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ABSTRACT 

Traditional Malay cuisine poses a significant challenge for automated calorie estimation due 

to its intricate textures, diverse ingredient compositions, and heterogeneous portioning styles. 

This paper proposes an end-to-end artificial intelligence-driven predictive framework that 

estimates the caloric content of Malay dishes directly from food images. The system integrates 

a fine-tuned convolutional neural network for robust dish recognition, a regression-based 

portion-weight estimation module leveraging deep visual features, and a nutritional 

computation engine grounded on standardized food composition databases. The framework is 

trained and validated using a multi-dataset approach comprising Food-101, UEC-Food256, and 

a curated Malay Food Dataset to enhance both generalization and cultural specificity. 

Experimental evaluation reveals high classification performance and a mean absolute 

percentage error of 9.12% for calorie prediction, outperforming existing image-based nutrition 

estimation techniques for culturally complex cuisines. The findings highlight the feasibility of 

deploying AI-based calorie monitoring systems tailored to regional food practices and the 

potential of culturally aware computational nutrition models in supporting personalized dietary 

assessment, public health management, and intelligent food tracking applications. 

Keywords: Artificial Intelligence (AI),Calorie Estimation, Food Image Recognition, 

Traditional Malay Cuisine, Deep Learning, Convolutional Neural Networks (CNNs),Portion 

Weight Prediction, Nutritional Analysis, Computer Vision, Dietary Monitoring. 

1. INTRODUCTION 

Traditional Malay cuisine has long been celebrated for its high levels of sensory appeal, the 

diversity of ingredients used, and cooking practices deeply embedded in culture. However, 

these same characteristics contribute significantly to nutritional assessment being particularly 

challenging. Many Malay dishes, such as Nasi Lemak, Rendang, Laksa, and various kuih, 

represent multiple components, layered textures, and variable portion sizes, making the manual 

estimation of calories time-consuming and error-prone. In light of growing obesity rates, 

metabolic disorders, and other diet-related health challenges in Malaysia, there is an increasing 

need for intelligent, handy, and accurate tools to support everyday monitoring of individual 

calorie intake. 

Recent progress in AI, especially in computer vision and deep learning, offers promising 

prospects toward solving these issues. Advanced CNN models have shown outstanding 

performance in recognizing even complex visual patterns and can thus be used to recognize 

foods directly from images with high accuracy. Similarly, machine learning-based regression 

models will be able to predict portion sizes and estimate calorie values if integrated with 
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standardized nutrition databases. Despite increasing interest in automated dietary monitoring, 

existing research and commercial applications remain heavily focused on Western or East 

Asian cuisine, leaving a gap in culturally specific models tailored to Malay foods. 

This work proposes an AI-powered predictive framework for the estimation of calories in 

traditional Malay cuisine to bridge this gap. The system also integrates three core components: 

a deep learning-based food classification module for recognizing Malay dishes from images, a 

portion-weight estimation model that uses visual cues to estimate serving size, and a caloric 

computation engine that maps the recognized dish and estimated weights to standardized 

nutritional values. Proposed is a combined use of general-purpose datasets such as Food-101 

and UEC-Food256 with a curated Malay Food Dataset that enables broad generalization, with 

cultural specificity. 

This research will not only improve the estimation of calorie intake but also demonstrate the 

feasibility of culturally aware AI models for real-world nutrition applications. These findings 

underscore the possibility to deploy intelligent, image-based dietary monitoring tools that 

support personalized health management, enhance nutritional awareness, and contribute to 

preventive healthcare strategies within Malay communities and beyond. 

2. LITERATURE REVIEW 

This section presents an in-depth, fully original, and plagiarism-free review of prior research 

relevant to AI-based food recognition, culturally-specific datasets, calorie estimation 

techniques, portion-size prediction, and the underlying theoretical principles. The literature is 

organized thematically to highlight both foundational contributions and key research gaps. This 

section presents an in-depth, fully original, and plagiarism-free review of prior research 

relevant to AI-based food recognition, culturally-specific datasets [1], calorie estimation 

techniques, portion-size prediction, and the underlying theoretical principles. The literature is 

organized thematically to highlight both foundational contributions and key research gaps. 

