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Abstract:  MASID (Mobile Artificial-Intelligence System for Image-Based Dish Generation) is an 
Android application designed to generate unique Filipino recipes from images of available 
ingredients.  The study addresses common challenges faced by local eateries and households, such 
as limited menu variety and food waste, through an AI-powered solution. The system combines a 
small object detection model, YOLOv12s, to detect ingredients and a fine-tuned small language 
model, Qwen 2.5 7B, to produce step-by-step recipes. In performance tests, MASID registered a 
mean Average Precision (mAP) of 96.7%, 94.2% precision, and 93.8% recall in 34 Filipino food classes. 
Recipes produced by MASID complied with carinderia constraints, presenting simplified, 
economical, and ingredient-efficient dishes. Recipe generation produced coherent, context-aware 
outputs aligned with carinderia constraints, such as simple steps and minimal ingredients. The 
application maintained an end-to-end average runtime of 20–30 seconds, enabling real-time 
interaction. A Flask-based backend was used for communication and data handling, while the user 
interface was developed in Flutter to ensure ease of use. These results demonstrate MASID’s 
potential to create unique Filipino recipes tailored to carinderias or households with the help of AI.  
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1. INTRODUCTION 
Filipino cuisine, with staples like adobo, sinigang, and 
pancit, showcases the culture's creativity and local 
resourcefulness. However, many households and small 
businesses struggle with meal planning and recipe 
innovation due to time constraints, limited resources, 
and technological access (World Wide Fund for Nature 
[WWF], 2024). This often results in food wastage, fast 
food dependence, and missed culinary opportunities, as 
regional contexts and ingredient limitations are rarely 
addressed by online platforms. 
  
Local carinderias and home kitchens face deeper 
challenges, such as low access to digital tools and lack 
of nutritional awareness, hindering culinary creativity 
and leading to repetitive meals. MASID (Mobile 
Artificial-Intelligence System for Image-Based Dish 

Generation) tackles these issues by utilizing 
advancements in computer vision and language 
modeling to provide a personalized and culturally 
relevant cooking experience.  
  
With features like image-based ingredient detection and 
AI-generated Filipino recipes, MASID allows users to 
create new dishes from limited ingredients. Designed for 
small eateries and households, it employs a lightweight 
object detection model and a fine-tuned language model, 
ensuring efficiency even on low-power devices. The app 
emphasizes accessible technology and user feedback, 
promoting community engagement, cultural 
preservation, and sustainable cooking practices. 

 

 



 
2.  PRIOR WORKS 
2.1 Ingredient Detection and Recognition 
Systems 

AI systems have significantly improved in 
recognizing ingredients using object detection models. 
NutrifyAI by Han et al. (2024) combined YOLOv8 and 
Edamam API to recognize food items and provide 
nutritional information. However, it is limited by class 
imbalance issues and prediction uncertainty due to 
visually similar food categories and low confidence 
scores. These studies highlight the potential of AI 
models but also reveal limitations for more complex and 
diverse Filipino dishes. 

Other works, such as Chef Dalle by Hannon et 
al. (2024) and Smart Cuisine by Kansaksiri et al. (2023), 
have explored multimodal inputs like image, voice, and 
text for ingredient recognition and meal suggestions. 
While these systems offer high interactivity and 
flexibility, they rely heavily on pretrained models like 
GPT-Vision, which could not adapt well to regional 
cuisines like Filipino dishes due to cultural limitations in 
their training.  

These existing solutions show crucial gaps in 
regional coverage, dataset variety, and model 
generalization. This research aims to solve this problem 
with a lightweight, high-accuracy ingredient detection 
model catered to Filipino ingredients. 

 
 

2.2 Recipe Generation Models 
Recent models like Ratatouille by Goel et al. 

(2022) and FIRE by Chhikara et al. (2024) leverage deep 
learning to generate cooking instructions, titles, and 
ingredients using architectures like GPT-2, Vision 
Transformers, and T5. While FIRE enabled structured 
and customizable outputs, it struggled with coherence 
when generating novel recipes outside of its training 
data. Likewise, Ratatouille lacked details on the 
ingredient quantity and occasionally produced 
incoherent steps. 

