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Abstract 

Autism spectrum disorder (ASD) represents a neurodevelopmental condition characterized by difficulties 

in expressing emotions and communication, particularly during early childhood. Understanding the 

affective state of children at an early age remains challenging, as conventional assessment methods are 

often intrusive, subjective, or difficult to apply consistently. This paper builds upon previous work on 

affective state recognition from children’s drawings by presenting a comparative evaluation of machine 

learning models for emotion classification. Three deep learning architectures—MobileNet, EfficientNet, 

and VGG16—are evaluated within a unified experimental framework to analyze classification 

performance, robustness, and computational efficiency. The models are trained using transfer learning on 

a dataset of children’s drawings annotated with emotional labels provided by psychological experts. The 

results highlight important trade-offs between lightweight and deeper architectures when applied to 

drawing-based affective computing tasks, particularly in mobile and real-time application contexts. 

 

 

Index Terms—Affective computing, autism spectrum disorder, children’s drawings, deep learning, emotion 

recognition, machine learning, transfer learning. 

 

1. Introduction 

Autism spectrum disorder is a neurodevelopmental condition characterized by persistent difficulties in social 

communication, emotional expression, and speech development, with symptoms typically emerging in early 

childhood [1]. Speech and language impairments are among the most common challenges associated with 

autism spectrum disorder and often limit a child’s ability to express internal emotional states through 

conventional verbal communication [2]. Early identification and intervention are essential, as timely support 

can significantly improve long-term developmental outcomes [3][6]. However traditional assessment 

methods frequently rely on direct interaction, clinical observation, or caregiver reports, which may be 

intrusive, subjective, or difficult to apply consistently [7]. Consequently, alternative, non-invasive 

approaches for understanding children’s emotional states are increasingly being explored. Expressive 

activities such as drawing provide a natural and accessible medium for emotional communication, 

particularly for children with limited speech abilities [9]. Recent advances in machine learning and affective 

computing enable the objective analysis of such expressive data, opening new possibilities for digital tools 

that support emotional understanding and communication in children with neurodevelopmental challenges 

[8][5][12]. 

 

2. Background And Related Work On Drawing-Based Emotion Analysis 

Children’s drawings have long been studied as a meaningful medium for emotional expression, particularly 

in early childhood, when verbal communication skills are still developing [6][7]. For children with 

neurodevelopmental conditions such as autism spectrum disorder and speech impairments, drawings often 

serve as an alternative channel for expressing internal emotional states that may be difficult to communicate 

verbally [9]. Psychological studies have shown that elements such as color usage, spatial organization, shape 

selection, and drawing content can reflect affective and cognitive processes in young children. 
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In recent years, advances in machine learning and affective computing have enabled the automated 

analysis of visual artifacts, including children’s drawings, for emotion recognition tasks [13]. Early 

approaches relied on handcrafted features combined with classical classifiers, while more recent work has 

focused on deep learning architectures capable of learning hierarchical visual representations directly from 

image data [8][10][11]. Convolutional neural networks have been successfully applied to drawing-based 

emotion analysis, demonstrating promising results in recognizing affective patterns across different 

developmental stages. 

Prior research has also explored the feasibility of integrating such models into digital and mobile 

applications, highlighting the importance of computational efficiency, robustness, and interpretability [10]. 

Lightweight architectures are particularly relevant for real-time and mobile scenarios, where resource 

constraints are critical [14]. However, deeper models may capture more complex visual features, potentially 

improving classification performance at the cost of increased computational demands. This evolving 

research landscape motivates a systematic comparison of deep learning architectures to better understand 

their suitability for drawing-based affective state recognition in children. 