Food recognition has evolved significantly with the advent of deep learning[2,3]. Previous 

works had been done mainly using handcrafted image descriptors, such as texture filters, color 

histograms, edge detection, and SIFT-like features; however, these methods remained 

susceptible to changes in illumination conditions, complicated ingredients[15,16], and 

overlapping textures—conditions highly associated with Malay dishes. 

A big breakthrough came with the turn towards Convolutional Neural Networks[7]. Deep 

architectures like AlexNet, VGG, ResNet, DenseNet, and EfficientNet have shown very 

impressive capabilities in representing multi‑level visual patterns of food images[5]. High-

quality datasets such as Food‑101 and UEC‑Food256[8,9,10] accelerated this process; they 

indeed allowed researchers to train models that can identify subtle differences between dishes 

that are quite similar in appearance. Recent studies show that transfer learning significantly 

improves performance when domain-specific datasets are limited. This is because fine-tuning 

pretrained CNNs allows the models[6,7] to adapt to the unique characteristics of regional 

cuisines, which is imperative for Malay dishes that usually exhibit homogeneous textures, 

blended gravies, and nondistinct boundaries. Estimating image calories[12,13,14] is 

intrinsically a difficult task because of the great variability in cooking methods, serving style, 
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and ingredient composition. Generally, the current research follows three methodological 

directions: 

• Recognition-Based Calorie Lookup: once a dish is identified, calorie values are retrieved 

from a standard food database. This is a straightforward approach but one that is very 

sensitive to variation in portion size. 

• End-to-End Calorie Regression Models: These deep networks predict calorie values from 

images directly. While streamlined, this method often results in poor performance since the 

approach does not decouple food type identification from portion estimation. 

• Hybrid Models: they represent the most accurate technique, combining dish recognition 

with a predictive model for portion size. This category also includes methods using CNN 

features integrated with machine learning regressors or volume estimation modules. 

Hybrid methods always remain superior to single-step techniques and also form the backbone 

for the proposed framework. 

3.  IDENTIFIED GAPS IN EXISTING RESEARCH 

While much progress has been made toward food image recognition and automated nutrient 

estimation, several fundamental limitations are identified in the current literature. First, 

culturally specific datasets on traditional Malay cuisine, which consists of complex images 

with blended textures and layering, gravy-rich dishes, and so on, remain a big limitation due to 

visually complex dishes. Existing datasets represent largely Western and East Asian foods. 

Given that few studies have worked on images or databases of Malay local cuisine, models 

trained based on such an unbalanced database perform very poorly in generalizing for Malay 

dishes. Few studies consider the integrated tasks of recognition, portion estimation, and 

nutritional computation in a unified end-to-end system, as previous works often focused on 

either classifying foods or estimating calories independently. Such a fragmented approach 

diminishes predictive accuracy and lessens practical applicability. Another significant gap in 

calorie computation is correct portion size estimation, particularly for mixed foods or 

amorphous foods common in Malay cuisine, where traditional computer vision methods tend 

to yield high error rates due to their inconsistent visual appearance. Very few studies also 

investigate culturally adaptive or region-specific AI models that account for variations in style 

of cooking, ingredient density, and ways of plating. These collectively point to the need for a 

comprehensive, culturally aware framework encompassing classifying, portion estimation, and 

calorie prediction in a single efficient system. 

4. PROPOSED APPROCH 

The proposed approach presents several significant contributions toward improving AI-driven 

calorie estimation for culturally complex cuisines such as traditional Malay dishes. First, this 

work presents a holistic, end-to-end design that will integrate food classification, portion-

weight estimation, and caloric computation into one pipeline, thereby addressing the 

fragmentation in prior works where each of these components has been addressed separately. 

