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 Automatic introduction of complementary foods plays an important role in 

supporting objective and efficient nutritional monitoring of young children. 

However, the visual characteristics of complementary foods, which tend to 

be homogeneous in terms of color, texture, and shape pose significant 

challenges for computer vision-based recognition systems. This study aims 

to develop and evaluate a deep learning-based system for automatic 

recognition of complementary foods. This study proposes an image 

classification system for complementary foods based on Convolutional 

Neural Network (CNN) using ComFoodID21, a specialized dataset 

designed to represent the visual characteristics of complementary foods. 

The main contributions of this research include the development of a CNN-

based recognition system for homogeneous visual domains, the 

compilation of ComFoodID21 as an initial benchmark dataset, and the 

evaluation of multiple CNN architectures in this domain. Three CNN 

architectures, namely EfficientNetB0, ResNet50, and MobileNetV2, were 

initialized using ImageNet pre-trained weights and fine-tuned on the 

ComFoodID21 dataset. Performance was evaluated using accuracy, 

precision, recall, F1-score, and training time analysis to assess 

computational efficiency. Experimental results show that ResNet50 

provides the best trade-off between accuracy and training efficiency, 

achieving 98.28% accuracy with faster convergence despite a slightly 

longer per-epoch computation time. EfficientNetB0 attains comparable 

accuracy but requires more epochs to converge, while MobileNetV2 yields 

lower accuracy and slower convergence in the homogeneous visual 

domain. The proposed system demonstrates potential for application in 

smart nutrition monitoring and decision-support systems. The 

ComFoodID21 dataset is available to the research community and can be 

accessed at  https://tinyurl.com/datasetcomfoodid21.  
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1. Introduction  

Complementary feeding is a critical stage in child nutrition for infants aged 6-24 months, marking 

the transition from exclusive breastfeeding to a more diverse diet [1]-[3]. During this period, 

complementary foods are essential to meet nutritional requirements that breast milk alone can no 

longer fulfill, thereby supporting optimal growth, development, and health outcomes [4]-[7]. Accurate 

and objective monitoring of complementary feeding practices is therefore essential to ensure adequate 

nutrition in early childhood [8]-[10]. 

However, current monitoring of complementary food consumption and nutritional composition 

remains largely manual and subjective [11], [12], leading to inconsistencies and potential nutritional 

disparities, particularly in regions with diverse feeding practices and limited resources [5], [13]. 

Variability in the nutritional composition of complementary foods further reduces the reliability of 

manual assessments [14]-[16], increasing the risk of nutritional imbalance in early childhood [17], 

[18]. These limitations highlight the need for automated and objective monitoring approaches. 

Computer vision–based food recognition systems, supported by artificial intelligence (AI), have 

emerged as a promising solution for improving dietary assessment and food monitoring [19], [20]. By 

automating food identification and classification, AI-based systems can reduce human error and 

improve efficiency in nutrition tracking [21]-[26]. Convolutional Neural Networks (CNNs) have been 

widely adopted for food image recognition due to their strong feature extraction capabilities and high 

classification accuracy [27]-[31]. For example, Inception-v4 achieved 95.2% accuracy on Indonesian 

food [32], while YOLOv5 and Faster R-CNN also showed promising results in detection and 

recognition [33]. 

Despite these advances, most existing food recognition studies and benchmark datasets primarily 

focus on adult or general foods [34]-[38]. Popular datasets such as Food-101 [39], UEC FOOD 256 

[33], and Nutrition5k [40], along with other large-scale datasets including UEC FOOD 100/256 [33], 

Food2K [37], MyFoodRepo-273 [41], MedGRFood [42], and THFOOD-100 [43], contain food 

images with rich variations in color, texture, shape, and presentation. In contrast, complementary 

foods typically exhibit highly homogeneous visual characteristics, such as soft textures (e.g., porridge 

or puree), limited color variation dominated by pale or neutral tones, and minimal structural edges or 

distinctive shapes [44]-[46]. As a result, the distribution of visual features in complementary food 

images is more compact and overlapping across classes, making inter-class discrimination 

substantially more challenging than in adult food datasets such as Food-101. 

