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Abstract. This paper investigates using image-based features, combining body
posture and context, to automatically detect emotions in natural settings. We
focus on seven emotions: happy, sad, disgust, neutral, surprise, anger, and fear ,
from the NCAER dataset. We applied the Vision Transformer (ViT-B16) model
to each cue. When body features are extracted using the Vision Transformer
(ViT-B16) , we achieve an overall accuracy of 58.16%. Similarly, for con-
text feature extraction, we hide the face and body of the main actor in the vi-
sual scene and then apply the Vision Transformer (ViT-B16) to the remaining
context-related elements, achieving an accuracy of 55.19%. However, by fusing
both body and context features, we improve the accuracy to 56.67%, surpassing
the GLAMOUR_Net method.

1 Introduction

Emotion recognition plays a crucial role in improving human-computer interaction across a
variety of domains. From healthcare [1] to driving monitoring [2], education [3], and the
broader field of human-computer systems [4], the ability to understand emotional cues holds
significant value. When systems can accurately identify emotions, they gain a deeper under-
standing of user intent, which ultimately makes interactions more intuitive and meaningful.

The majority of research in emotion recognition has concentrated on facial expressions.
These expressions provide powerful signals that machines can learn to interpret. Deep learn-
ing techniques, including Long Short-Term Memory[5], Generative Adversarial Networks,
and Convolutional Neural Networks, have proven particularly effective in extracting mean-
ingful features from facial data [6]. Through these methods, systems can enhance their ability
to detect and analyze the subtleties of human emotions.

Recent studies [7–9] that use Vision Transformers for facial expression recognition have
demonstrated their power in surpassing CNNs in emotion recognition tasks. the Vision Trans-
former leverage self-attention mechanisms that allow them to capture long-range dependen-
cies within images, making them highly effective at processing complex relationships. Their
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success in facial expression recognition highlights their power in handling more detailed and
broad relationships in visual data. In addition to facial analysis, recent works such as [10]
have extended the use of Vision Transformers to body-based emotion recognition, effectively
capturing postural dynamics and motion patterns. These approaches confirm the flexibility of
transformer architectures in handling diverse visual cues relevant to emotional states.

In parallel, emotion recognition research has moved toward combining multiple visual
cues rather than being limited to facial expressions. Several studies have explored this di-
rection by integrating facial and contextual information using CNN-based models, such as
MCF_NET [11] and GLAMORNet [12]. While these approaches have shown improvements,
they remain limited by the local receptive fields and inductive biases of convolutional archi-
tectures. In contrast, Vision Transformers have demonstrated strong results in facial expres-
sion recognition and body emotion recognition. Motivated by these findings, we extend the
use of transformer-based architectures to body and context cues. Our goal is to capture richer
and more expressive features for emotion recognition by fully exploiting the global reasoning
capabilities of transformer-based architectures.

This paper introduces a novel approach to emotion recognition that combines body and
contextual information through the use of Vision Transformer (ViT-B16). By considering not
only facial expressions but also body language and context information, we offer a more com-
prehensive method for detecting emotions. We created a new pipeline using Vision Trans-
formers ability to capture nuanced interdependencies between body posture and context, to
improve the accuracy and robustness of emotion recognition. The following are the key con-
tributions from this paper:

• We propose a dual-stream architecture that processes body and context inputs separately,
using Vision Transformer (ViT-B16) as a unified backbone.

• We demonstrate that the Vision Transformer (ViT-B16) significantly outperforms CNN-
based architectures for both body and context cues.

• We introduce a refined context construction method that masks the body of the central actor
using YOLOv8 segmentation.

• We apply focal loss to address the class imbalance present in the NCAER-S dataset.

• We implement a late decision fusion strategy by averaging predictions from the body and
context models.

• We validate our approach through extensive experiments and show that the combined
model consistently achieves higher accuracy than single-stream baselines, confirming the
advantage of fusion with transformers in emotion recognition tasks.

2 Methodology

2.1 Overview

In this section, we will describe our proposed approach. As shown in figure 1, our archi-
tecture processes each image through two separate paths. The first path segments the main
actor’s body and feeds it to a Vision Transformer (ViT-B16) network, which extracts features,
flattens them, applies dropout, and outputs seven emotion scores. The second path masks the
actor’s body, keeps the scene context, and sends these images through an identical Vision
Transformer (ViT-B16) network. After both paths finish, our dual-stream architecture fuses
their softmax scores, usually by averaging, to form a final prediction. The output of this
merge will result in an emotion being chosen out of a possible seven emotions.