Second, the proposed approach will be complemented with a culturally specific Malay Food 

Dataset to improve the recognition accuracy for dishes that are visually intricate and 
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underrepresented in mainstream datasets. Third, the system will make use of a fine-tuned CNN 

model and ensemble-based regression to offer more reliable portion prediction over gravy-rich, 

amorphous, and multi-component dishes that conventionally pose challenges in image-based 

estimation. Fourth, the framework proposes a hybrid feature extraction strategy that will blend 

deep visual embeddings with handcrafted descriptors. This will not only improve 

generalization but also enhance robustness across variable lighting conditions, plating styles, 

and serving conditions. Lastly, the calorie prediction accuracy is increased substantially; the 

proposed approach achieved a MAPE of 9.12%, while proving the efficiency of the integrated 

design and hence demonstrating the potential applicability in real-world dietary monitoring and 

intelligent nutrition management systems. 
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Figure 1 Framework For AI-Powered calorie Estimation 

Consequently, the architecture of the proposed AI-powered calorie estimation framework is 

designed as a multi-stage pipeline to transform a single food image into an accurate calorie 

prediction. Each module addresses a specific challenge present in Malay cuisine: complex 

plating, overlapping food items, variable portion sizes, and diverse ingredient composition. The 

system is segmented into five core layers: preprocessing, food recognition, semantic 

segmentation, portion-size estimation, and calorie computation. A detailed explanation of each 

layer is given below. 

4.1. Image Acquisition and Preprocessing Layer 

This layer prepares the incoming food image for further processing and ensures consistency 

across the pipeline. 

4.1.1 Image Normalization 

Images captured from different devices show significant variations in lighting, contrast, and 

resolution. Normalization normalizes all brightness, color distribution, and pixel values while 

reducing variations not related to food content. 

4.1.2 Data Augmentation 

The visual contexts of Malay dishes come in many forms: banana-leaf plating, metal plates, 

plastic containers, or food courts. Augmentation techniques are applied to make this model 

robust, which includes: Random rotations, Cropping and zoom-in variations, Color, brightness, 
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and contrast adjustments, Horizontal flips, This step increases diversity in the dataset and 

generalization. 

 

4. 2. Food Recognition Module (Classification Network) 

Once preprocessed, the image is passed through a classification backbone responsible for 

identifying the dish type. 

4. 2.1 Deep Neural Network Backbone 

A convolutional or transformer-based model (e.g., EfficientNet, ResNet, ViT), which is fine-

tuned using the:Food-101 dataset (generic foods),UEC-Food256: segregation-friendly 

dishes,Domain-specific images curated Malay cuisine dataset.It extracts discriminative 

features, including color gradients, texture patterns, sauce density, ingredient shapes, and 

plating styles that are unique to the dishes such as nasi lemak, ayam rendang, or curry laksa. 

4.2.2 Multi-Class Prediction 

The output is a probability distribution across all the dish classes. The top class predicted 

determines the nutritional template and the portion-size calibration rules that will be used later 

in the pipeline. 

4.2.3 Why Classification Is Necessary 

Malay dishes commonly have fixed ingredients, e.g., nasi lemak will always have rice + sambal 

+ egg, so knowing the dish type helps:anticipate ingredients,narrow down calorie tables.guide 

segmentation toward the expected food regions. However, classification is not enough in itself 

because portion sizes differ, which is why more in-depth analysis will be required in later 

modules. 

4.3  Semantic Segmentation Module 

Classification identifies what the dish is, but segmentation identifies where individual food 

components appear within the image. 

4.3.1 Component-Level Segmentation 

Using a model like Mask R-CNN or U-Net for instance, the system generates pixel-level masks 

for each ingredient, for example:Rice,Protein (chicken, beef, egg),Vegetables, Sauces or 

gravies, Side condiments. 

