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ABSTRACT
Visual comprehension in Artificial Intelligence (AI) enables machines to describe images in natural language. However, image captioning research has 
largely overlooked low-resource languages such as Amharic due to limited domain-specific datasets and linguistic complexity. To address these gaps, this 
study developed a deep learning-based Amharic image captioning model focused on Ethiopian cultural heritage to promote cultural preservation. A dataset 
of 4,258 cultural heritage images, each annotated with five expert-verified Amharic captions (21,290 captions in total), compiled from reputable sources, 
including UNESCO’s World Heritage List, Awaze Tours, and Visit Ethiopia. Text preprocessing handled Amharic’s morphological complexity through 
tokenization, stop-word removal, character normalization, and abbreviation expansion. The dataset is divided using a 70:15:15 training, validation, and 
testing split for balanced model evaluation. The proposed model employs a pre-trained ResNet50 encoder with a GRU decoder as the baseline architecture. 
Performance is compared using attention and Transformer-based variations, evaluated with BLEU, ROUGE, METEOR, and CIDEr metrics. The ResNet50–
GRU baseline with beam search (beam width = 3) achieved the best overall balance between accuracy and efficiency (BLEU-1: 0.5096, BLEU-4: 0.1196, 
METEOR: 0.2093, CIDEr: 0.2692) among the evaluated models. While the Transformer decoder generated richer captions, its higher computational cost 
makes the baseline model more suitable for mobile and resource-limited applications. This research demonstrates the potential of deep learning for Amharic 
image captioning and emphasizes the importance of high-quality datasets and efficient architectures for low-resource languages and cultural heritage 
preservation.
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Introduction
The proliferation of visual content, driven by technological 
advancements and widespread smartphone use, has created both 
opportunities and challenges in managing and interpreting large-
scale image data. Image captioning, integrating computer vision 
(CV) and natural language processing (NLP), enables machines 
to generate meaningful textual descriptions of images, a task 
humans perform intuitively [1]. However, machines primarily 
extract low-level features, resulting in a persistent “semantic 
gap” between human perception and machine interpretation 
[2]. Addressing this gap through automatic captioning improves 
accessibility, facilitates organization and retrieval of visual 
data, and supports applications in search, accessibility, and 
education [3]. It is particularly beneficial for individuals with 

visual impairments, enhancing accessibility, independence, and 
social inclusion [4]. Ethiopia, home to over 80 ethnic groups and 
languages, predominantly speaks Amharic ( ), with 37.1 
million native speakers and 20-25 million second-language users 
[5,6]. As the country’s official language and the second most 
spoken Semitic language globally, following Arabic, written in 
the Ge’ez Fidel script as shown in the script in Figure 1, Amharic 
reflects Ethiopia’s rich cultural heritage [7,8]. The nation also 
hosts 12 UNESCO World Heritage sites [9]. Generating accurate 
Amharic captions for culturally rich images is challenging due 
to linguistic complexity and nuanced cultural contexts.

Image captioning seeks to generate accurate textual descriptions 
of images. Despite substantial progress in this domain, 
significant challenges remain, particularly for low-resource 
languages such as Amharic. A primary limitation lies in dataset 
preparation, as effective captioning models require large, high-
quality annotated corpora, which are scarce for underrepresented 
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languages. Ethiopian cultural heritage is underrepresented 
digitally due to limited policies, funding, infrastructure, and 
institutional support [10]. This scarcity hinders the ability to 
create robust models capable of capturing linguistic nuances 
and generating meaningful captions [11]. The lack of such 
datasets constrains progress in cultural heritage research and 
perpetuates the marginalization of low-resource languages in 
AI-driven image captioning. A second challenge lies in semantic 
inconsistency, where captions fail to capture the true essence 
of images. Despite advances in image captioning for languages 
like English, many models struggle with semantic accuracy, 
cultural sensitivity, and generalization to morphologically 
complex languages such as Amharic [12]. These models rely 
heavily on large-scale annotated datasets, which are scarce for 
under-resourced languages (ULs) and often lack standardized 
orthography, complicating data collection [13]. This study aims 
to bridge gaps in Amharic image captioning by developing a 
deep learning encoder-decoder model tailored to Amharic’s 
script and morphology, alongside creating a foundational image-
captioning corpus to advance linguistic inclusivity in AI. A third 
challenge involves generating contextually accurate captions 
from images, which remains difficult for morphologically rich, 
low-resource languages such as Amharic. Traditional CNN-
RNN architectures struggle with long-range dependencies, 
complex relationships, attention mechanisms, multi-modal data 
processing, and scalability [14]. In contrast, Attention-based 
models like Transformers outperform traditional architectures 
by dynamically weighting image regions and generalizing across 
languages. This study addresses challenges in low-resource 
languages by developing a context-aware Amharic image 
captioning model, enhancing visual accessibility, and advancing 
AI for underrepresented languages.