 

3. Machine Learning Models And Experimental Framework 

This work builds upon the authors’ previous research on affective state recognition from children’s 

drawings, where convolutional neural networks were employed to classify emotional states using visual 

features extracted from free-form drawings [2]. In that study, an initial dataset and experimental framework 

demonstrated the feasibility of using machine learning techniques to support non-invasive emotional 

assessment in children with neurodevelopmental challenges [8][9][10]. The present work extends this line of 

research by introducing an expanded dataset, a refined experimental protocol, and a comparative evaluation 

of multiple deep learning architectures. All models were trained using the same experimental protocol, 

including identical training–testing splits (75% training, 25% testing), batch size, early stopping criteria, and 

optimization strategy. Model performance was evaluated using accuracy, precision, recall, F1-score, and 

confusion matrices. In addition, training convergence behavior and inference efficiency were analyzed to 

assess practical deployment feasibility. 

 

3.1.Emotional State Definition and Dataset Description 

The dataset used in this study consists of 1,472 children’s drawings, collected and annotated with expert 

input from psychological specialists. The drawings are categorized into five dominant emotional states: 

happy, sad, angry, fear, and insecure. These states were selected based on their frequent occurrence in early 

childhood emotional expression and their relevance in the psychological assessment of children with autism 

spectrum disorder and related neurodevelopmental conditions [4]. Prior studies in child psychology indicate 

that these affective states are commonly reflected through visual elements such as color usage, stroke 

intensity, spatial organization, and symbolic content in drawings [6][7]. 

Rather than attempting fine-grained or overlapping emotional labels, the dataset focuses on dominant 

affective states to reduce subjectivity and improve annotation consistency [5][10]. This choice aligns with 

clinical practice, where primary emotional tendencies are often more informative than subtle emotional 

variations, particularly in children with limited verbal communication abilities. 

As illustrated in Fig. 1, the dataset exhibits moderate class imbalance, with the happy class being the 

most represented. To address this, data augmentation techniques were applied uniformly across classes 

during training to improve generalization and robustness. 
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Fig. 1 Number of Training images per Emotional class 

 

3.2.Data Preprocessing and Augmentation 

All drawings were resized to a fixed resolution of 224 × 224 pixels and converted to RGB (Red, Green, and 

Blue) format to match the input requirements of the pretrained convolutional neural networks. Pixel 

intensities were preserved in the original range and normalized internally using architecture-specific 

preprocessing functions. 

Given the moderate dataset size and the presence of class imbalance, data augmentation was 

employed during training to improve generalization and reduce overfitting. The augmentation strategy 

included small geometric transformations that preserve the semantic content of children’s drawings, namely: 

random rotations (±15°), slight zoom variations (±5%), and horizontal and vertical translations (±5%). 

Horizontal flipping was intentionally excluded to avoid altering spatial cues that may be emotionally 

meaningful in children’s drawings. In Figure 2, is presented the drawing with augmentation. Augmentation 

was applied only to the training set and generated on-the-fly during model optimization. 



Aura-Loredana Dan, IJSRM Volume 14 Issue 01 January 2026                                          EC-2026-2734 

 
Fig. 2 Number of Training images per Emotional class 

 

3.3.MobileNet Architecture 

MobileNetV2 [17] was selected as a lightweight architecture optimized for mobile and real-time 

applications. The pretrained convolutional base, initialized with ImageNet weights, was used as a fixed 

feature extractor in the initial training phase. A custom classification head was added, consisting of a global 

average pooling layer, followed by two fully connected layers with dropout regularization and a softmax 

output layer corresponding to the five emotional classes. 

 

3.4.Vgg16 Architecture 

VGG16 [16][19] was used as a deeper baseline architecture to evaluate the impact of increased 

representational capacity on emotion recognition performance. Similar to MobileNet, the pretrained VGG16 

convolutional layers were initialized with ImageNet weights and kept frozen during training. To mitigate 

overfitting associated with deep architectures and limited data, a lightweight classification head was 
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employed, replacing traditional fully connected layers with global average pooling and dropout 

regularization. 

While VGG16 provides strong feature extraction capabilities, its large parameter count and 

computational demands make it less suitable for mobile deployment, serving instead as a performance-

oriented comparison model. 