This visual homogeneity presents a major challenge for CNN-based classification, as CNNs often 

rely on texture contrast, color variation, and shape cues to differentiate between food categories [47], 

[48]. Although transfer learning and data augmentation techniques are commonly employed to 

improve model robustness [32], [49]-[52], these approaches are not always sufficient for domains 

characterized by high intra-class similarity and low inter-class variability, such as complementary 

foods [53], [54]. In addition, differences in background, lighting, and perspective also complicate the 

recognition task [49], [55]. The absence of domain-specific datasets further limits systematic 

evaluation and benchmarking of recognition models in this domain. 

Recent advances, including ensemble learning and knowledge distillation combining CNNs and 

Vision Transformers, have shown potential in improving classification accuracy and feature extraction 

[53], [56]-[61]. Hierarchical classification, food localization, and new architectures such as ASTFF-

Net have also been introduced to handle multi-object scenes and complex lighting [49], [54]. 

However, no research has specifically examined CNN-based recognition for complementary foods. 

The lack of domain-specific datasets and systematic evaluation highlights a significant research gap, 

motivating this study to explore CNN-based recognition as an initial benchmark for complementary 

food image analysis. 

To address this gap, this research proposes a vision-based complementary food recognition 

system using Convolutional Neural Networks. The proposed system is designed to automatically 

classify complementary food images with high accuracy, supporting more objective and efficient child 
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nutrition monitoring. To enable this, a new dataset named ComFoodID21 is developed, specifically 

representing complementary foods with homogeneous visual characteristics that are not captured in 

existing adult food datasets. 

The novelty of this research lies in the construction of a complementary food–specific dataset 

and the systematic evaluation of CNN architectures under conditions of high visual homogeneity. The 

main contributions of this research are as follows: 

(1) The design and development of a CNN-based complementary food recognition system tailored 

to visually homogeneous domains; 

(2)  The construction of the ComFoodID21 dataset as an initial benchmark for deep learning–based 

complementary food recognition; and 

(3) An empirical evaluation of multiple CNN architectures to analyze their performance and 

computational efficiency in this challenging domain. 

2. Method  

This study proposes a deep learning-based image classification framework to recognize 

complementary foods for breastfed infants that have homogeneous visual characteristics. The 

approach used adopts transfer learning to compare the performance of three Convolutional Neural 

Network (CNN) architectures, namely MobileNetV2, EfficientNetB0, and ResNet50, under the same 

experimental settings. The research methodology flow includes the stages of data collection, pre-

processing and instance-based dataset partitioning, data augmentation, CNN model training, and 

performance evaluation. The overall methodology flow diagram is shown in Fig. 1. 

 

Fig. 1. The proposed method 
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2.1. Data Collection and Preparation 

The dataset used in this study, ComFoodID21, was specifically developed to represent 

complementary feeding menus for infants aged 6–24 months. The compilation of the dataset began 

with the design of complementary feeding menus based on the nutritional and health standards of the 

Indonesian Ministry of Health and the Complementary Feeding for Toddlers book [62], [63], as well 

as through validation by nutritionists and the Nutrisurvey nutrition database application. This dataset 

consists of 1,378 images of complementary foods grouped into 21 menu classes, with a total of 71 

food categories reflecting the variety of complementary foods typical of Indonesia.  Fig. 2 shows an 

example of the ComFoodID21 dataset. 

 

Fig. 2.  Example of the ComFoodID21 Dataset 

2.2. Pre-Processing and Dataset Division 

The images that have been collected then undergo pre-processing, including resizing according 

to the model input size, normalising pixel values, and adjusting the data format. The dataset was 

annotated using Roboflow in classification mode, so that each image was labelled with a class and 

organised into a class-based directory structure for CNN training. 

The dataset was divided into 70% training data, 20% validation data, and 10% test data. To 

prevent data leakage, the dataset was separated at the instance level (plate level), rather than at the 

image level. All images originating from a single plate of food-including variations in angle and 

distance of image capture-were placed in only one subset (training, validation, or testing). Class 

distribution was verified to ensure data balance between subsets. Fig. 3 shows the class-wise 

distribution graph of the dataset. 