Leveraging language models has its challenges. 
Vij et al. (2025) conducted a benchmark study on the 
performance of small language models (SLMs) in recipe 
generation. Using the Food.com dataset of over 180,000 
recipes, they fine-tuned models like FPT-2 small, 
T5-small, SmolLM-135M, and larger variants like 
SmoLM-1.7B and Phi-2 through QLoRA adapters to 
manage memory constraints. Interestingly, some large 

models showed degradation in specific metrics 
post-fine-tuning. This suggests that size does not 
guarantee improved domain performance.  
 
3.  METHODOLOGY 
3.1 Data Gathering 

The ingredient dataset includes several Filipino 
ingredients acquired through webscraping several online 
Filipino recipe websites, and open platforms like 
Roboflow, or self-taken images. Table 1 shows the 
summarized sources for the datasets used. 

 

Table 1: Dataset Sources 
 
Below are the recipe data used for SLM training: 
(1) Recipe name, (2) Preparation Time, (3) Cook Time, 
(4) Total Time, (5) Servings, (6) Ingredients, (7) 
Instructions, (8) Description. The sample recipe data is 
shown in Figure 1. 

 
Fig. 1: Recipe Data 

The total number of Filipino Recipes that were used for 
this study is 100 recipes, while the ingredients included 
in the dataset comprise 42,664 images and 34 Filipino 
Food classes that is shown in Table 2. 



 

 
Table 2: Ingredient Classes 

 
3.2 Data Cleaning/Filtering 
Over 60,000 raw images of Filipino ingredients were 
collected from Roboflow and personal photos. These 
images underwent manual annotation using bounding 
boxes in Roboflow Annotate, with strict adherence to 
guidelines to prevent mislabeling. A verification step 
followed to correct inconsistencies. The dataset was 
formatted into YOLO-compatible labels with normalized 
coordinates and divided into training (70%), validation 
(20%), and test (10%) sets, resulting in a balanced final 
dataset of 42,664 images.  
  
Additionally, a survey of 21 carinderia owners 
established criteria for filtering a dataset of 2,000 
Filipino recipes from various websites. These criteria 
defined requirements related to preparation and cooking 
times, as well as ingredient types, ensuring that the 
dataset complies with carinderia standards and enabling 
the fine-tuned model to generate appropriate recipes. 
 

3.3 System Architecture 

 

 
Fig. 2: System Architecture 

 
The system is designed for ingredient 

recognition and recipe generation using AI and web 
technologies. Users upload an image of their ingredients 
via a Flutter mobile app. The image is processed with 
the SODM algorithm for classification, and the identified 
ingredients are sent to SLM for recipe generation. User 
feedback is managed by a Flask backend hosted on 
Railway, with RESTful API facilitating communication 
between the Android app and the server. 
 

 

3.4 Small Object Detection Model 
The figure below shows the Small Object 

Detection Life Cycle used in the development of the 
SODM. 

Fig. 
3: Small Object Detection Life Cycle 

 
This research utilizes small object detection 



 
models including Roboflow Object Detection (fast), 
Roboflow YOLOv11/12 (fast), and manually trained 
YOLOv8, 11, and 12 models, based on a CNN 
architecture with a custom dataset of Filipino food 
ingredients filtered from carinderia criteria. Due to 
Google Colab’s constraints, smaller variants (YOLOv8s, 
YOLOv11s, YOLOv12s) were considered, with YOLOv12s 
selected for optimal performance, using 39.9/83.5GB of 
System RAM, 35.7/40.0GB of GPU RAM, and 
40.9/235.7GB of DISK. 

 
The model is trained on 29,000 images (with 

4,630 for validation), resizing each to 640×640 pixels. 
Training lasts for 50 epochs with a batch size of 128 and 
the AdamW optimizer, incorporating mixed precision 
training for efficiency, along with in-memory caching to 
reduce lag. Once trained, the YOLOv12 model outputs 
bounding boxes with class labels (e.g., 'ampalaya', 
'chicken') and confidence scores for integration into an 
Android application via Roboflow’s API. 
Table 3: Comparison of Trained SODM 

Model 
Size 

Batch 
Size 

Training 
Time 

(Hours) 

Compute 
Units 
Used 

Cost  Per 
Single 
Train 
(USD) 