Our Key Contributions are:
•	 We propose a deep learning–based Amharic image 

captioning model for Ethiopian cultural heritage, supported 
by a curated dataset, tailored annotations, and preprocessing.

•	 We release an open cultural heritage image–caption dataset 
and integrate Explainable AI through visual attention maps 
for interpretability.

•	 We highlight research gaps in low-resource image 
captioning, offering insights for future ML research on 
underrepresented languages.

Figure 1: Example of an Image and its five Amharic Captions

Literature Review
This study reviewed existing literature to identify gaps and to 
develop optimized deep learning models for Amharic image 
captioning, enhancing accessibility to Ethiopian cultural heritage. 

Image captioning has evolved from ancient visual narratives, 
such as Ancient Ethiopian visual narratives, which are renowned 
for their integration of vivid paintings and inscriptions in Ge’ez 
or, later, Amharic, to modern AI systems that link images with 
text. As shown in Figure 2, this progression highlights the 
enduring human need to connect visuals with language, while 
current research addresses challenges such as cultural context, 
dynamic settings, and abstract concepts [15,16].

Image captioning methods have progressed from retrieval-
based to template-based approaches. Retrieval-based methods 
generate captions by matching images with similar ones in 
a database, but rely on large datasets to cover diverse queries 
[17]. Template-based methods, using predefined structures 
such as triplets or quadruplets, produce grammatically correct 
captions but lack flexibility and natural variability, making 
them unsuitable for Amharic’s morphological richness [18]. 
Both approaches struggle to produce detailed, context-rich 
descriptions, highlighting the shift to DNN-based encoder-
decoder architectures, which were originally used in machine 
translation for more state-of-the-art solutions [1].

Figure 2: An Ethiopian meal depicted through painting as a work 
of art The Amharic text at the top of the painting, “ ,” 
translates to “while eating food” [19]. Early efforts in image 
captioning combined Convolutional Neural Networks (CNNs) 
for visual feature extraction with Recurrent Neural Networks 
(RNNs) for sequence generation. For instance, the CNN-RNN 
framework demonstrated automated captioning and speech 
generation using Flickr8k, highlighting the potential for assistive 
applications [20,21]. Despite bridging visual-to-text translation, 
such models struggled to capture context-rich, human-like 
descriptions, revealing the need for advanced architectures like 
attention mechanisms and transformers.

The seminal work Show and Tell introduced CNN-LSTM-
based captioning, effective for English datasets [22]. However, 
its direct encoder-decoder linkage limited selective attention to 
image regions, constraining semantic richness. Similarly, a Hindi 
CNN-LSTM model improved BLEU scores through multilayered 
architectures but remained restricted by translation limitations 
[23]. These studies collectively underscore the limitations of 
traditional CNN-RNN/LSTM models in generating contextually 
nuanced captions.