2.3. Data Augmentation 

Data augmentation was applied only to the training set to enhance model generalization and 

reduce overfitting. The augmentation techniques included random small-angle rotations, horizontal 

flipping, zooming, and slight brightness variations. Validation and test datasets were kept unchanged 

to ensure unbiased performance evaluation. Fig. 4 is an example of augmentation results. 

2.4. CNN Architectures and Training Strategy 

Three CNN architectures based on transfer learning were employed. MobileNetV2 and 

EfficientNetB0 were selected for their computational efficiency and lightweight design, while 

ResNet50 was used as a deeper baseline model to assess feature extraction capability in visually 

homogeneous domains. 
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All models were initialized with ImageNet pre-trained weights. Training was conducted using 

the Adam optimizer with categorical cross-entropy as the loss function. Early stopping and learning 

rate reduction strategies were implemented to mitigate overfitting. Each model was trained using the 

same dataset configuration to ensure fair and consistent comparison. 

 

Fig. 3. Dataset distribution per class ComFoodID21 dataset 

 

Fig. 4. Sample images from augmentation results 

2.5. Evaluation Matrix 

Model performance was evaluated using accuracy, precision, recall, and F1-score metrics. These 

metrics provide a comprehensive assessment of classification performance, particularly under 

potential class imbalance conditions. Final evaluation was performed on the held-out test set, which 

was not used during training or validation. 

3. Results and Discussion 

This section presents the experimental results and discussion of the proposed computer vision-

based complementary food recognition system. Experiments were conducted to evaluate the 

performance of three Convolutional Neural Network (CNN) architectures, namely MobileNetV2, 
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EfficientNetB0, and ResNet50, in performing automatic classification of complementary food images 

using the ComFoodID21 dataset. 

3.1. EfficienetB0 Model Results 

Based on Fig. 5, the training process over 30 epochs shows a consistent increase in accuracy 

accompanied by a steady decrease in loss. During the early training phase (epochs 0–5), both training 

and validation accuracy increase sharply, indicating effective initial feature learning. After 

approximately the 10th epoch, the validation accuracy stabilizes around 0.95 and continues to improve 

gradually, reaching 98.28% in the final evaluation, as summarized in Table 1. 

The training and validation loss curves exhibit a smooth and monotonically decreasing trend, 

approaching convergence at low loss values in the range of 0.15-0.2. The close alignment between 

training and validation curves suggests no significant overfitting, indicating that the model generalizes 

well to unseen data. Overall, these results demonstrate that EfficientNetB0 provides a balanced trade-

off between accuracy and computational efficiency when applied to highly homogeneous 

complementary food images, where discriminative features are primarily derived from subtle texture 

and color variations. 

 

Fig. 5. EfficientNetB0-Training & validation accuracy and loss 

Based on the confusion matrix in Fig. 6, the EfficientNetB0 model shows excellent classification 

performance on most menu classes in the ComFoodID21 dataset, characterized by a predominance of 

correct predictions on the main diagonal. Many classes, such as Chicken Potato Porridge, Misoa with 

Chicken Liver and Broccoli, and Steamed Rice with Minced Chicken and Catfish, were classified 

accurately without errors. This indicates that the model is capable of extracting relevant visual features 

when the differences in texture or ingredient composition are sufficiently clear. 

However, some prediction errors still occur in classes with high visual similarity, especially soft-

textured and similarly colored foods. For example, some Chicken Liver Coconut Porridge samples 

were mispredicted as Steamed Rice with Scrambled Egg, which was likely due to their similar bright 

color and soft texture. Similar errors were also found in rice and egg-based classes, as well as in classes 

with a limited number of test samples, where a single error had a proportionally significant impact. 

This pattern shows that classification errors are mainly influenced by visual homogeneity between 

classes, which is a major challenge in baby food recognition. 

3.2. MobileNetV2 Model Results 

The MobileNetV2 model achieved an overall accuracy of 93.10% with a precision value of 

89.68%, recall of 90.87%, and an F1-score of 88.21%. Although its performance was lower than that 

of EfficientNetB0 and ResNet50, these results show that lightweight architectures are still capable of 
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reliably classifying side dish images in domains with high visual homogeneity. As shown in Fig. 7, 

the training and validation accuracy curves increase sharply in the early epochs and begin to stabilize 

after approximately the 10th epoch, while the loss curve shows a consistent decline with no noticeable 

difference between the training and validation data, indicating a stable learning process without signs 

of overfitting. However, slower convergence and lower accuracy compared to deeper architectures 

indicate that MobileNetV2's design, which focuses on computational efficiency, may limit its ability 

to extract discriminative features in food images with very similar textures and colors. 