Cost  Per 
Single 
Train 
(PHP) 

Small  128 6.67 60 $6 ₱348 

Medium  65 16 144 $14.40 ₱835 

Large  32 30 270 $270 ₱1,566 
 

 

Fig. 4 Hardware Usage Rate of Training a 

(small-model) using Nvidia A100 GPU 
 

Figure 4  shows typical RAM and GPU usage 
Training a small YOLOv12s model on a single NVIDIA 
A100 GPU in Google Colab Pro is more practical than 
medium or large models due to lower computational 
needs and costs. A small model takes about 6.7 hours 
and costs $6 or ₱348, while medium models take around 
16 hours and cost $14.40 or ₱835, and large models 
require about 30 hours and cost $27 or ₱1,566. Smaller 
models also allow for quicker iterations and reduce the 
risk of session crashes, making them ideal for MASID’s 
mobile recipe detection application.​
 

3.5 Small Language Model 
The fine-tuning process started with a corpus of around 
60,000 recipes from Food.com, cleaned into a CSV 
format by removing duplicates and incomplete rows. 
Key features for the model included recipe name, 
prep/cook time, servings, ingredient list, and 
instructions. This cleaned dataset was uploaded to 
Hugging Face for easy access. 
 
Each recipe was reformatted into the Alpaca style with 
“Instruction,” “Input,” and “Response” to help the model 
transform ingredient lists into full recipes. Researchers 
utilized the Qwen-2.5 7B model, applying Low-Rank 
Adaptation (LoRA) with rank and scaling factors of 16, 
allowing less than 0.5% of the network's parameters to 
be trainable. The primary model's weights stayed frozen 
while the LoRA matrices learned recipe specifics. 
 
After a general pre-training phase, which included 
recipes from approximately 2,000 Filipino dishes, the 
model was further refined. Filipino recipe data was 
gathered from diverse sources, filtering for main 
ingredient names and excluding basic pantry items. 
Utilizing this dataset, the model was retrained in the 
Alpaca format to generate comprehensive recipes based 
solely on the primary ingredients. 

SYSTEM_INSTRUCTION = ( 
    "You are a Filipino chef specialized in unique Filipino karinderya-style " 
    "recipes. Follow these rules:\n" 



 
    "1. Do NOT require the following tools: blender, food processor, mixer, " 
    "pressure cooker, air fryer, microwave, sous vide, torch.\n" 
    "2. Effort level must be simple: Prep time 10–20 min, Cook time 10–20 min, " 
    "Total active time  must be at most 1 hour (longer passive simmering 
allowed).\n" 
    "3. Return the fields in this order:\n" 
    "Recipe name, Prep time, Cook time, Total time, Servings, " 
    "Full Ingredients (numbered list), Instructions (numbered list), " 
    "Description (1–2 sentences)." 
) 
 
alpaca_prompt = ( 
    "Below is an instruction that describes a task, paired with an input that " 
    "provides further context. Write a response that appropriately completes the 
request.\n\n" 
    "### Instruction:\n{}\n\n### Input:\n{}\n\n### Response:\n{}" 
) 
 
user_input = ( 
    "Generate a unique Filipino karinderya recipe using: " 
    "pork belly, onion, garlic, shrimp paste, thai chili peppers, coconut cream " 
    "Format ingredients and instructions as numbered lists." 
) 

Listing 1: Dataset Format 
​ The instructions incorporate the karinderya 
setting, requiring the model to generate only recipes that 
adhere to these rules: they must be prepared within an 
hour and should not require uncommon appliances that 
are typically unavailable in Filipino households. 

 

3.6 Food Safety and Recipe Standardization 
The application will guarantee that every time 

it generates a recipe with the same ingredients, it 
provides a standardized result, meaning users can 
expect a reliable, consistent, and user-friendly recipe 
when using the application. The recipe standardization 
of the United States Department of Agriculture (USDA) 

is composed of three (3) phases: recipe verification - 
identifying the recipe, sourcing the ingredients, and 

writing the recipe in detail. Recipe evaluation (tasting) - 

informal evaluation, formal evaluation; and Quantity 

adjustment - ensure that even if the ingredient quantity 
is adjusted, the recipe remains proportionate and 
delivers the same results. 
 