The following subsections will elaborate on each model in detail.

Figure 1. his figure shows a dual-stream architecture based on Vision Transformers (ViT-b16) for
emotion recognition.

2.2 Preprocessing pipeline

Before training, we apply a preprocessing step that adds variation across epochs while pre-
serving key features for the model. After that, we resize both body and context images to 112
× 112 pixels.

2.3 Body encoding stream

We use the human body to capture non-verbal signals. Each image is processed with
YOLOv8 [13], which detects all visible bodies. Since we already know the main actor’s face,
we use its bounding box as a reference. As shown in figure. 2, YOLOv8 returns bounding
boxes for every detected body.

To locate the body of the main actor, we compare each body box to the face box. We
measure how much they overlap. The body box with the largest overlap is selected as the
main actor’s body. Once identified, we extract the corresponding mask. We then apply this
mask to the original image Ioriginal to isolate the body of the main actor. The resulting masked
image denoted Ib is the input of the body stream as shown in figure 1.

Figure 2. segmentation of the main actor using YOLOv8.

The body encoding module uses a Vision Transformer (ViT-B16) to extract features from
the input body image. The model splits the image into small square patches and looks at how
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We use the human body to capture non-verbal signals. Each image is processed with
YOLOv8 [13], which detects all visible bodies. Since we already know the main actor’s face,
we use its bounding box as a reference. As shown in figure. 2, YOLOv8 returns bounding
boxes for every detected body.
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The body encoding module uses a Vision Transformer (ViT-B16) to extract features from
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they relate using self-attention. Unlike convolutional networks, Vision Transformer captures
both local and global patterns across the entire image.

The output of the transformer is then flattened into one feature vector. Dropout is per-
formed on the output to avoid overfitting, dropping some values during training at random.
Then the vector flows through a dense layer with ReLU, helping the model pick up signals
tied to emotion.

We add another dropout layer to improve generalization. In the final step, a softmax layer
chooses one of seven emotion classes based on the learned features.

2.4 Context encoding stream

To create the context image, we used the actor’s body mask, denoted as Mbody. Since the mask
was already available, we set the body area to zero and left the rest of the image unchanged.
In simple terms, we applied (1), where Mbody is the binary mask and Ioriginal is the original
image. This removed the actor’s body while keeping the background, objects, and other
people intact. The context stream then focused only on the surroundings, not on the actor.

Ic = Ioriginal × (1 − Mbody) (1)

Figure 3. The context image is generated by masking the body region of the main actor

The extracted image, which can be represented as Ic,is used as input to the context encod-
ing stream. We then processed the Ic using the same model architecture as the body module.
It passed through a Vision Transformer (ViT-B16), followed by flattening, dropout, a dense
layer with ReLU, a second dropout layer, and finally a softmax classifier. This allowed the
context stream to extract features from the scene while ignoring the actor.

2.5 Adaptive fusion networks:

We applied adaptive decision fusion to combine predictions from the body and context mod-
els. After testing each stream independently, we collected their softmax outputs. We then
averaged the outputs from both models to produce a combined prediction. This approach can
be expressed as:

Pfinal =
Pbody + Pcontext

2
(2)

where Pbody and Pcontext are the predicted probability vectors from the two models. To obtain
the final class label, we chose the one with maximum probability:

ŷ = arg max(Pfinal) (3)

This late fusion strategy gave equal importance to both sources and allowed the final predic-
tion to reflect information from the body and the context. We then compared the predicted
labels with the ground truth to compute the final classification accuracy.

3 Experiments

3.1 Datasets

Our suggested method was tested using the NCAER-S (New CAER-S) dataset. Researchers
extracted NCAER-S from CAER-S to make it more robust. CAER-S’s training and test sets
shared similar video sources, reducing its ability to generalize. NCAER-S resolved this by
improving the separation between sets.

figure4 shows the class imbalance in the NCAER-S dataset, with ’Neutral’ being domi-
nant and ’Happy’ underrepresented. Some test classes contain fewer than 10% of the total
samples, which limits the reliability of the evaluation. To improve this, we regrouped all
subsets and re-split the data to allocate 10% for testing. While this increased test coverage
per class, it did not fully resolve the imbalance, as shown in figure5.