 

Fig. 6. Confusion Matrix- EfficientNetB0 

The confusion matrix for MobileNetV2 in Fig. 8 shows that most samples in each class were 

classified correctly, as indicated by the dominance of values on the main diagonal. Classes with 

relatively unique visual characteristics, such as Chicken Potato Porridge, Steamed Rice with 

Scrambled Egg, and Spinach with Scrambled Egg, had high prediction accuracy and experienced 

almost no classification errors. However, some errors still occur in classes with high color and texture 

similarity, especially in porridge-based and soft rice-based menus. Misclassification generally occurs 

between menus that are both brightly colored and soft in texture, indicating the limitations of 

MobileNetV2 in extracting subtle discriminative features in domains with high visual homogeneity. 
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Fig. 7. MobileNetV2-Training & validation accuracy and loss 

 

Fig. 8. MobileNetV2-Confusion matrix 
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3.3. Results of the ResNet50 Model 

The training results using the ResNet50 architecture show excellent and stable performance in 

the classification process of complementary food images. Based on the Training & Validation 

Accuracy graph in Fig. 9, the model experienced a rapid increase in accuracy in the first 10 epochs, 

and stabilized around 98-99% in the 20th epoch until the end of the training. The difference between 

training accuracy and validation accuracy is very small, indicating that the model does not suffer from 

overfitting and is able to generalize well to the validation data. This is reinforced by the loss graph, 

which decreases consistently until it converges below 0.1, indicating an efficient and stable 

optimization process during training. 

 

Fig. 9. ResNet50-Training & validation accuracy and loss 

The confusion matrix visualization in Fig. 10 shows that the ResNet50 model is able to classify 

most side dish classes with high accuracy, as indicated by the dominance of high values on the 

diagonal of the matrix. Several classes, such as Chicken Potato Porridge, Steamed Rice with 

Scrambled Egg, Steamed Noodles with Quail Egg, and Spinach with Scrambled Egg, are classified 

with near-perfect accuracy. Prediction errors are relatively limited and generally occur in classes with 

very similar visual characteristics, particularly in rice-based dishes or porridge with a soft texture 

and no visually noticeable differences in protein composition. This pattern is consistent with the high 

level of visual homogeneity in the ComFoodID21 dataset and does not indicate any systematic bias 

in the model. Quantitatively, ResNet50 achieved an accuracy of 98.28%, precision of 99.14%, recall 

of 98.28%, and F1-score of 98.28%, confirming the superiority of this model over other CNN 

architectures. 

3.4. Discussion 

Experimental results show that the three Convolutional Neural Network (CNN) architectures 

EfficientNetB0, MobileNetV2, and ResNet50 are able to perform classification of complementary 

food images with high accuracy, but with different performance characteristics and computational 

efficiency. Table 1 presents a comparative analysis of classification performance and training 

efficiency across the three CNN architectures. While EfficientNetB0 achieved the highest validation 

accuracy (98.28%) with the fastest average computation time per epoch (~6.7 s), ResNet50 

demonstrated the fastest convergence, reaching stable validation performance within approximately 

12-15 epochs. In contrast, MobileNetV2 required a substantially larger number of epochs to converge 

(approximately 25–30 epochs), despite its lightweight architecture. 

Although MobileNetV2 is designed to be computationally efficient, its slower convergence on 

the ComFoodID21 dataset suggests that lightweight depthwise separable convolutions may struggle 

to learn discriminative features in visually homogeneous food images. ResNet50, despite having a 

slightly higher average time per epoch, benefited from its residual learning mechanism, enabling faster 
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optimization and more stable feature learning. These results indicate that convergence behavior and 

architectural learning capacity play a more critical role than per-epoch computational cost when 

classifying complementary foods with low texture and color variability. 