In addition, quality control will be implemented after the 
recipe standardization to ensure the safe consumption 
of the recipes generated. Safety measures are based on 
the Hazard Analysis & Critical Control Points (HACCP) 
that are established by the Food and Drug 

Administration (FDA). This is done through fine-tuning 
and prompt engineering. 

 

3.7 Mobile Application Integration 

Mobile Frontend Architecture 
The mobile application, developed using Flutter, takes 
advantage of its cross-platform capabilities and material 
design guidelines. Each prominent feature is accessed 
through separate screens: the Home screen features a 
split design, while the Image Capture and Camera 
screens allow image capture or selection via the 
ImagePicker package. The Inventory screen lets users 
manage ingredients, and the Conversations screen 
presents recipes in a chat-like interface, enabling users 
to favorite, share (with optional dish photos), and rate 
recipes. Each UI module is contained in its own Dart file 
(e.g., home.dart, camera.dart) for modularity and 
maintainability. 
Backend Integration 

The mobile application interacts with a 
Flask-based RESTful API that serves as a data hub. 
When users capture or upload a photo, it’s encoded in 
Base64 and sent via an HTTP POST request. The server 
processes the image using a YOLO-based small object 
detection model, returning the image with bounding 
boxes and a list of detected ingredients. These 
ingredients are then sent to another API endpoint, where 
a fine-tuned small language model generates a 
personalized Filipino recipe. User interactions like 
favoriting, sharing, and rating recipes are tracked and 
stored in a PostgreSQL database through additional 
Flask endpoints. The backend runs on Railway Cloud, 
ensuring fast performance and reliable data storage with 
effective error handling and caching for real-time 
responsiveness. 
 
Standards and Overall Integration 

The entire process of integration is in 
accordance with best practices laid out in ISO/IEC 25010 
and ISO 9241-210, and it focuses on usability, efficiency 
in performance, and user experience. The user interface 
of the mobile app is consistent and simple, making it 
easy for even a new user to navigate through the system.  
 

4.  RESULTS AND DISCUSSION 
The ingredient detection component of MASID 

achieved significant performance improvements through 



 
progressive model refinement. The initial chosen model 
to be deployed in MASID is the Roboflow 
YOLOv12-based object detection model, which attained 
a mean Average Precision (mAP) of 96.7%, with a 
precision of 94.2% and recall of 93.8%, surpassing the 
target thresholds of 75% mAP, 78% precision, and 73% 
recall. 

Table 4: Comparison of Trained SODM 

Model mAP Precision Recall 
COLAB 

YOLOv11s 96.7% 94.2% 93.8% 

RF-YOLOv11s 88.3% 88.5% 85.8% 

RF-YOLOv12s 96.7% 88.5% 90.4% 

Roboflow 3.0  88.3% 83.9% 86.3% 
COLAB 

YOLOv8s 88.4% 85.4% 83.7% 

RF-DETR 90.6% 96.0% 89.0% 
 
Comparative evaluation with prior systems reveals 
MASID's advantage. Previous studies achieved an 
average mAP of 78.5% and recall of 72.8% using only 13 
ingredient classes, whereas MASID was trained on a 
more diverse set of 34 ingredient classes and achieved 
higher performance scores​ .  

 

Fig. 5: SODM Training Loss Graph 
 

The end-to-end object detection process, 
including upload, prediction, and bounding box 
generation, consistently maintained an average runtime 
of 20 to 30 seconds, aligning with the system's objective 
of real-time responsiveness for recipe generation. 

For the finetuned small language model, shown 
below are the BLEU and ROGUE results: 

 
Evaluation using General Recipe Dataset 

Model BLEU-4 ROGUE-L 

Qwen 2.5 7B 0.1520 0.3786 

Qwen 2.5 7B 
(finetuned) 

