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PAPER

Multimodal Fusion of Image and Recipe Features 
for Nutrient Estimation of Complementary Foods

ABSTRACT
The assessment of the nutritional content of complementary foods for infants aged 
6–24 months is still largely done manually, which is time-consuming and prone to errors. This 
study proposes an automated nutritional content prediction model based on a multimodal 
approach that integrates food images and recipe texts. The experiment was conducted using 
the ComFoodID25 dataset, which consists of 2,783 images of complementary foods, complete 
with information on ingredients, processing methods, and ten types of nutrients. Visual fea-
tures were extracted using pre-trained ResNet50, while text features were obtained using 
IndoBERT, and then both modalities were combined through a multilayer perceptron (MLP) 
architecture. The evaluation results showed that the multimodal model produced low error 
values for most nutrients, with an MAE value below 1 for the majority of nutrients and an 
overall PMAE value of 2.55%. Additionally, the high coefficient of determination values indi-
cates a strong correlation between the predicted and reference values. These findings suggest 
that the proposed multimodal approach is effective and reliable for automatically estimating 
the nutritional content of complementary foods and has the potential to support artificial 
intelligence-based complementary food monitoring and recommendation systems.

KEYWORDS
multimodal learning, nutrition prediction, multilayer perceptron (MLP) fusion, food analysis, 
recipe features

1	 INTRODUCTION

The appropriate provision of complementary foods is an important step in 
preventing malnutrition, which is one of the main risk factors for stunting [1] [2]. 
To support this practice, accurate methods of assessing nutritional content are 
needed to ensure the adequacy of the food provided. However, conventional meth-
ods for assessing the nutritional content of food typically involve manually weighing 
food ingredients and searching for nutritional information from various sources 
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separately [3]–[5]. This approach requires considerable time and resources, making 
it inefficient for large-scale or repeated assessments [3], [4].

Currently, image-based food recognition and nutritional assessment have made sig-
nificant progress alongside developments in deep learning and computer vision tech-
niques. This technology offers a promising solution for more accurate monitoring of 
nutritional intake and effective health management [6]–[14]. This system can estimate 
macronutrients and calories, providing users with valuable dietary insights [15]–[17]. 
Deep learning models, particularly convolutional neural networks (CNNs), have been 
widely used for food image classification and recognition, achieving high accuracy in 
identifying foods and estimating their nutritional content [14], [18].

Image-based nutritional assessment can improve the accuracy of nutritional 
assessment compared to traditional self-report methods, which are often inaccurate 
and time-consuming [4], [19], [20]. Image-based techniques enable automatic food 
recognition, portion size estimation, and nutritional analysis by leveraging deep 
learning algorithms and computer vision [13]. Although image-based nutritional 
assessment methods offer a more accurate and efficient solution than conventional 
methods, this approach still faces a number of technical and practical challenges that 
need to be overcome in order to be widely implemented. One of the main challenges 
is image quality and variability. Poor image quality, such as blurred images or inad-
equate lighting, can reduce the accuracy of food detection and nutritional content 
estimation [11], [12]. In addition, the variability in the shape, color, and appearance 
of food that arises during the preparation and consumption process adds to the com-
plexity of the recognition and classification stage [11], [19].

Although various deep learning-based approaches have shown promising results 
in food classification and nutrient content estimation [21]–[24], most research still 
focuses on the recognition of common foods and does not fully accommodate the 
complexity of typical foods such as complementary foods, which have high visual 
similarity and diverse ingredient compositions. In addition, many existing models 
focus on classifying food based solely on visual features, which can lead to inaccu-
racies due to the high visual similarity between different food items [13], [20], [25]. 
Visual similarities between different food items and variations within a food class 
can hinder classification performance [13], [25]–[27]. Models that rely solely on visual 
features are often insufficiently accurate for proper nutritional assessment [19], [28].