 

Fig. 10. ResNet50-Confusion matrix 

Table 1.  Performance and Training Efficiency Comparison of Three CNN Architectures on the 

ComFoodID21 Dataset 

Model Epoch 

Average 

Per Epoch 

(seconds) 

Epochs to 

Convergence 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Scientific 

Observation 

EfficientNetB0 30 ~6.7 ~18–20 98.28 97.62 97.62 96.83 

Fast per epoch; 

balanced accuracy 

and convergence 

MobileNetV2 30 ~8.3 ~25–30 93.10 89.68 90.87 88.21 

Lightweight but 

slower convergence 

on homogeneous 
textures 

ResNet50 30 ~8.9 ~12–15 98.28 99.14 98.28 98.28 

Deeper residual 

learning enables 
faster convergence 

 

To further verify that the model focuses on semantically relevant regions rather than background 

artifacts, Grad-CAM visualizations were generated using the ResNet50 model. As shown in Fig. 11, 

the highest activation regions consistently correspond to the food content, particularly areas with 

distinctive texture and color composition, while minimal attention is paid to the plate boundaries or 
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background surface. This observation confirms that the proposed model learns meaningful visual cues 

from complementary food images and mitigates background bias, which is a common issue in small-

scale food image datasets. 

  

Fig. 11. Sample of Grad-CAM visualization results 

Table 2 presents a comparison of this study with several previous studies relevant to the field of 

deep learning-based food image classification. The comparison focuses on the type of dataset, 

methodological approach, and the best model used in each study. The comparative studies were 

selected to represent various food classification scenarios, ranging from adult food, general food, to 

regional food. Through this comparison, it can be seen that previous studies generally used datasets 

with relatively more diverse visual variations, while this study focused on images of baby food, which 

have more uniform visual characteristics. Thus, this table serves to position the proposed study in the 

context of existing literature and clarify the differences in domains and challenges addressed. 

Table 2.  Comparison with previous studies 

Study Dataset Method Best Model 

[42] MedGRFood EfficientNetB2 
Top-1: 83.4%, Top-5: 97.8% 

 

[64] Food-11 
Transfer Learning + Ensemble Learning 

(VGG19, ResNet50, MobileNetV2, AlexNet) 
Ensemble Learning: 96.8% 

[65] Indian food ResNet50 & InceptionV3 InceptionV3: 96.24% 

    

Our study ComFoodID21 EfficientNetB2, MobileNetV2, ResNet50 ResNet50: 98.28% 

 

Furthermore, [66] reported that MobileNetV2, although computationally efficient, suffers from 

limitations in generalization to objects with similar shapes and colors, which is consistent with the 

performance gap observed between MobileNetV2 and ResNet50 in Table 1. In addition, previous 

research [67] demonstrated that transfer learning–based deep architectures such as ResNet50, 

outperform lightweight models in capturing complex food semantics. 

4. Conclusion 

This study proposes and evaluates a computer vision-based side dish recognition system using a 

Convolutional Neural Network (CNN) architecture, utilising the ComFoodID21 dataset, which has a 

high level of visual homogeneity in terms of colour, texture, and shape. The experimental results show 

that the CNN model is still capable of learning discriminative visual representations even though the 

differences between classes are relatively subtle. Among the three architectures tested, ResNet50 
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showed the best performance with an accuracy of 98.28% and faster convergence compared to 

EfficientNetB0 and MobileNetV2, confirming the superiority of deeper residual architectures in the 

highly homogeneous food image domain. 

Scientifically, this research contributes an initial benchmark for the classification of food images 

and empirical analysis of the behaviour of various CNN architectures in domains with high visual 

homogeneity. Practically, the proposed system has the potential to be applied in smart nutrition 

monitoring applications, such as automatic food consumption recording or decision support systems 

for parents and health workers, especially in controlled image capture scenarios. 

However, this study has several limitations, including controlled data collection conditions, 

which limit generalisation to real-world environments, regional food representation, and sample 

imbalance between classes. Future research could focus on developing a hybrid CNN–Transformer 

model, applying adaptive domain fine-tuning, and integrating nutrient content estimation by linking 

classification results with a nutrient database or recipe metadata. The ComFoodID21 dataset and its 

annotations are provided to encourage further research in the field of artificial intelligence-based food 

recognition. 
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