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1 Introduction

Fine-grained classification is a challenging task that aims to reduce the misclas-
sification errors in the visual classification of similar image samples. Multimodal
learning can improve results by combining text and image data. This approach
can help minimise misclassification errors caused by intra-class variability and
inter-class similarity. For example, consumer products such as grocery prod-
ucts and printer cartridges may have several product variations that are similar
enough to make it hard to classify them using SOTA Computer Vision and NLP
models [1–3].

In recent research works, multimodal learning has been shown to effectively
improve the results of fine-grained classification tasks when compared to the uni-
modal alternatives [4–6]. A rich and well-curated dataset has significant potential
to push forward the research in this area [3–7]. However, such datasets are scarce
and difficult to curate, due to the laborious effort in data collection and the chal-
lenge of consistency and accuracy of the labels across different modalities.

The main contributions of our paper are: (1) We created a new multimodal
dataset with 17,000 image-text pairs. (2) We propose a generalised pipeline for
collecting text and image multimodal datasets to simplify the data collection
process and encourage more researchers to curate such datasets. (3) We provide
the baseline results using a CNN-based unimodal architecture (ResNet-152) and
a text and image multimodal architecture (CLIP & MultiModal BiTransformers)
to quantitatively demonstrate how the fusion of text and image modalities work
to improve the results.

2 Methods

2.1 Data Collection

Over two months, 17,000 images were captured using a Canon DSLR camera,
and a photo lightbox (for consistent lighting and image quality). Using the EOS
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digital SDK software, we automated several aspects of the image capture pro-
cess, such as lens focus and shutter control. The captured images were saved
locally, and their corresponding metadata was stored in a Microsoft SQL Server
database. Additionally, to improve the quality and consistency of the dataset,
we pre-processed the images by applying centre cropping to remove unnecessary
background elements and focus on the object of interest. To create our text &
image multimodal dataset, we extracted the text from the product labels using
an OCR pipeline (based on a modified version of CRAFT & CRNN + CTC). We
generated image and text pairs by combining the images and extracted texts.
The dataset is publicly available at https://github.com/multimodal-research/
TAIMD-17k.

2.2 Unimodal and Multimodal Architecture

For the unimodal experiment, a pre-trained ResNet-152 model was fine-tuned for
image classification. The model was trained on the dataset with early stopping
to prevent overfitting, and training was conducted on two NVIDIA RTX 4090
GPUs.

For the multimodal experiment, we used Multimodal BiTransformers
(MMBT) for vision-language modelling. CLIP was used for image encoding and
BERT for text encoding, and MMBT was trained on the dataset using Hug-
ging Face and PyTorch. Training was also conducted on two NVIDIA RTX 4090
GPUs.

3 Results

We evaluate the results from our experiments using the F1-score, precision and
recall metrics and compare the results from the image based unimodal architec-
ture with the results from the image and text based multimodal architecture.
We observed that the multimodal model performed better than the unimodal
model on our dataset, achieving a 75% precision, 71% recall and 67% F1-score
respectively on our dataset (see Table 1).

Table 1. The performance of CNN-based Image Classification and Multimodal Image
& Text Classification. Multimodal architecture outperformed unimodal architecture in
all metrics.

Method Precision Recall F1-Score

Unimodal (ResNet-152) 0.70 0.61 0.59
Multimodal (MMBT + CLIP) 0.75 0.71 0.67
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4 Conclusion

This paper introduces a novel multimodal dataset for fine-grained e-commerce
product classification. It comprises 17,000 images categorised into 31 distinct
product classes. We further present a generalised pipeline for collecting and anno-
tating text-image multimodal datasets. This pipeline utilises OCR to extract and
annotate the data, generating a large collection of image-text pairs.

Furthermore, we compare the unimodal and multimodal architectures applied
to our dataset, demonstrating a significant improvement in performance with the
multimodal approach. Utilising CLIP and MMBT based architecture, we achieve
up to a 10% increase in precision, recall, and F1-score compared to the unimodal
architecture. This dataset is publicly available, aiming to contribute to research
and understanding of multimodal learning for fine-grained product classification.

The results of our experiments demonstrate that there is potential for
improvement in fine-grained product classification using multimodal learning.
In the future, We plan to explore co-learning which is a relatively new area of
multimodal learning to further improve fine-grained product classification.
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