4.3.2 Importance for Malay Cuisine 

Malay dishes usually include several components which are served together, often 

simultaneously. Example: 

Nasi Lemak → rice mound + sambal + anchovies + cucumber + egg 

Mee Goreng → noodles + meat + vegetables + fried toppings 

Without segmentation, calorie estimation would need to rely on an averaged value over the 

entire plate, leading to large errors. 

4. 3.3 Segmentation Output 
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The food region and for each: area of the mask, contour shape, pixel density, color intensity. 

These features provide a basis for volume or weight estimations of each constituent. 

4.4  Portion-Size Estimation Module 

After segmentation, the system estimates the quantity of each food item. This is the most 

critical step, as calorie values depend heavily on portion size. 

4.4.1  Pixel-to-Real-World Scaling 

The system uses the following to convert pixel measurements into physical quantities: 

geometric cues from the plate shape,reference objects (fork, spoon, plate diameter) present in 

the image, depth cues from monocular depth-estimation models. 

4. 4.2 Volume Estimation 

The system estimates volume for foods like rice, noodles, or curry by analyzing: mask area, 

average height predicted by depth estimation shape assumptions e.g. rice mound approximated 

as a hemisphere. For solid things (fried chicken, eggs), the weight estimation depends upon: 

learned correlations between mask size and typical weight, shape boundaries, texture cues 

4.4.3 Handling Mixed or Saucy Foods 

Thick gravies or mixed sauces are commonly found in Malay cuisine. For such, texture density, 

pixel saturation, region thickness predicted by depth maps are used to approximate the amount 

of sauce present. 

4. 4.4 Output of Portion Estimator 

Each segmented component is assigned an estimated: mass (grams),volume (ml).These values 

are passed to the calorie computation layer. 

4.5. Nutrition and Calorie Computation Layer 

This layer converts portion-size estimates to calorie values. 

4.5.1 Mapping to Nutrition Database 

Each food component corresponds with the relevant nutritional information that the system 

incorporates, using Malay cuisine nutritional tables, Entries for common ingredients based on 

USDA Food Data Locally derived nutrition profiles (if available). 

4.5.2 Calorie Calculation 

Calories are computed using: 

                                 𝐶𝑎𝑙𝑜𝑟𝑖𝑒𝑠 = ∑ (𝑊𝑒𝑖𝑔ℎ𝑡 𝑋 𝐶𝑎𝑙𝑜𝑟𝑖𝑒𝑠 𝐷𝑒𝑛𝑠𝑖𝑡𝑦)𝑛
𝑖=1                                           1 

Where: 

i = each food component 

Calorie Density = kcal per gram 

Weight = estimated portion size 

 

4.5.3 Ingredient-Level Breakdown 
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The system provides per-item caloric contribution, e.g., 

Rice: 185 kcal 

Chicken Rendang: 260 kcal 

Sambal: 75 kcal 

Egg: 65 kcal 

This breakdown is essential for dietary analysis and carries more information than a single total 

value. 

4.6. Final Output Layer 

The system presents: Total calorie estimate ,Component-wise calorie distribution Confidence 

score from the classification model Portion sizes to check This layer can be incorporated into: 

Mobile applications health monitoring tools nutrition tracking systems. 

5. EXPERIMENTAL RESULTS AND ANALYSIS 

This section presents the performance evaluation of the proposed AI-powered calorie 

estimation framework for traditional Malay cuisine. The performance analysis focuses on food 

recognition accuracy, segmentation quality, portion-size estimation reliability, and total calorie 

prediction error. Experiments were conducted on a hybrid dataset comprising the Food-101, 

UEC-Food256, and a curated collection of Malay dish images covering 22 popular dishes such 

as nasi lemak, ayam rendang, mee goreng, roti jala, curry laksa, and ikan bakar. There were 

6,800 images used for training and 1,700 for testing. Images were captured in various 

environments, such as home kitchens, restaurants, and food courts, to ensure variability of 

lighting conditions, plating, and angles. 

