensional data, and simplicity. GNB is appropriate for situations where it is challenging 

to gather big annotated pharmaceutical datasets because it performs effectively even with 

relatively limited datasets. Other well-known models like Support Vector Machines 

(SVM), Random Forests, and deep learning-based end-to-end classifiers, which may 

produce better results but at the expense of interpretability and computational efficiency, 

were not benchmarked against in this work. Future analyses would assist in determining 

the best balance between transparency, scalability, and accuracy. 
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6 Future Work 

To increase generalizability, future research can concentrate on growing the dataset with 

a variety of medicinal goods under various packaging, illumination, and degradation 

conditions. The best performance-interpretability trade-offs can be found by comparing 

the existing Gaussian Naive Bayes model to more sophisticated classifiers like SVM, 

Random Forest, and deep learning-based architectures. Real-time detection in pharmacies 

and homes can be made possible by integration with mobile applications and inexpensive 

edge devices, especially in rural or resource-constrained environments. Furthermore, 

adding multimodal data such as chemical sensors, spectrum analysis, and blockchain-

based supply chain metadata could improve resistance to changes and counterfeit drugs, 

and open up a more comprehensive and reliable pharmaceutical quality assurance system. 

7 Conclusion 

This research uses artificial intelligence to analyze packaging images and provide a non-

invasive way of detecting altered or expired drugs. By combining deep learning 

techniques such as visual function extraction from CNN and expiry detection from OCR 

with GNN for relational learning, we provide a practical method of pharmaceutical quality 

management. The model correctly identified the three categories of good drugs, degraded 

drugs, and expired drugs.  Self-click photos, real expiry patterns and GCN-Naive Bayes 

ensembles make the system scalable and readable. The effectiveness of automated drug 

quality verification has been demonstrated in this study and shows the potential for 

integration into drug and health care workflows, especially in situations where resources 

are limited or unavailable. 
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