Recurrent alternatives like Gated Recurrent Units (GRUs) and 
bidirectional GRUs have addressed efficiency and contextual 
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understanding the CNN-GRU hybrid incorporated a semantic 
validator for alignment between captions and images, 
achieving high BLEU, METEOR, ROUGE-L, and CIDEr-D 
scores on the MS COCO Dataset [24-26]. Yet, it still lacked 
attention or transformer integration, highlighting the trade-off 
between complexity and performance. Attention mechanisms 
revolutionized captioning, exemplified by Show, Attend, and 
Tell Allowing dynamic focus on relevant image regions and 
establishing a foundation for modern attention-based models 
[27]. Domain-specific applications extended these principles. 
For example, Bangladeshi cultural heritage captioning 
adopted CNN-LSTM architectures but underutilized attention 
mechanisms, while ARTalk for Chinese ceramics combined 
EfficientNet, CBAM, YOLOv3, and Knowledge Graphs to 
enhance cultural relevance [28,29]. Although ARTalk achieved 
high BLEU and CIDEr scores, challenges persisted in abstract 
pattern recognition and metaphor understanding. Similarly, 
captioning for Egyptian and Chinese art revealed that attention 
mechanisms may underperform in cultural heritage contexts, 
indicating the need for specialized architectural adaptations [30].

Region-specific studies for tourism Applied Efficient Net and 
Transformer-based architectures, demonstrating promising 
BLEU and METEOR results [31,32]. However, Direct 
translations in dataset preparation resulted in a lack of cultural 
richness and nuance. Language- specific works, including 
Assamese, Bangla and Nepali confirmed the utility of attention 
and transformer-based methods in low-resource settings but 
pointed to challenges in dataset size, annotation diversity, and 
cross-lingual translation [33-35].

Focusing on Amharic, the hybrid attention-based CNN-Bi-GRU 
model achieved a 21% 4G- BLEU improvement over baseline 
methods, showing the significance of domain-specific datasets 
and visual attention. Yet, reliance on automated translation may 
introduce cultural bias, necessitating larger and more diverse 
datasets. Transformer-based models for other low-resource 
languages, such as Urdu and Bengali End-to-end attention 
models capture long-range dependencies but are limited by 
small datasets and narrow multilingual coverage [34,36].

Studies reveal a clear progression from basic CNN-RNN/
LSTM models to attention-enhanced and transformer-based 
architectures, which are particularly effective in low-resource 
or culturally specific contexts. Despite these advances, three 
critical gaps remain: existing research rarely addresses Amharic 
or other Semitic low-resource languages; cultural heritage 
datasets for languages such as Bangla or Chinese art exist, yet 
Amharic heritage is largely underrepresented; and although 
transformer-based models achieve strong performance, their 
computational efficiency is crucial for deployment in Ethiopia’s 
resource-constrained settings. These challenges highlight the 
need for developing optimized Amharic image captioning 
models tailored to Ethiopian cultural heritage.

Methodology
Dataset Collection, Description, and Annotation Quality
The study employed a domain-specific Amharic dataset curated 
from authentic sources (e.g., UNESCO, Visit Ethiopia) to capture 
Ethiopia’s cultural heritage. Unlike general datasets (e.g., MS 

COCO, which provides broad coverage, domain-specific 
data ensures culturally relevant annotations, but also poses 
challenges in bias, precision, and generalizability, particularly 
in low-resource language contexts [36]. The dataset comprises 
4,258 Ethiopian cultural heritage images annotated with 21,290 
Amharic captions, covering attire, food, festivals, landmarks, 
daily life, handicrafts, performing arts, and natural landscapes. 
Expert-guided annotations ensured cultural authenticity 
and linguistic accuracy, making the dataset a balanced and 
representative resource for Amharic image captioning. The 
dataset is filtered to retain only high-resolution, culturally 
authentic images, excluding blurred or watermarked content. 
Annotation involved 4,258 images labeled by Amharic speakers 
and cultural experts using a structured framework that ensured 
both descriptive accuracy and cultural relevance. Each image is 
annotated with five captions to capture diverse perspectives and 
enrich semantic depth, following best practices [37].