Various datasets have been developed to support image-based food recognition 
and nutritional assessment research with diverse focuses and scopes. MedGRFood 
(42,880 images, 132 classes) highlights Mediterranean cuisine [29], CamerFood10 
focuses on Sub-Saharan African cuisine [27], and MFOOD-32 includes 6,400 images 
of Moroccan cuisine [27]. VIPER-FoodNet (VFN) [13] and Food Portion Benchmark 
(FPB) [30] expand studies on Western foods and portion size estimation, whereas 
FoodNExTDB [8], NutriNet [31], and Taiwan Food Dataset [32] provide more exten-
sive nutritional and visual data across cultures. Although diverse, most of these 
datasets still focus on common foods and do not yet cover the complex and locally 
unique characteristics of complementary foods in Indonesia.

This study proposes a multimodal model for predicting the nutritional content 
of complementary foods by combining image features from ResNet50 and text rep-
resentations of recipes from IndoBERT. The two modalities are fused using a MLP 
fusion architecture to produce more accurate nutritional estimates than image-
based approaches alone. This approach enables the model to capture the context of 
ingredients and cooking processes that cannot be seen from images, thereby signifi-
cantly improving prediction quality.

Unlike most previous studies, which generally focused only on estimating mac-
ronutrients such as energy, carbohydrates, protein, and fat [33]–[37], this study also 
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expands the scope of assessment to include micronutrients that play an important 
role in the growth and development of children aged 6–24 months, including iron, 
zinc, calcium, vitamin A, vitamin C, and vitamin E.

Thus, this study makes three main contributions: (1) proposing a domain-specific 
multimodal framework tailored to Indonesian complementary feeding, incorporating 
local food characteristics and cooking practices through image and recipe information; 
(2) extending prior multimodal nutrient estimation studies—largely limited to macronu-
trient prediction—by enabling the estimation of both macro- and micronutrients using 
efficient MLP-based late fusion; and (3) establishing a practical foundation for culturally 
grounded AI-based nutritional monitoring systems for children aged 6–24 months.

2	 RELATED WORK

Research in the field of image-based nutritional assessment has developed rapidly 
alongside advances in computer vision technology and deep learning. [38]. CNN, like 
GoogLeNet, ResNet, and EfficientNet, has been widely used for food image classification 
due to its high accuracy in recognizing various food categories [39]–[43]. Models such as 
Model-44 have demonstrated impressive training and validation accuracy, demonstrat-
ing their practical efficacy in real-world applications [14]. The creation of large, anno-
tated food image datasets is essential for training deep learning models. Datasets such as 
Food-101, UEC-FOOD100, and ChinaFood-100 provide extensive data for various food 
categories, improving the model’s ability to accurately recognize and estimate nutrients 
[14], [38], [44], [45]. However, most of these studies are still oriented towards general 
foods, while the context of complementary foods for breastfed infants (MP-ASI), with 
their complex variety of ingredients and textures, has not been explored extensively.

Over time, research has shifted towards multimodal integration to enrich food fea-
ture representation. Vision-based nutrition estimation has benefited from multimodal 
feature fusion, such as RGB-D fusion networks, which integrate visual and depth infor-
mation to improve the accuracy of nutritional assessment [34] [37] [46]. The Visual-
Ingredient Feature Fusion (VIF2) method combines visual and ingredient features to 
improve nutritional estimation, highlighting the importance of ingredient informa-
tion in predicting nutritional value [1]. This approach has been proven to improve 
recognition performance by capturing the semantic context of food. However, its 
application is still limited to certain types of food and has not been designed for the 
nutritional assessment needs of children, especially for complementary foods that 
have high visual similarity between menus. Multimodal learning and feature fusion 
strategies have also been applied across diverse non-food domains, demonstrating the 
general applicability of multimodal frameworks beyond food-related tasks [47]–[49].

The integration of multimodal features in food research is a growing trend that 
improves the representation and understanding of food characteristics. Food detection, 
segmentation, and classification are highly challenging tasks due to the high visual vari-
ation and natural deformability of food objects [50]. Modern Vision-Language Models 
(VLMs) and deep learning approaches have shown promising potential but still face 
difficulties in recognizing visually similar food categories, particularly when it comes 
to distinguishing subtle differences in cooking methods or very slight variations in 
appearance [8]. The system needs to handle a variety of real-world conditions, such as 
overlapping objects, inconsistent lighting, and different food presentations [51].