 

3.5.EfficientNet Architecture 

 

EfficientNetB0 [18[15]] was included due to its compound scaling strategy, which jointly optimizes 

network depth, width, and resolution. This architecture has demonstrated strong performance across vision 

tasks while maintaining computational efficiency. As with the other models, the EfficientNet backbone was 

initialized with pretrained ImageNet [20] weights and combined with a lightweight classification head 

identical in structure to those used for MobileNet and VGG16 to ensure a fair comparison. 

EfficientNet achieved the most favorable balance between classification accuracy and computational 

efficiency among the evaluated models, making it particularly suitable for affective computing applications 

that require both robustness and scalability. 

 

4. Experimental Results And Performance Evaluation 

4.1.Overall Classification Performance 

This section presents the quantitative evaluation of the proposed models for affective state recognition from 

children’s drawings. Performance was assessed using classification accuracy, loss values, and confusion 

matrix analysis on the held-out test set. Three transfer learning architectures—MobileNet, VGG16, and 

EfficientNet—were evaluated under identical training conditions to ensure a fair comparison. 

Figure 5 illustrates the training and validation accuracy curves obtained over 20 training epochs for 

the EfficientNet model. The training accuracy increases rapidly during the initial epochs and continues to 

improve steadily, reaching a high convergence level close to the end of training. In contrast, the validation 

accuracy stabilizes at approximately 62.77%, indicating that EfficientNet is able to learn discriminative 

representations while maintaining comparatively good generalization performance. The gap between 

training and validation curves suggests mild overfitting; however, the validation trend remains stable, 

demonstrating robustness on unseen data. 

Figure 4 presents the accuracy curves for the MobileNet architecture. The training accuracy increases 

consistently across epochs, but at a slower rate than EfficientNet, while the validation accuracy plateaus 

around 59.24%. Compared to EfficientNet, MobileNet exhibits a larger discrepancy between training and 

validation performance, reflecting its more lightweight architecture and reduced representational capacity. 

Nevertheless, the relatively stable validation curve confirms that MobileNet remains suitable for resource-

constrained and mobile deployment scenarios. 

Figure 3 shows the accuracy evolution for the VGG16 model. Both training and validation 

accuracies remain significantly lower than those of EfficientNet and MobileNet, with validation accuracy 

reaching only 46.2% after 20 epochs. The limited improvement across epochs suggests that VGG16 

struggles to adapt effectively to the drawing-based emotional classification task under the given dataset size 

and training configuration. This behavior is likely due to the model’s high parameter count, which increases 

the risk of underfitting or inefficient feature learning when applied to small and specialized datasets. 

Overall, the accuracy curves demonstrate that EfficientNet achieves the best balance between convergence 

speed,final performance, followed by  MobileNet, while VGG16 yields the weakest results for this task. 
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Fig. 3 VGG16 model accuracy 

 

 
Fig. 4 MobileNet model accuracy 

 

 
Fig. 5 EfficientNet model accuracy 

 

Among the evaluated models, EfficientNet achieved the highest classification accuracy of 62.77%, 

with a corresponding loss value of 1.8688, demonstrating superior generalization capability on the test data. 

MobileNet achieved an accuracy of 59.24% with a lower loss of 1.1821, reflecting its efficient learning 

behavior and suitability for lightweight deployment scenarios. In contrast, VGG16 obtained a significantly 

lower accuracy of 46.2% and a loss of 1.7367, indicating limited effectiveness for this task given the dataset 

size and complexity. 

These results confirm that architectures specifically optimized for efficiency and balanced scaling, 

such as EfficientNet, are better suited for affective computing tasks involving children’s drawings, where 

both subtle visual patterns and generalization are critical. 