Data Preprocessing
Image Processing
For Amharic ECH captioning, preprocessing ensures images are 
suitable for feature extraction through resizing, noise removal, 
and enhancement. Images were resized to match model-specific 
input sizes (e.g., ResNet/VGG: 224×224, Xception: 299×299). 
Enhancement techniques, including histogram equalization and 
sharpening, improved contrast and fine details, ensuring clearer 
cultural features for caption generation. Feature extraction 
transforms preprocessed images into rich visual representations 
for captioning, in which pre-trained CNNs (VGG16, ResNet50, 
EfficientNet, Xception) are employed. CNN layers captured 
hierarchical features (textures, structures, semantics), while 
Transformers modeled global dependencies. Hybrid CNN-
Transformer approaches further enhanced feature richness [38]. 
These extracted features serve as robust inputs for generating 
accurate and context-aware Amharic captions.

Text Preprocessing
Text preprocessing is essential for Amharic captioning due to 
its complex morphology [39]. Key steps include: (i) short form 
expansion, where abbreviations are simplified and numbers 
expressed in words for clarity; (ii) character normalization, 
unifying orthographic variants such as  and  to reduce 
redundancy; (iii) punctuation handling, standardizing or 
removing symbols that add noise; (iv) tokenization and padding, 
converting captions into word sequences and aligning lengths 
for model input; and (v) vocabulary optimization, applying a 
frequency threshold to balance richness and efficiency. Analysis 
shows most captions fall between 7–13 words, ensuring concise 
yet expressive descriptions, with a frequency threshold of 2 
yielding the best trade-off between vocabulary size and cultural 
representation.

Experimental Design
The study proposes a deep learning approach for accurate, 
culturally relevant Amharic captioning of Ethiopian heritage 
images. Formally, given an input image I, the model aims to 
generate a caption W = (W₀, W₁, …, Wₙ), where each word Wₜ is 
predicted based on the image features and previously generated 
words, maximizing the conditional probability P(Wₜ | I, W₀, …, 
Wₜ₋₁). The architecture employs CNNs (ResNet50, VGG16, 
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InceptionV3, EfficientNet) for robust visual feature extraction, 
feeding RNN decoders (LSTM, GRU) enhanced with Bahdanau 
and Luong attention to generate contextually aligned Amharic 
captions. To enhance fluency and coherence, a Transformer-
based decoder is integrated, aligns them with caption tokens, 

and RNNs with attention refine sequence generation, yielding 
culturally accurate, semantically rich Amharic captions. Like 
this flow: Image → CNN/ → RNN + Attention/Transformer 
Decoder → Amharic Caption as depicted in in Figure 3.

Figure 3: Amharic ECH Image Caption Generation Model

Experimental Results and Discussion
The proposed Amharic ECH image captioning model is 
developed and evaluated using 4,258 culturally rich image-
caption pairs on Google Colab with GPU support. Images were 
preprocessed through resizing and normalization, while Amharic 
captions underwent tokenization, character-level normalization, 
and subword encoding to handle linguistic complexity. Three 
deep learning architectures, CNN+LSTM, CNN+GRU with 
attention, and CNN+Transformer, are trained and compared 
using multiple train-test splits to assess performance. Standard 
evaluation metrics such as BLEU, METEOR, ROUGE-L, and 
CIDEr were employed to measure the models’ ability to generate 
accurate and contextually meaningful captions.

Experiment Results
The experiments are organized sequentially to isolate the 
contribution of each component. We first examined the effect of 
dataset partitioning, testing multiple splits (80:15:5, 80:10:10, 
70:15:15, and 60:20:20) using a ResNet50–LSTM as a baseline 
model. The 70:15:15 configuration consistently outperformed 
the alternatives, achieving the strongest BLEU, ROUGE, and 
CIDEr scores with balanced METEOR performance. Although 
the 80:10:10 split gave a slightly higher BLEU-3, the difference 
was negligible, while the 60:20:20 configuration performed the 
weakest due to reduced training data. Consequently, a 70:15:15 
data split ratio is adopted for subsequent experiments.