Figure 4. Distribution of images into various classes (Train and Test) in NCAER-S.

Figure 5. Distribution of images into various classes (Train and Test) in NCAER-S after splitting.

3.2 Loss Function AND Evaluation Metrics

Following [12], we use the standard overall classification accuracy metric to evaluate the
results on the NCAER_S dataset and compare them quantitatively with previous approaches.

Our networks are implemented using Tensorflow 2.10 framework [14]. For optimization,
we use the Rectified Adam optimization algorithm and Focal Loss function [15], expressed
as:

FocalLoss =
1
N

N∑
i=1

C∑
c=1

[
−α (1 − pic

)γ
yic ln

(
pic
)]
.

Where: N is the number of samples, C is the number of classes, pic is the predicted proba-
bility for sample i and class c, yic is the correct label, α is a weighting factor to address class
imbalance, and γ adjusts how strongly the loss focuses on hard, misclassified examples.
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the final class label, we chose the one with maximum probability:
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extracted NCAER-S from CAER-S to make it more robust. CAER-S’s training and test sets
shared similar video sources, reducing its ability to generalize. NCAER-S resolved this by
improving the separation between sets.

figure4 shows the class imbalance in the NCAER-S dataset, with ’Neutral’ being domi-
nant and ’Happy’ underrepresented. Some test classes contain fewer than 10% of the total
samples, which limits the reliability of the evaluation. To improve this, we regrouped all
subsets and re-split the data to allocate 10% for testing. While this increased test coverage
per class, it did not fully resolve the imbalance, as shown in figure5.

Figure 4. Distribution of images into various classes (Train and Test) in NCAER-S.
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3.2 Loss Function AND Evaluation Metrics

Following [12], we use the standard overall classification accuracy metric to evaluate the
results on the NCAER_S dataset and compare them quantitatively with previous approaches.

Our networks are implemented using Tensorflow 2.10 framework [14]. For optimization,
we use the Rectified Adam optimization algorithm and Focal Loss function [15], expressed
as:
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N∑
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Figure 6. The loss and accuracy curves of our proposed method based on body cues evaluated on the
NCAER-S dataset

Figure 7. The loss and accuracy curves of our proposed method based on context features evaluated on
the NCAER-S dataset

4 Results and Discussion

We analysed the training behavior of two independent models: one on body features and
the other on context features, both using the Vision Transformer (ViT-B16) architecture. As
shown in figure 6, the loss for the body model decreased consistently over 25 training epochs,
starting around 1.0 and reaching approximately 0.32. The context model followed a similar
pattern (figure 7), although its final loss remained slightly higher at around 0.38. While
both models demonstrated stable convergence, the body model showed a faster and more
consistent decrease in loss during training.

These results demonstrate the effectiveness of focal loss in handling class imbalance and
guiding the optimization process. It encourages the model to concentrate on challenging or
underrepresented instances by reducing the influence of easily classified samples. This mech-
anism is particularly relevant for our dataset, NCAER-S, which contains unequal distribution
of classes. For instance, the ’happy’ class includes 1,521 samples, while ’neutral’ has 2,557.
The sharper decline in the body model’s loss suggests that focal loss was especially benefi-
cial in helping the model focus its learning on the most informative examples and achieve
stronger generalization.

Table 1. Ablation experiment results of our proposed emotion recognition network.

Method Body algorithm (YoLov8) body model Context model Acc(%d)
our method ✓ ✓ x 58.16%

✓ x ✓ 55.19%
✓ ✓ ✓ 56.67%

4.1 Ablation study

To determine the effect of individual modalities, an ablative study was performed using two
separate networks trained only on the body or context inputs. Based on their good perfor-
mance individually, the predictions were simply averaged, thus creating a fusion network
without extra training. In addition, this simple method would ensure a more balanced output
by utilizing the benefits of each modality. When we tried fusing the networks using averag-
ing, we found a marked improvement in the classification result, suggesting that the model
has successfully learned how to use information from both sets of inputs. This indicates that
emotion recognition can be aided by learning distinct cues that appear in body and contextual
information. Furthermore, by combining these two modalities, our system is closer to mim-
icking human emotion perception, as we make use of multiple visual cues in the process of
identifying emotions.

