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Context-Aware DCNN for Emotion Recognition
in Images

Fatiha LIMAMI, Boutaina HDIOUD1, Rachid OULAD HAJ THAMI2

Abstract— Research on emotional recognition from images is
advancing across computer vision, psychology, and neuroscience.
Even though computer vision has come a long way, emotion
detection still faces many challenges. For example, facial-centric
models trained on small datasets don't always get the right results,
and there aren't enough image collections that show emotions in
the right context to show how complicated they really are. This
work proposes an innovative approach for contextual emotional
detection by integrating bodily sensations with environmental
data. We created LEMOTIC, a large, diverse dataset that covers
a 116,034 images; wide range of emotional situations. We
constructed our methodology utilising a deep convolutional neural
network (DCNN) architecture. To better understand emotions in
context, we connect 26 different emotional categories to three

continuous emotional dimensions: valence, arousal, and
dominance.
After extensive hyperparameter tuning, our model

demonstrated accurate emotion recognition from full-body
postures and ambient data. Our Sentiment Recognition Model
surpasses earlier techniques in both accuracy and generalisation
for continuous and discrete emotional variables. Our study reveals
that somatic and contextual emotions are particularly important
when examining emotions in images. Our method improves
context-aware emotion recognition by using deep learning and a
carefully chosen dataset. This makes it easier to use in social
robotics, affective computing, and human-computer interaction.

Index Terms—image processing, contextual emotion, emotion
recognition, body sentiment, affective computing.

I. INTRODUCTION

Understanding emotions is a significant area of interest for
computer vision and affective computing, with potential
applications in human-computer interaction, social robotics,
behavioural analysis, education, and psychology. Initial
approaches relied on speech, text, facial expressions, and
physiological signals for Al-assisted emotion detection, and the
visual cues available through facial expression observation
made this a major area of interest. But research has shown that
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the human face alone often doesn't provide enough information
for accurate emotion interpretation in real-world settings, where
context such as body posture and nearby objects is an important
factor. A smile may express happiness, embarrassment, or
sarcasm in one context; a neutral expression could mean many
different things.

Recent progress in deep learning, especially with
convolutional neural networks (CNNs) and architectures that
use attention, has made it much easier to recognise facial
emotions (FER). Numerous studies have explored how
contextual information can improve the accuracy of emotion
prediction in images. For example, Li et al. [1] proposed
emotion recognition methods that incorporate contextual
information through image-level characteristics. Li and Deng
[2] investigated predicting emotions from visual cues in the face
and the environment. Other research utilised global-local
attention mechanisms to concurrently capture both facial and
contextual representations [3]. Recent research has explored
transformer-based architectures alongside multimodal learning
strategies to improve emotion recognition in diverse settings [4]
[5]. In contrast, the literature on emotion recognition
acknowledges that contextual information can significantly
boost performance, but capturing this high-order feature is still
difficult in terms of correct modeling (e.g., when facial
responses are not clearly distinguishable) or only partially
captured (i.e., if some dynamics contained in consecutive
frames have a partial representation).

Facial emotion recognition (FER) methods are constrained
by their reliance on a reduced set of basic emotions often
derived from Ekman's six universal emotions. Although these
categories are useful for digging deeper into emotions, they do
not even begin to capture the complexity of human emotion as
we experience it outside in daily life. To tackle this problem,
extensive datasets like EMOTIC have implemented more
comprehensive  emotion  taxonomies and  contextual
annotations, facilitating models in acquiring more sophisticated
emotional representations.

This study investigates the

effectiveness of deep
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convolutional neural networks (DCNNs) in recognising
contextual emotions within images. We present the
Sentiment Recognition Model deep learning framework,
which leverages contextual features from the EMOTIC dataset
to improve the accuracy of emotion predictions. The suggested
model integrates body posture and scene-level information by
combining contextual feature extraction and attention
mechanisms. Emotions are also represented by both continuous
affective dimensions (valence, arousal, and dominance) and
distinct emotion categories, making it easier to fully describe
affective states. Using EMOTIC annotations, the system learns
to distinguish 26 types of discrete emotions.

Testing on the EMOTIC dataset shows that adding
contextual information makes it much easier to recognise
emotions. The proposed approach achieves a mean average
precision (mAP) of 78.39% and an overall accuracy of 84.82%,
surpassing several baseline methods. These results show how
important contextual cues are for accurately recognising
emotions in real life.

Here is a summary of the primary contributions of this study:

1. Context-aware emotion recognition model: We propose a
deep convolutional neural network architecture that integrates
body posture and contextual information at the scene level to
enhance the accuracy of emotion recognition.

2. Multi-representation emotion modelling: The framework
we suggest models emotions using both continuous affective
dimensions (valence, arousal, and dominance) and discrete
emotion categories. This makes the emotional representation
more complex.

3. A comprehensive assessment of EMOTIC:

Extensive experiments on the EMOTIC dataset demonstrate
that incorporating contextual cues significantly improves
emotion identification compared to conventional approaches.

The remainder of this paper is organised as follows. Section II
examines additional studies focused on the recognition of
emotions. Section III presents the proposed system architecture
and methodology. Section IV discusses the configuration and
outcomes of the experiment, while Section V concludes the
paper by presenting suggestions for future research.