Beyond the quantitative evaluation, the findings of this study have direct practical relevance within 

the context of the PandaSays [21] application, a digital assistive tool designed to support emotional 

expression and communication in children diagnosed with autism. The application leverages children’s free-

form drawings as a natural interaction modality, aiming to provide caregivers and specialists with insights 

into the child’s affective state. The superior performance of EfficientNet observed in this work supports its 

suitability for integration into PandaSays, where robust generalization and efficient inference are essential. 

By enabling more accurate emotion recognition from children’s drawings, the proposed approach 

contributes to the development of non-invasive, AI (Artificial Intelligence)-assisted tools that facilitate 

emotional awareness and communication in real-world therapeutic and educational settings. 

 

4.2.Confusion Matrix Analysis  

To further analyze model behavior beyond aggregate accuracy, confusion matrices were computed for each 

architecture, as illustrated in Figures 6–8. The confusion matrix of EfficientNet shows improved class 

discrimination across all five emotional states, with particularly strong performance in recognizing happy 

and fear categories. Misclassifications primarily occurred between emotionally adjacent classes, such as sad 

and insecure, which share overlapping visual characteristics in children’s drawings. 

MobileNet demonstrates comparable performance, though with slightly higher confusion between 

angry and sad states. This behavior reflects the trade-off between reduced model complexity and 
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representational capacity. Nevertheless, MobileNet maintains stable performance across all classes, 

reinforcing its applicability in mobile and real-time systems. 

VGG16 exhibits the highest degree of misclassification across all emotional categories. The 

confusion matrix reveals frequent incorrect predictions, particularly for minority classes, suggesting 

overfitting and insufficient adaptation of deep features to the affective drawing domain. 

 
Fig. 6 MobileNet confusion matrix 

 

 
Fig. 7 VGG16 confusion matrix 

 

 
Fig. 8 EfficientNet confusion matrix 

 

5. Discussion 

This section discusses the comparative performance of the evaluated deep learning architectures and 

analyzes the factors influencing their effectiveness in recognizing affective states from children’s drawings. 
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The results demonstrate that EfficientNet achieves the highest classification accuracy (62.77%), 

outperforming MobileNet (59.24%) and VGG16 (46.20%), while maintaining a favorable balance between 

model complexity and computational efficiency. 

The superior performance of EfficientNet can be attributed to its compound scaling strategy, which 

jointly optimizes network depth, width, and input resolution. This design enables EfficientNet to capture 

richer visual representations from children’s drawings without a proportional increase in computational cost. 

Compared to the results reported in the authors’ previous work on drawing-based emotion recognition, 

where lighter architectures were primarily explored, the current findings indicate a consistent improvement 

in accuracy when EfficientNet is employed under a unified training and augmentation framework. This 

suggests that this neural network is particularly well suited for affective computing tasks involving abstract 

and non-photorealistic visual inputs. 

MobileNet demonstrates competitive performance while remaining computationally efficient, 

confirming its suitability for mobile and real-time applications. Although its accuracy is slightly lower than 

that of EfficientNet, MobileNet benefits from a significantly reduced parameter count and faster inference, 

which are critical considerations for deployment in assistive technologies targeting children. In contrast, 

VGG16 exhibits the lowest performance among the evaluated models. Its deep and parameter-heavy 

architecture appears less effective for the relatively small and heterogeneous dataset of children’s drawings, 

likely due to overfitting and limited generalization capability. 

An additional challenge observed across all models is the confusion between emotionally adjacent 

classes, such as sad and insecure, as reflected in the confusion matrix analysis. These ambiguities highlight 

the intrinsic subjectivity of emotional expression in children’s drawings and reinforce the importance of 

psychological expertise in dataset annotation. Overall, the findings support the use of efficient deep learning 

architectures for non-invasive emotional state recognition and provide evidence that carefully balanced 

models can outperform deeper networks in this domain. 

