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CHAKKARIN  SANTIRATTANAPHAKDI : THE DEVELOPMENT OF A SEMANTIC-BASED
IMAGE RETRIEVAL MODEL USING DEEP NEURAL NETWORK BY PRE-TRAINING
APPROACH. THESIS ADVISOR : Asst. Prof. SUPHAKIT NIWATTANAKUL, Ph.D.,
226 PP.

KEYWORD: Semantic-based image retrieval/Natural language supervision/

Deep neural network

This research aims to develop a semantic digital image retrieval model using a
pre-trained deep neural network, comprising three main modules: 1) Image description
set generate module: This module applies a pre-trained CLIP model to train an image
encoder and a text encoder for image captions. It distinguishes between classes
by measuring cosine similarity based on contrastive learning. The error is calculated
by comparing predicted labels with expert semantic evaluations of the images.
The loss is then used to manually adjust the weight parameters involved in learning
semantic similarity to closely match human perception. Afterwards, the model is
fine-tuned on a custom dataset, and image feature vectors are generated and stored
in the image caption dataset. 2) Query processing module: This module processes
natural language search queries using the pre-trained DistilBERT language model, which
encodes queries into vector representations and 3) Vector Matching Module:
This module matches image feature vectors with search query vectors in a multi-modal
embedding space by comparing their similarity scores. The results are ranked
by relevance and presented as image retrieval outputs, reflecting both content
and semantic contexts to the user.

The retrieval performance was evaluated by 30 experts divided into three
groups: 10 computer and technology specialists, 10 information retrieval experts,
and 10 general users. Binary image retrieval performance was measured with
the following results: Precision@k: For the top 3 retrieved results, queries based on
image names and categories as image labels, as well as short queries concerning
high-level image concepts, yielded very high precision rates of 93.9% and 86.4%,

respectively. However, since qualitative semantic meaning depends on human



perception, individual experience caused variability in evaluation, resulting in
a precision of 83.0% for queries describing qualitative image semantics. Recall@k:
For the top 3 results, queries based on image names, category labels, and short
high-level concept queries demonstrated good recall levels, whereas queries
describing qualitative semantics showed moderate recall. Recall improved as
the number of retrieved results increased, reaching 81.8%, 81.3%, and 80.2%
at 10 results, respectively. F-measure@k: For the top 3 results, under queries based on
image names, category labels, and short high-level concepts, effectiveness was good.
Similarly, queries describing qualitative semantics also showed good effectiveness.
Overall effectiveness increased as precision and recall improved together, reflecting
the robust performance of the developed model. At 10 results, the effectiveness
scores were 86.0%, 83.5%, and 81.0%, respectively.

The semantic image retrieval effectiveness was further evaluated using NDCG@k
(Normalized Discounted Cumulative Gain), comparing retrieval results between
the original CLIP model and the fine-tuned CLIP model. For image caption-based
retrieval serving as image labels, NDCG scores at ranks 1, 3, and 5 were similar between
the original and fine-tuned models. For retrieval with captions describing high-level
image concepts, slight improvements in NDCG were observed at ranks 1, 3, and 5
with the fine-tuned model. In contrast, retrieval with captions describing qualitative
semantic content showed significant NDCG increases of 21.50%, 19.90%, and 22.80%
at ranks 1, 3, and 5, respectively, when using the fine-tuned CLIP model compared

to the original.
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