4.2 Comparisons to Baseline Methods

In this subsection, we compare our approach against existing baseline methods MCF_NET
[11]and GLAMORNet [12]. In Table 2, we see that our dual-stream architecture outperforms
all compared models and achieves the highest overall performance. Specifically, it improves
classification accuracy by 8.27% over GLAMOR-Net [12].

The results shown in table 2 demonstrate that our dual-stream architecture for emo-
tion recognition, which combines body and context features through two parallel encoding
streams, outperforms previous approaches such as MCF_NET [11] and GLAMOR-Net [12].
These models are limited to facial and contextual features and are based entirely on convo-
lutional neural network architectures. In contrast, our method replaces the facial component
with body cues and employs the Vision Transformer (ViT-B16) backbone in both streams. In
addition, The exclusion of the actor’s body from the context image resulted in an observable
improvement in classification outcomes. This modification directed the model’s attention
toward alternative sources of information, such as background configuration, surrounding
objects, and other individuals, thereby reducing feature redundancy. Encouraging the model
to rely on distinct cues from each input led to a more complementary feature set and enhanced
predictive accuracy

our approach introduces two key improvements. First, by leveraging body features in-
stead of facial ones, we capture a broader range of emotional expressions, especially in sit-
uations where facial information is ambiguous or occluded. Second, the use of the Vision
Transformer (ViT-B16) provides stronger global context modeling than CNNs, allowing the
network to better understand spatial relationships and subtle emotional cues distributed across
the scene.

The dual-stream architecture, with fine-tuned Vision Transformer (ViT-B16) in both
branches, resulted in a clear performance gain. These results confirm that body and con-
text features are complementary and that transformer-based encoding enhances the network’s
ability to generalize. This suggests that emotion recognition systems benefit from modeling
diverse visual cues with architectures capable of long-range feature interaction.
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Table 2. Comparison of our method with prior work on the NCAER-S dataset.

Method Accuracy (%)
MCF_NET [11] (Face + Context) 45.59
GLAMOR-Net (Original) [12] (Face + Context) 46.91
GLAMOR-Net (MobileNetV2) [12] (Face + Context) 47.52
GLAMOR-Net (ResNet-18) [12] (Face + Context) 48.40
Ours (Body + Context) 56.67

5 Conclusion

In this work, we proposed a dual-stream framework that combines predictions from both
body and context inputs using the Vision Transformer (ViT-B16) architecture for emotion
recognition. Our results show that our approach achieves stronger performance than CNN-
based models compared to the current state-of-the-art result in the emotion recognition task.
Ultimately, the use of focal loss further improved the model’s robustness by addressing class
imbalance and stabilizing training. Overall, the results on the NCAER-S dataset confirm
the effectiveness and reliability of our approach in emotion recognition. In future work,
We plan to work on a more challenging and multimodal dataset for emotion recognition.
It will include complex backgrounds, multiple faces in a single image, and additional data
modalities, allowing us to capture a broader and more diverse set of emotional cues.
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Table 2. Comparison of our method with prior work on the NCAER-S dataset.

Method Accuracy (%)
MCF_NET [11] (Face + Context) 45.59
GLAMOR-Net (Original) [12] (Face + Context) 46.91
GLAMOR-Net (MobileNetV2) [12] (Face + Context) 47.52
GLAMOR-Net (ResNet-18) [12] (Face + Context) 48.40
Ours (Body + Context) 56.67

5 Conclusion

In this work, we proposed a dual-stream framework that combines predictions from both
body and context inputs using the Vision Transformer (ViT-B16) architecture for emotion
recognition. Our results show that our approach achieves stronger performance than CNN-
based models compared to the current state-of-the-art result in the emotion recognition task.
Ultimately, the use of focal loss further improved the model’s robustness by addressing class
imbalance and stabilizing training. Overall, the results on the NCAER-S dataset confirm
the effectiveness and reliability of our approach in emotion recognition. In future work,
We plan to work on a more challenging and multimodal dataset for emotion recognition.
It will include complex backgrounds, multiple faces in a single image, and additional data
modalities, allowing us to capture a broader and more diverse set of emotional cues.
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