Based on these research gaps, this study introduces a multimodal approach for auto-
mated nutritional assessment of complementary foods, where the primary novelty lies 
in the formulation of a domain-specific multimodal framework tailored to Indonesian 
complementary feeding. Distinct from prior studies that mainly focus on Western-style 
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foods or generic food datasets, this work integrates visual food appearance with recipe- 
level textual information derived from Indonesian local foods and cooking practices. 
Image features are extracted using a pre-trained ResNet50 model, while textual repre-
sentations are obtained using IndoBERT, which is well-suited for Indonesian-language 
recipes. Although a standard MLP-based late fusion strategy is adopted, the main contri-
bution of this study lies in the design of a multimodal nutrient estimation framework for 
local complementary foods, including the prediction of both macronutrients and criti-
cal micronutrients—such as iron, zinc, calcium, vitamin A, vitamin C, and vitamin E—
that are essential for the growth and development of children aged 6–24 months.

3	 METHOD

This study focuses on developing a multimodal approach-based nutritional pre-
diction model, which combines visual information from complementary food images 
and textual information from recipes. The main stages of the research are summa-
rized in the following flowchart (see Figure 1), which illustrates the process from data 
pre-processing, feature extraction, multimodal feature fusion, and model training using 
a feature fusion-based MLP architecture to the model performance evaluation stage.

Fig. 1. Research framework
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3.1	 Data collection

This study uses ComFoodID25, a multimodal dataset designed to represent 
Indonesian complementary foods for children aged 6–24 months. Developed based on 
the 2023 Indonesian Ministry of Health complementary feeding guidelines [52] [53] and 
validated by nutrition experts using the NutriSurvey application, the dataset comprises 
2,783 food images across 25 categories, as illustrated in Figure 2. Each sample includes a 
food image, recipe information (ingredients and cooking methods), and nutritional val-
ues for ten nutrients: energy, carbohydrates, fat, protein, calcium, vitamin A, vitamin C, 
vitamin E, zinc, and iron. Nutritional ground-truth values are computed using a stan-
dardized recipe-based calculation process, where ingredient-level nutritional values 
are aggregated according to portion size and national nutritional reference standards 
and subsequently reviewed by nutritionists to ensure consistency and validity.

Fig. 2. ComFoodID25 sample image display

3.2	 Preprocessing

The pre-processing stage is carried out to prepare all data before entering feature 
extraction and model training. The image data were resized to 224×224 pixels and 
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normalized based on the ImageNet mean and standard deviation. Data augmen-
tation techniques, including random resized crop, horizontal flip, and color jitter, 
were applied exclusively during the training phase to improve model robustness 
and generalization.

For text data, the ingredients and cooking instructions components are combined 
into a single recipe_text and then tokenized using the IndoBERT tokenizer so that it 
can be processed as language model input. For the nutrition labels, all values were 
normalized using StandardScaler, and specifically for vitamin A, a log1p transforma-
tion was applied to stabilize the distribution during training, followed by an expm1 
operation at the evaluation stage. These steps ensure that the data are provided in an 
optimal and consistent format for the multimodal training process.

3.3	 Feature extraction

At the feature extraction stage, images and text are processed separately using 
two pre-trained models. Complementary food images are extracted using ResNet50, 
which functions as a frozen feature extractor so that its weights are not retrained. 
The image is processed up to the final layer before being fully connected to produce 
a 2048-dimensional visual representation. Meanwhile, the recipe text is processed 
using IndoBERT, and the embedding corresponding to the CLS token is used as the 
textual representation, capturing the global contextual information of the entire rec-
ipe and producing a 768-dimensional feature vector. The CLS token is widely used 
for sentence-level and document-level representation in transformer-based models. 
Although alternative pooling strategies, such as mean pooling over token embed-
dings, were considered conceptually, the CLS token was selected due to its compu-
tational efficiency and suitability for global text representation in regression tasks. 
These two feature vectors are then stored in NumPy format as input for the next 
stage of model fusion and training.