 

6. Conclusion 

This paper presented a comparative study of deep learning architectures for affective state recognition from 

children’s drawings, with a particular focus on applications for children with autism spectrum disorder. By 

extending previous research in this domain, a unified experimental framework was employed to evaluate 

MobileNet, VGG16, and EfficientNet using a dataset of 1,472 annotated drawings representing five 

dominant emotional states. The results demonstrate that EfficientNet achieves the best overall performance, 

offering an effective balance between classification accuracy and computational efficiency, while MobileNet 

remains a strong candidate for deployment in mobile and resource-constrained environments. In contrast, 

VGG16 showed limited generalization capability for this task, highlighting the importance of architecture 

selection when working with abstract and expressive visual data. 

Beyond quantitative performance, the analysis revealed consistent challenges related to the overlap 

between emotionally adjacent classes, reflecting the subjective and nuanced nature of emotional expression 

in children’s drawings. These findings emphasize the need for psychologically informed labeling and model 

interpretability in affective computing systems. 

The outcomes of this work support the feasibility of non-invasive, machine learning–based tools for 

emotional state recognition and their potential integration into digital assistive technologies aimed at 

enhancing emotional awareness and communication. Future work will focus on expanding the dataset, 

exploring multimodal approaches that combine visual and behavioral cues, and investigating personalized 

and longitudinal models to better capture individual emotional development patterns in children with 

neurodevelopmental challenges. 

 

Statements and Declarations 

Availability of data and materials 

The datasets generated and/or analyzed during the current study are not publicly available but are available 

from the corresponding author on reasonable request. 

The data was fully anonymized, collected with informed consent from parents or legal guardians, analyzed 

retrospectively without any direct intervention involving the children, and posed no risk of identification or 

harm to participants. 

 



Aura-Loredana Dan, IJSRM Volume 14 Issue 01 January 2026                                          EC-2026-2739 

Competing interests 

The author declares that there are no competing interests. 

 

Conflict of Interest statement 

The author declares no conflict of interest. 

 

Funding 

This research received no external funding. 

 

Authors’ contributions 

The author conceived the study, designed the methodology, performed the experiments, analyzed the results, 

and wrote the manuscript. 

 

Acknowledgements 

The author thanks the clinical psychologists who contributed their expertise to the annotation and 

interpretation of children’s drawings used in this study. Their professional insight was essential in defining 

the emotional categories and validating the labelling of the drawings, ensuring that the dataset reflects 

psychologically meaningful affective states.   

 

References 

 

1. American Psychiatric Association, Diagnostic and Statistical Manual of Mental Disorders, 5th ed. 

Washington, DC, USA: APA, 2013. 

2. H. Tager-Flusberg, R. Paul, and C. Lord, ―Language and communication in autism,‖ in Handbook 

of Autism and Pervasive Developmental Disorders, 3rd ed., D. J. Cohen and F. R. Volkmar, Eds. 

Hoboken, NJ, USA: Wiley, 2005, pp. 335–364. 

3. G. Dawson et al., ―Early behavioral intervention is associated with normalized brain activity in 

young children with autism,‖ J. Am. Acad. Child Adolesc. Psychiatry, vol. 51, no. 11, pp. 1150–

1159, 2012. 

4. C. Lord et al., ―Autism diagnostic observation schedule,‖ J. Autism Dev. Disord., vol. 30, no. 3, 

pp. 205–223, 2000. 

5. R. W. Picard, Affective Computing. Cambridge, MA, USA: MIT Press, 1997. 

6. C. A. Malchiodi, Understanding Children’s Drawings. New York, NY, USA: Guilford Press, 1998. 

7. E. M. Koppitz, Psychological Evaluation of Children’s Human Figure Drawings. New York, NY, 

USA: Grune & Stratton, 1968. 

8. A.-L. Popescu and N. Popescu, ―Neural networks - based solutions for predicting the affective 

state of children with autism,‖ 23rd International Conference on Control Systems and Computer 

Science (CSCS), Bucharest, Romania, pp. 2-5, 2021, doi: 10.1109/CSCS52396.2021.00023 

9. A. L. Popescu and N. Popescu, "Machine Learning based Solution for Predicting the Affective 

State of Children with Autism," 2020 International Conference on e-Health and Bioengineering 

(EHB), Iasi, Romania, pp. 1-4, 2020, doi: 10.1109/EHB50910.2020.9280194. 