We then developed a benchmark using custom CNNs trained 
from scratch with varying feature dimensions (128, 256, 512) 
fused with an LSTM decoder. All models performed poorly, 
confirming that CNNs trained on limited datasets cannot capture 
robust representations, leading to weak caption quality. This 
result reinforced the necessity of pretrained CNNs for effective 
captioning in low-resource contexts, motivating the adoption of 
VGG16, ResNet50, and InceptionV3 as encoder backbones.

Next, we explored whether classical image enhancement methods, 
including histogram equalization, CLAHE, and sharpening, 
could improve captioning quality. Despite producing visually 
sharper images, these methods yielded minimal or negative 
gains, indicating that pretrained CNNs already incorporate 
operations akin to contrast normalization and noise reduction. 
We therefore proceeded with raw or minimally processed 
images. At this stage, several pretrained CNNs were compared. 
VGG16 emerged as the best overall trade-off between quality 
and efficiency, ResNet50 provided superior long-sequence 
fluency, and ResNet101 delivered semantically rich captions at 
higher computational cost. MobileNetV2 and EfficientNetB0 
proved more efficient but with modest accuracy, suggesting their 
suitability for resource-constrained environments.

Finally, we evaluated decoder architectures. LSTM, GRU, 
Bi-LSTM, and Bi-GRU models were paired with VGG16 
and ResNet50 encoders. GRU- and LSTM-based models 
consistently outperformed their bidirectional counterparts, which 
underperformed due to incompatibility with autoregressive 
captioning. Among the configurations, ResNet50–GRU 
delivered the strongest BLEU-4, METEOR, and CIDEr scores 
and converged more efficiently than the other alternatives, while 
VGG16–LSTM performed competitively in ROUGE metrics. 
These findings highlighted the importance of encoder–decoder 
compatibility, leading us to select ResNet50–GRU as the 
preferred configuration for subsequent experiments.

Continuing from the experimental analysis, we performed 
hyperparameter tuning to further refine the ResNet50-GRU 
architecture, targeting improvements in BLEU, METEOR, 
ROUGE-L, and CIDEr. An initial search explored embedding 
size, GRU units, dense layer size, dropout, L2 regularization, 
learning rate, batch size, and optimizer choice. Bayesian 
optimization with Optuna was employed for efficiency, 
leveraging pruning and early stopping across 19 trials [40]. The 
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best candidate (embedding_dim = 512, GRU = 512, dense_
units = 256, dropout = 0.3, L2 = 2.43e-5, learning rate = 0.001, 
batch size = 16, Adam optimizer) achieved strong performance 
but showed signs of overfitting beyond epoch 8 and plateaued 
despite extended training. A refined configuration, derived 
through trial-and-error, reduced complexity and improved 
stability, with embedding_dim = 128, GRU = 128, dense_units = 
128, dropout = 0.5, L2 = 1e-4, learning rate = 0.0001, batch size 
= 32, and Adam optimizer. This final setup yielded more robust 
generalization and consistent convergence, demonstrating the 
importance of balancing model capacity with regularization in 
low-resource Amharic captioning tasks.

Results of Baseline Optimized Model (ResNet50-GRU)
The baseline optimized ResNet50-GRU model (vocabulary size: 
8,736; max caption length: 23) using Greedy and Beam Search 
decoding strategies. Beam Search with a width of 3 slightly 
outperformed Greedy in BLEU (e.g., B1: 0.5096 vs. 0.5016) and 
METEOR (0.2093 vs. 0.2009), indicating modest improvements 
in caption quality. However, Beam Search incurred substantially 
higher inference times (Val+BLEU: 1,387.97s vs. 187.49s). 
Increasing the beam width to 5 yielded negligible gains, while 
further increasing the computation time. These results highlight 
a trade-off between accuracy and efficiency, suggesting Beam 
Search with beam width (BW=3) for quality-focused tasks and 
Greedy Search for scenarios prioritizing speed.