0.3208 0.4367 

Table 5: Baseline Model and Finetuned Model 
comparison using BLEU and ROGUE 

In recipe generation, where both correct 
ingredient wording and inclusion of all necessary steps 
matter, the two metrics, BLEU and ROGUE, provide 
concise proxies for usefulness without requiring manual 
judgement. Comparing the baseline model to the 
fine-tuned model, BLEU-4 rises from 0.152 to 0.321 and 
ROGUE-L improves slightly from 0.379 to 0.437. The 
large gain in BLEU dictates that the fine-tuned model 
reproduces many more exact n-gram fragments found in 
the recipes. This suggests that the fine-tuned model 
generated better ingredient names, quantities, and 
conventional culinary phrases. The ROGUE-L dictates 
that the overall sequence and coverage of key 
information were already reasonable in the baseline and 
have been refined. These results show that the 
fine-tuning process polished lexical accuracy and 
phrasing while delivering a smaller improvement in 
holistic recipe completeness and order. The comparison 
of the model evaluated to the test set of the Filipino 
recipe dataset is shown in the table below: 

Evaluation using Filipino Recipe dataset 

Model BLEU-4 ROGUE-L 

Qwen 2.5 7B 
(finetuned) 

0.0798 .2235 

MASID Model 0.1545 0.3147 

Table 6: Finetuned model and MASID model 



 
 

The MASID model outperformed the fine-tuned 
Qwen 2.5 7B on the Filipino recipe dataset, achieving 
better BLEU-4 and ROUGE-L scores. This superior 
performance is due to MASID’s training with LoRA 
adapters on 2,000 Filipino recipes, allowing it to 
effectively capture the unique linguistic and procedural 
patterns of Filipino cuisine. In contrast, the general 
fine-tuned model struggled outside its training domain, 
highlighting the need for culturally accurate fine-tuning 
in localized recipe generation.Shown in the listing below 
is a sample Filipino recipe generated using the MASID 
model: 
 

Recipe name: Ginataang Baboy (Pork in Coconut Milk) 
Prep time:  10 minutes 
Cook time:  1 hour 
Total time: 1 hour 10 minutes 
Servings:   4.0 
Full Ingredients: 
1. 2 pounds pork belly cut into 1-inch cubes 
2. 1 large onion chopped 
3. 4 cloves garlic crushed 
4. 1 tablespoon shrimp paste 
5. 4 Thai chili peppers chopped 
6. 2 cups coconut cream 
7. 1/2 cup water 
8. 1 tablespoon fish sauce patis 
9. Salt and pepper to taste 
Instructions: 
1. In a large pot over medium heat, combine pork, onion, garlic, shrimp paste, 
and chili peppers. Cook, stirring occasionally, until the pork is lightly browned 
and the onions are soft. 
2. Add coconut cream and water. Bring to a boil, skimming any foam that floats 
on top. 
3. Lower heat, cover, and simmer for about 40-45 minutes or until the pork is 
tender and the sauce is reduced. 
4. Season with fish sauce, salt, and pepper to taste. Serve hot with steamed rice. 
Description: Ginataang Baboy is a classic Filipino dish where pork belly is 
simmered in coconut milk until tender, creating a rich, creamy stew that's 
perfect with steamed rice. 
 

Listing 2: Sample MASID model output 
​ The prototype Android mobile application 
features a user-friendly home page with three main 
buttons, each with distinct functions. The box icon 
provides access to the digital inventory system, where 
users can view and manage previously scanned 
ingredients. The camera icon allows users to capture 
images of ingredients using the Small Object Detection 
Model (SODM), while the upload icon enables users to 

select and upload ingredient photos from their devices.

 

Fig. 7: Actual Ingredient Detection UI 

 

Fig. 8: Actual Recipe Generation Page UI 

 

Fig. 9: Actual ConversationsPage UI 
 



 
5.  CONCLUSIONS 

MASID (Mobile Artificial-Intelligence System 
for Image-Based Dish Generation) demonstrated the 
integration of artificial intelligence in supporting 
Filipino culinary practices, particularly among small 
food businesses and home cooks. By using a 
lightweight and accurate object detection model 
(YOLOv12) and a small language model (Qwen 2.5 7B), 
the system was able to achieve a 96.7% mAP, 94.2% 
precision and 93.8% recall and achieved an efficient 
end-to-end processing time of under 30 seconds, which 
meets and even surpasses expectations. Moreover, the 
BLEU and ROGUE comparisons showed how training 
SLMs can improve on domain specific tasks like 
Filipino recipe generation. While user satisfaction 
metrics are yet to be fully surveyed, MASID has already 
established a solid foundation for its overall purpose. 
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