10. Popescu, A.-L.; Popescu, N.; Dobre, C.; Apostol, E.-S.; Popescu, D., ―IoT and AI-Based 

Application for Automatic Interpretation of the Affective State of Children Diagnosed with 

Autism‖, Sensors 2022, 22, 2528, pp. 1-7, 2022, https://doi.org/10.3390/s22072528 

11. Y. LeCun, Y. Bengio, and G. Hinton, ―Deep learning,‖ Nature, vol. 521, no. 7553, pp. 436–444, 

May 2015. 

12. R. A. Calvo and S. D’Mello, ―Affect detection: An interdisciplinary review of models, methods, 

and their applications,‖ IEEE Trans. Affective Comput., vol. 1, no. 1, pp. 18–37, Jan.–Jun. 2010. 

13. Z. Zhang, P. Cui, and W. Zhu, ―Deep learning for affective computing: A survey,‖ IEEE Trans. 

Affective Comput., vol. 9, no. 3, pp. 1–20, Jul.–Sep. 2018. 

14.  A. G. Howard et al., ―MobileNets: Efficient convolutional neural networks for mobile vision 

applications,‖ arXiv:1704.04861, Apr. 2017. 

15. M. Tan and Q. Le, ―EfficientNet: Rethinking model scaling for convolutional neural networks,‖ in 

Proc. Int. Conf. Mach. Learn. (ICML), Long Beach, CA, USA, Jun. 2019, pp. 6105–6114. 



Aura-Loredana Dan, IJSRM Volume 14 Issue 01 January 2026                                          EC-2026-2740 

16. K. Simonyan and A. Zisserman, ―Very deep convolutional networks for large-scale image 

recognition,‖ in Proc. Int. Conf. Learn. Representations (ICLR), San Diego, CA, USA, May 2015. 

17. Keras Applications: MobileNet,  https://keras.io/api/applications/mobilenet/, accessed on 

02.12.2025. 

18. Keras Applications: EfficientNet,  https://keras.io/api/applications/efficientnet/, accessed on 

02.12.2025. 

19. PyTorch Vision VGG16 Model,  

https://docs.pytorch.org/vision/main/models/generated/torchvision.models.vgg16.html, accessed 

on 03.12.2025. 

20. About ImageNet, https://www.image-net.org/ , accessed on 20.12.2025. 

21. About PandaSays, https://www.pandasays.org/, accessed on 10.11.2025. 

 

 

 Aura-Loredana Dan, received the Ph.D. degree in computer science from the National 

University of Science and Technology POLITEHNICA Bucharest, Bucharest, Romania, 

within the Computer Science Department. Her doctoral research focused on machine 

learning and affective computing for children with neurodevelopmental disorders, with 

particular emphasis on the automatic interpretation of emotional states from children’s 

drawings. Her research has resulted in several peer-reviewed publications, including 

―Neural Network–Based Solutions for Predicting the Affective State of Children with 

Autism‖ (2021 23rd International Conference on Control Systems and Computer Science 

(CSCS)), ―Machine Learning–Based Solutions for Predicting the Affective State of Children with Autism‖ 

(2020 International Conference on e-Health and Bioengineering (EHB)), and ―An IoT- and AI-Based 

Application for the Automatic Interpretation of the Affective State of Children Diagnosed with Autism‖ 

(Sensors, 2022). 

Dr. Dan is currently engaged in applied artificial intelligence research and software development, with 

experience in designing and deploying machine learning models for real-world applications. Her work 

focuses on bridging academic research and practical implementation of intelligent systems aimed at 

supporting emotional understanding, communication, and assistive technologies for children with 

neurodevelopmental challenges. 