Table 1: Baseline Model Performance Comparison of Greedy Search and Beam Search (Beam Width= 3)
Method B1 B2 B3 B4 R1 R2 MET CIDEr

Greedy 0.5016 0.2961 0.1868 0.1139 1.0000 1.0000 0.2009 0.2760
(BW=3) 0.5096 0.2993 0.1917 0.1196 1.0000 1.0000 0.2093 0.2692

For Table 1, B1-B4 represent BLEU-1 to BLEU-4 scores, R1–
R2 represent ROUGE-1 and ROUGE-2 scores, MET is the 
METEOR score, and CIDEr is the Consensus-based Image 
Description Evaluation metric.

Beam Search (beam width = 3) yielded slightly better BLEU 
and METEOR scores than Greedy Search but at a much higher 
computational cost. Given its speed efficiency, Greedy Search is 
more suitable for real-time or resource-constrained applications 
despite the minor performance trade-off. As shown in Figure 6, 
over 50 epochs, the model shows a sharp early loss reduction 
(epochs 0-10) followed by stable convergence, with a small 
train-validation gap indicating strong generalization. Accuracy 
improves consistently, with training slightly ahead of validation, 
suggesting further gains with longer training. The baseline 
model trained efficiently, converging in ~4,824 s (~1.34 h).

Apply An Attention Mechanism to the Proposed Model
We integrated Bahdanau soft attention into the ResNet50-GRU 
model, reshaping ResNet50’s conv5_block3_out features into 
49×2048 patches for fine-grained focus. Caption tokens (128- 

dim embeddings, GRU-128) were combined with attention-
weighted context vectors and processed via ReLU, batch 
normalization, and dense layers before softmax prediction. 
Trained with Adam (1e-4), the model achieved BLEU-1/4 scores 
of 0.4792/0.0902, ROUGE-1/2 of 0.9891/0.9673, METEOR 
0.1802, and CIDEr 0.1912, reflecting strong semantic capture 
but limited higher-order precision. Attention visualizations 
further improved interpretability by highlighting image regions 
influencing each word prediction.

Figure 4: Baseline Model Training Performance: Loss and 
Accuracy plot.

Table 2: Experimental Result of Bahdanau (Additive) Attention in Image Captioning
BLEU- 1 BLEU- 2 BLEU- 3 BLEU- 4 ROUGE- 1 ROUGE- 2 METEOR

0.4792 0.2547 0.1549 0.0902 0.9891 0.9673 0.1802 0.1912

The results show that the model captures meaningful structure 
and semantics in captions, though higher-order n-gram precision 
(BLEU-3/4) remains limited, an expected outcome with 
attention-based models on small datasets. The added attention 
visualization (as shown in Figure 5) further strengthens 
interpretability by revealing how image regions influence each 
predicted word, thereby clarifying the link between visual and 
linguistic features.

Figure 5 illustrates the attention-based captioning model applied 
to two images: a brass horn, where the model focuses on key 
parts like the bell and chain to generate the Amharic caption “

” (“Ethiopian traditional 
musical instrument, the trumpet”), and an elderly man in 
traditional attire, with attention on his face, hat, and clothing 
producing “ ” (“Gada system in 
traditional hair styling”). These visualizations demonstrate 

how the model selectively attends to relevant regions during 
word prediction. Training and validation metrics show steadily 
increasing accuracy and decreasing loss, with a slight gap between 
training and validation accuracy indicative of generalization 
rather than overfitting, suggesting that continued training or 
hyperparameter tuning could further enhance performance. 
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Figure 5: Predicted Captions with Attention Visualization

Figure 6 depicts the model’s training progress over 40 epochs, 
showing a steady decline in both training and validation loss 
alongside a consistent rise in training and validation accuracy, 
indicating effective learning and improved performance, with 
convergence patterns suggesting minimal overfitting.