3.4	 Multilayer perceptron fusion training

The fused feature vectors are used as input to a MLP consisting of two hidden 
layers with 1024 and 256 units, respectively, employing ReLU activation and dropout, 
followed by an output layer with 10 units to predict all nutritional values. The model 
was trained exclusively on extracted multimodal features using the AdamW opti-
mizer with a learning rate of 0.0001 and a weight decay of 1 × 10−⁵. Training was 
performed with a batch size of 64 for up to 100 epochs, with convergence monitored 
using the validation loss and early stopping applied when no improvement was 
observed for 12 consecutive epochs. A ReduceLROnPlateau scheduler (patience = 5, 
factor = 0.5) and Smooth L1 loss were used, and all experiments were conducted on 
an NVIDIA Tesla T4 GPU.

After prediction, all outputs were transformed back to their original scales. 
Specifically, inverse StandardScaler was applied to all nutrients, while vitamin A 
values were restored using the expm1 function to reverse the log1p transformation 
applied during preprocessing. This ensures that all predicted values are expressed in 
their original nutritional units, such as kcal, grams, milligrams, or IU, enabling direct 
comparison with the reference values.
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3.5	 Evaluation

The evaluation process was conducted to assess the accuracy of the model in 
predicting ten types of complementary food nutrients in the validation data. 
The evaluation used four regression metrics, namely mean absolute error (MAE) 
to measure the average absolute difference between the predicted value and the 
actual value; root mean squared error (RMSE) to assess quadratic errors that are 
more sensitive to large errors, percentage mean absolute error (PMAE); which is 
calculated as the ratio of MAE to the average actual nutrient value and interpreted 
in percentage form; and the coefficient of determination (R2) to evaluate the overall 
goodness-of-fit between the predicted and ground-truth nutrient values. This com-
bination of metrics provides a comprehensive overview of the model’s performance 
in predicting nutritional values.

4	 RESULT AND DISCUSSION

4.1	 ComFoodID25 dataset

The ComFoodID25 dataset comprises 2,783 images of local Indonesian comple-
mentary foods, along with textual information on ingredients, cooking instructions, 
and nutritional values for ten nutrients. The dataset covers 25 food categories rep-
resenting typical complementary foods for breastfed infants. For model develop-
ment, the data are split into 80% training and 20% validation at the sample level, 
where each image–recipe pair is treated as an independent instance. Figure 3 illus-
trates the distribution of training and validation samples across the 25 comple-
mentary food categories, confirming the consistent application of the 80:20 split 
for each class.

Fig. 3. Train vs. validation data distribution per class
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4.2	 Multimodal evaluation

A multimodal model was developed by combining visual features from ResNet50 
and textual features from IndoBERT, which were then processed through the MLP 
Fusion architecture. This approach allows the model to utilize information from 
two modalities simultaneously so that nutritional content predictions do not only 
depend on the appearance of the food but also on recipe information such as ingre-
dients, cooking methods, and dish composition.

Figure 4 shows that both training loss and validation loss decrease sharply 
in the first 10–15 epochs and then decline more gradually until they reach a 
plateau around epoch 40. The training and validation loss curves move very 
closely without any significant divergence, indicating that the model does not 
overfit and has good generalization. Validation performance improved con-
sistently during training, marked by a decrease in MAE from 53.6 in the first 
epoch to around 2.6 at the end of training. Minor fluctuations after epoch 20 are 
a normal characteristic of multi-output regression with a highly variable range 
of nutritional values. Overall, the training pattern shows that the fusion model 
(image + text) successfully learned nutritional representations in a stable and 
efficient manner.

Fig. 4. Training and validation loss over epochs

The scatter plot visualization Figure 5 shows that the model is able to predict 
most nutrients with high precision, as indicated by the distribution of points that 
almost completely follow the diagonal line on each graph. The very small MAE 
values for energy, carbohydrates, fat, protein, calcium, vitamin E, vitamin C, zinc, 
and iron confirm this high accuracy, while the slight deviation seen in vitamin A 
is due to a much larger range of values compared to other nutrients, so that 
the absolute error appears higher even though the proportion remains small. 
Overall, the model shows consistent, robust, and reliable predictive performance.
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Fig. 5. Scatter plot visualization

Table 1 shows that vitamin A is the only nutrient with a noticeably higher 
error (MAE = 23.741; RMSE = 58.130), which is reasonable given its wide value 
range and its strong dependence on specific ingredients that are not always 
visually apparent or explicitly described in the recipe. In contrast, all other nutri-
ents exhibit low and consistent error values, indicating stable prediction per-
formance. In addition, the high overall coefficient of determination (R2 = 0.999) 
demonstrates a strong goodness-of-fit between the predicted and reference 
nutrient values, further confirming the accuracy and robustness of the proposed 
multimodal model.
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Table 1. Multimodal model evaluation matrix results table