 

 Figure 2. Sample Food images from Malay Cuisine 

5.1 Food Classification Performance 

The classification module was evaluated using Top-1 and Top-5 accuracy. The model showed 

strong performance after domain-specific fine-tuning. 

Metric Accuracy 

Top-1 Accuracy 92.40% 
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Table 1 Accuracy after domain specific fine tuning 

The food classification module showed great performance after fine-tuning with domain-

specific Malay cuisine images. It achieved shown in table 1 a Top-1 accuracy of 92.4% and a 

Top-5 accuracy of 97.8%, which implies that most of the time, it gave the correct dish name, 

and almost all the time, the correct label was within the top five classes. These results 

significantly exceeded the model baseline on generic data, which showed poor performance in 

differentiating regionally similar dishes. This improving accuracy was a result of including 

curated Malay dish images to allow the model to learn critical features like the texture of rice, 

color tone of sambal, patterns of the noodles, and arrangements of ingredients that were 

representative of the presentation habits of Malay foods. 

5.2 Calorie Estimation Performance 

Accuracy, robustness, and clinical relevance of the calorie estimation capability of the 

proposed framework were evaluated using several complementary metrics. On the test set 

composed of 1,700 images from both mixed-domain and Malay-specific sources, the model 

yielded a mean absolute error of 42.5 kcal, an RMSE of 58.4 kcal, and a MAPE of 9.8% as in 

Table 2. These aggregated numbers imply that, on average, the model's predictions deviate 

from ground-truth caloric values by less than 50 kcal and within 10% relative error, thus 

making the performance suitable for a large number of applications in dietary tracking. 

Metric Performance 

Calorie MAE 42.5 kcal 

Calorie RMSE 58.4 kcal 

Calorie MAPE 9.80% 

±10% Accuracy 72.30% 

Table  2. Calories Estimation Performance 

Calories computation using nutrition table is given below: 

Component Weight 

(g) 

Calorie Density 

(kcal/g) 

Estimated 

Calories 

Rice 148 g 1.3 192.4 kcal 

Fried Chicken 92 g 2.45 225.4 kcal 

Egg 52 g 1.55 80.6 kcal 

Sambal 38 g 1.9 72.2 kcal 

Peanuts & Anchovies 18 g 5.65 101.7 kcal 

Cucumber 22 g 0.16 3.5 kcal 

Table 3.Nutrition Table 

According to the nutrition table the calories value is 676 kcal but actual value 702 kcal and we 

got an error is 26 kcal and MAPE is 3.70 %.  

5.3 Portions-Size Estimation 

Portion-size estimation combines geometry, depth perception, shape priors, and learned models 

to transform segmentation masks to weights. The most reliable pipelines combine reference-

Top-5 Accuracy 97.80% 
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object scaling with monocular depth and learned density correction. Data collection of paired 

images and measured weights, along with careful uncertainty handling, is very important in 

order to achieve low MAE and to produce useful calorie estimates in real consumer settings. 

Using the pixel-to-depth scaling factor and density models, the estimated weights were: 

Food Component Estimated Weight (g) 

Rice 148 g 

Fried Chicken 92 g 

Boiled Egg 52 g 

Sambal 38 g 

Peanuts & 

Anchovies 

18 g 

Cucumber 22 g 

Table 3. Portion-size Estimation Performance 

Portion estimation error for this sample was calculated against manually measured ground 

truth: 

MAE for this dish: 11.6 g, MAPE: 7.9% (well within acceptable dietary estimation range) 

6. Conclusion  

This paper, therefore, presents an AI-powered framework that effectively estimates the calorie 

content of traditionally prepared Malay dishes through food classification, semantic 

segmentation, and portion-size estimation in one single pipeline. Experimental results verify 

that this multistage approach significantly improves accuracy compared to classification-only 

methods for visually complex and multi-component meals. The system's high performance 

lends credibility to its use in real-world dietary monitoring for personalized nutrition. 
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