Figure 6: Model Performance: Training and Validation Loss and 
Accuracy Curves

Apply the Transformer Decoder on the Proposed Model
In this experiment, we built an image captioning model by 
combining a ResNet-50 encoder and a Transformer decoder 
to balance visual feature extraction with long-range sequence 
modeling. The encoder is pretrained on ImageNet, modified 
with a projection and Layer Normalization, and adapted for 
Grad-CAM explainability. The transformer model is configured 
with an embedding size of 256, a hidden size of 512, 4 attention 
heads, 3 layers, a maximum sequence length of 23, trained for 
28 epochs with a learning rate of 1e-4. The Transformer decoder 
employed multi-head attention, positional encoding, and causal 
masking for autoregressive generation. Trained end-to-end with 
a frozen encoder, the model achieved BLEU-1 to BLEU-4 scores 
of 0.4078, 0.2768, 0.2052, and 0.1634, respectively, reflecting 
strong word-level accuracy with natural decline at higher 
n-grams. Captions were generally fluent and coherent, with 
occasional semantic drift, and attention visualizations confirmed 
effective grounding of language in visual regions. Overall, the 
results highlight robust generalization and contextual relevance 
despite dataset limitations as presented in Figure 7.

Figure 7 shows the strengths and limitations of the Transformer-
based model. Image A was accurately captioned, reflecting 
traditional Ethiopian cotton spinning. Image B’s caption was 
generic and failed to identify the Oromo Gada elder. Image C 
recognized a work of art but missed the specific woven basket 
(mesob), and Image D broadly described Ethiopia’s cultural 
heritage without specifying the Lalibela rock-hewn churches. 
Overall, captions were well- structured and contextually relevant 
but sometimes lacked specificity, highlighting the model’s data 
demands and the dataset’s heterogeneity.

Figure 7: Sample images with captions generated by the 
Transformer decoder model.

Result Discussion and Comparative Analysis of all Models
In this study, we compared three image captioning encoder-
decoder architectures: (1) ResNet50–GRU baseline, (2) 
ResNet50–GRU with additive visual attention, and (3) 
ResNet50–Transformer Decoder. The BLEU scores for each 
model are summarized in Table 3 below.

Table 3: BLEU Score Comparison of Image Captioning 
Models

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4
ResNet50–GRU 
Baseline 0.5096 0.2993 0.1917 0.1196

ResNet50–GRU 
+ Additive 
Attention

0.4792 0.2547 0.1549 0.0902

ResNet50–
Transformer 
Decoder

0.4078 0.2768 0.2052 0.1634

The evaluation highlighted trade-offs among the models. 
ResNet50–GRU achieved the highest BLEU-1 and BLEU-2 
scores but lagged on BLEU-3 and BLEU-4. GRU with additive 
attention performed slightly worse, likely due to overfitting. The 
Transformer excelled in BLEU-3 and BLEU-4, capturing long-
range dependencies, but had lower BLEU-1 and BLEU-2 scores 
and higher computational cost. Beam search slightly improved 
results at the expense of speed. Overall, the Transformer 
generated richer captions, while ResNet50–GRU was more 
efficient for real-time deployment.

Comparison Of the Caption Quality of Our Model and A 
Large Language Model (Llm)
It is worth noting that recent advances in Large Language Models 
(LLMs) offer new opportunities for image captioning, including 
for LRLs such as Amharic. LLMs can generate contextually 
rich and semantically coherent captions by leveraging 
extensive pretraining on large text corpora. To explore this, 
we experimented with Google Gemini by uploading an image 
(Figure 5.7) and using the prompt, “Generate a caption for this 
image.” The model produced captions that emphasized general 
features such as color, mood, or setting, for example, “A vibrant 



Copyright © Simachew Alamneh, et al.

Open Access J Artif Intel Tech, 2026

 Volume 2 | Issue 1

www.oaskpublishers.com Page: 7 of 9

orange outfit brings joy and highlights the charm of its traditional 
setting.”

In contrast, our proposed model generates concise, culturally 
specific captions, such as “  (Gurage 
traditional dress),” accurately identifying the attire worn by 
the Gurage community. This highlights our model’s ability to 
capture domain-specific cultural knowledge rather than focusing 
on general descriptive or emotional aspects. While LLMs 
hold promise for richer, more elaborate captioning, their high 
computational requirements can limit practicality for mobile or 
resource-constrained applications.