Nutrition MAE RMSE PMAE

Energy (kcal) 0.938 1.149 0.788

Carbohydrates (g) 0.122 0.183 0.859

Fat (g) 0.058 0.082 1.234

Protein (g) 0.090 0.153 1.317

Calcium (g) 0.314 0.433 0.960

Vitamin A (RE) 23.741 58.130 2.947

Vitamin C (mg) 0.008 0.011 1.604

Vitamin E (mcg) 0.110 0.148 0.971

Zinc (mg) 0.008 0.012 1.227

Iron (mg) 0.016 0.023 1.240

Overall MAE 2.851

Overall PMAE 2.555%

R2 0.999027

4.3	 Discussion

Previous studies on food nutrition estimation have primarily focused on visual 
or RGB-D information and have reported PMAE values in the range of 17–19%, 
reflecting the inherent challenges of estimating nutritional content from visual 
cues alone. For example, Shao et al. [34] achieved a PMAE of 18.5% with the RGB-D 
FusionNet model. Meanwhile, Zhao et al. [36] reported a PMAE of 17.06% using a 
single-image-based segmentation and regression approach. Furthermore, Nian et al. 
[37] integrated material information into an RGB-D-based framework (IMIR-Net), 
achieving a PMAE of approximately 17.4%.

Although direct quantitative comparison across these studies is not strictly equiv-
alent due to differences in datasets, nutrient scopes, and evaluation settings, the 
results obtained in this study indicate that integrating visual features with recipe- 
based textual information can substantially reduce prediction errors on the eval-
uated complementary food dataset. Specifically, the proposed multimodal model 
achieves an overall PMAE of 2.55% on the ComFoodID25 dataset, highlighting the 
potential advantages of leveraging structured recipe information for nutritional esti-
mation tasks. To provide a transparent overview, Table 2 summarizes the charac-
teristics and reported performance of representative related studies alongside the 
proposed approach.

Table 2. Comparison analysis with the previous study

Study Year Dataset Method Predicted Nutrients Results

Shao 
et al. [34] 

2023 Nutrition5k (RGB-D) RGB-D FusionNet Energy, Mass, Fat, 
Carbohydrates, Protein

PMAE 18.5%

Zhao 
et al. [36]

2024 Nutrition5k Food segmentation 
and RGB-based 
regression

Energy, Carbohydrates, 
Fat, Protein

PMAE 17.06%

(Continued)
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Study Year Dataset Method Predicted Nutrients Results

Nian 
et al. [37]

2024 Nutrition5k IMIR-Net Energy, Mass, Fat, 
Carbohydrates, Protein

PMAE 17.4%

Baseline ComFoodID25 
(Image only)

ResNet50 10 macro and 
micronutrients

Overall 
PMAE 53.29%

Multimodal ComFoodID25 local food 
dataset and recipe text

MLP Fusion 
Architecture

10 macro and 
micronutrients

Overall 
PMAE 2.55%

5	 CONCLUSION

This study proposes a multimodal framework for predicting the nutritional con-
tent of complementary foods by integrating visual information and recipe-based 
textual data. The model combines features extracted using ResNet50 and IndoBERT 
through an MLP-based fusion architecture.

Experimental results show that the multimodal approach consistently outper-
forms the image-only baseline across all evaluated nutrients, substantially reducing 
both absolute and relative prediction errors. The integration of textual information 
provides important contextual cues related to ingredients and preparation methods, 
leading to more accurate nutritional estimation. Although vitamin A remains more 
challenging to predict due to its uneven distribution and ingredient dependency, 
the overall model demonstrates stable performance and strong agreement between 
predicted and reference values.

Despite the use of a single training–validation split, the findings confirm that 
multimodal learning offers a promising and effective direction for estimating the 
nutritional content of complementary foods for infants aged 6–24 months. Future 
work will explore more comprehensive evaluation strategies to further assess model 
robustness and generalization.
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