Figure 8:  Comparison of generated captions: our model vs. 
Google Gemini LLM

Comparative Analysis with Other Studies
Our model shows promising performance on the ECH dataset 
(4258 images) spanning diverse cultural themes. Despite a 
BLEU-4 of 0.1196, lower than the Local SOTA Hybridized 
Attention model on Flickr8k (0.388), this result is notable given 
the high vocabulary size (8,736 tokens), long captions (up to 23 
tokens), and the morphological complexity of Amharic as a low-
resource language [1]. As Table shows, specialized datasets like 
Ancient Artworks Captioning (BLEU-4 = 0.25) and low-resource 
Arabic models (BLEU-4 ≤ 0.092) also struggle, highlighting the 
challenge of generating culturally and semantically appropriate 
captions. Specific datasets often fail to generalize to new domains, 
as they rely on patterns unique to their training data, leading to 
performance drops in different contexts [41]. Our model benefits 
from multiple captions per image, capturing diverse cultural 
perspectives and producing contextually meaningful outputs. 
While there remains a gap with global SOTA in generic image 
captioning (BLEU-4 > 0.4), our low-resource, low-computation 
approach demonstrates the feasibility of heritage-focused 
captioning. This work provides a foundational benchmark, and 
future improvements could leverage attention mechanisms, 
bidirectional layers, or transformer-based architectures while 
preserving domain specificity.

Table 4: Comparative Analysis with Other Studies

Study Dataset Dataset 
Type Dataset Size Captions 

per Performance (BLUE Score)	 Notes / Remarks

Image B-1 B-2 B-3 B-4
[42] Ancient 

Artworks
Specific 17,940

images Up to 5 0.42 0.33 0.28 0.25 English; LSTM-MC-OUT; focuses on 
historical and symbolic meanings.

[43] Arabic- COCO 
+Arabic 
Flickr8k

General 88,783
images

5 (COCO)
, 3 0.39 0.24 0.15 0.09

Arabic; OSCAR with AraBERT; 
uses object tags; needs native Arabic 
datasets.

[44] Arabic Flickr8k General 8,000 images (Flickr8 k)
3 0.36 0.21 0.12 0.06 VGG16 + GRU; Preprocessing 

emphasis; small dataset limitation.
Local 
SOTA 
[1]

Flickr8k 
dataset

General
8,000+mages 5 0.61 0.50 0.43 0.38

CNN + visual attention + Bi- GRU 
trained on translated English captions.

Our 
model

Amharic ECH Specific 4258 images 5 0.509 0.299 0.191 0.119 low-resource baselines; cultural heritage 
focus.

Abbreviations: B1–B4 = BLEU-1 to BLEU-4

Conclusions and Future Work
This study addressed the challenge of generating Amharic image 
captions for Ethiopian cultural heritage using deep learning, 
focusing on dataset creation, model evaluation, and practical 
deployment for heritage and tourism applications. A dedicated 
dataset of 4,258 images with 21,290 culturally relevant captions 
was developed, mitigating the scarcity of labeled data and 
addressing the linguistic complexity of Amharic. Evaluation 
using BLEU, ROUGE, METEOR, and CIDEr revealed that 
no single metric fully captured cultural accuracy. Among CNN 
encoders, ResNet50 provided the best balance of feature quality, 
efficiency, and performance. The ResNet50–GRU baseline 
achieved the highest BLEU scores and was practical for real-
time deployment, while the Transformer produced richer 
captions at higher computational cost, highlighting the trade-off 
between descriptiveness and efficiency.

For future work, expanding and diversifying datasets is essential 
to improve generalization and reduce bias. Developing bilingual 
or multilingual captioning systems in Amharic, English, and 
other local languages could broaden accessibility and tourism 
impact. Integrating speech synthesis with text captioning may 
enhance inclusivity for visually impaired or low-literacy users. 
Additionally, exploring fully Transformer-based end-to-end 
architectures holds potential for improved performance by 
jointly learning visual and linguistic representations. These 
directions can foster more accurate, accessible, and culturally 
rich captioning systems, supporting the preservation and 
promotion of Ethiopian cultural heritage through technology.
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