II. RELATED WORK

Research on recognising emotions has gone through several
important stages. The first effort primarily used deep
convolutional neural networks (CNNs), which can
automatically learn important facial information from images to
classify emotions. When the available datasets for fine-tuning
were too small or unbalanced, transfer learning with pretrained
models such as ResNet, VGG, and InceptionV3 improved
performance [4]. Subsequently, multi-stage CNN architectures
were proposed to capture both global and local discriminative
features of facial structure [5].

Another important track was temporal modeling, because
http://innove.org/ijist
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emotions are often dynamic rather than static. To address this,
CNN-LSTM hybrid models were proposed that combine
spatial feature extraction and sequential modeling [6] and have
been shown to perform well in emotion recognition in video.
The results highlighted the value of temporal information,
alongside static facial appearance, in creating a more complete
image of emotional expression.

To enhance the robustness of emotion recognition in real-
world scenarios, attention-based models that specifically target
facial regions rich in evocative information were proposed [7].
But there are still techniques to achieve high accuracy by
limiting the effects of occlusion, pose variation, and
background distractions, such as Region Attention Networks
[8] and EAC-Net [9]. Other works addressed these issues
through using synthetic masked-face datasets [10], occlusion-
aware CNNs [11], landmark-based facial zoning methods [12],
and hybrid approaches that combine geometric and appearance
features [13]. All these methods enhanced the robustness of
facial emotion recognition in less controlled circumstances.

Researchers have also developed lightweight CNN
architectures tailored for real-time applications, where both
speed and minimal computational expense are crucial. Table I
presents the current best methods that use low-complexity
models for edge and embedded devices. These methods are
useful in applications such as emotion-aware robots and
interactive systems [14], [15], [16].

In more recent years, the field has expanded beyond simply
facial analysis. It has been demonstrated in several works that
significant emotional information can be extracted from body
posture, gestures, and motion patterns, thereby significantly
facilitating recognition performance [17], [18]. Consequently,
multimodal approaches have emerged that leverage facial,
physiological, acoustic, and visual signals [19], [20] especially
in affective computing and human-robot interaction scenarios.

One significant and recent trend is context-aware emotion
recognition, in which not only facial expressions but also the
environment surrounding them, such as scene composition,
style factors, and spatial relationships, help interpret emotions.
A seminal work in this regard is the EMOTIC dataset [21],
which documents the performance of context-aware models; it
uses real-world, annotated images. Thuseethan et al. [22]
reported that a multi-cue framework combining facial, body,
non-target-subject, and global-image features optimizes
contextual emotion recognition on EMOTIC. Following up on
this idea, the CAER-Net and EmotiCon models merge facial
and contextual information using adaptive, multimodal fusion
approaches [23], [24]. Other works have further extended this,
incorporating visual relationship detection [25], graph-based
person representations [26], and scene-graph models to
explicitly model interactions among people and surrounding
objects [27], [28], [29]. Wu et al. [30] also demonstrated the
effectiveness of hierarchical contextual modeling and reported
improvements from 84.82% to 90.83% on CAER-S and from
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29.33% to 30.24% in F1-score on EMOTIC by generalizing the
object-context-object relationships into scene-graph-based
representations that can better capture the information at
multiple levels, including target entity-based, global context-
based, and scene-level bases. Zhang et al.[31] introduce an
innovative three-dimensional relational framework for
understanding the relationships between face expressions,
bodily postures, and objects. This framework was effective for
both CAER-S and EMOTIC. In parallel, Chen et al.[32]
proposed a comprehensive agent—scene context modeling
strategy that also supports this hybrid role of a series of scene-
aware reasoning in uncontrolled environments, whereas Sungur
et al.[33] found that visual and contextual information fusion
can improve prediction performance compared to image-only
baselines. In fact, integrating facial information with body
posture and environmental context consistently enhances
performance in these studies and improves generalization to
real-world scenarios[34] [21] [35].

However, the recent survey by Abbas et al. [36] also confirms
that emotion recognition in context has become its own research
area, alongside lingering pain points such as context co-bias, a
lack of flexible perspective, and the challenge posed by
emotionally similar images. To overcome that restriction, we
propose a novel context-aware emotion recognition framework
that employs a Deep Convolutional Neural Network (DCNN)
trained on the LEMOTIC dataset. The model is based on a new
multi-scale fusion architecture that combines body and scene-
level cues to improve performance in a wider range of real-
world situations that depend on contextual emotions.

1. METHODOLOGY

Recent studies indicate that researchers have significantly
improved model performance by including contextual data,
such as human positions and motions [24] [29]. Despite these
advancements, our methodology is distinctive in that it
concurrently learns to recognise contextual and bodily emotions
in images of individuals displaying various emotional states
while engaged in diverse occupations. Recognising the
interrelation of environmental and physiological circumstances

Body
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significantly improves the efficacy of neural networks in
information processing. This performance is relevant when
articulating emotions using discrete variables and continuous
dimensions. Additionally, we utilise three continuous
dimensions and 26 discrete variable keywords to accurately
identify sentimental and emotional states. Our deep
convolutional neural network (DCNN) architecture is ideal for
image classification applications because of its unique
properties and benefits, which include several convolutional,
clustering, and fully connected layers. It is an efficient tool for
image identification and classification since it learns
hierarchical features from raw pixel values. Our suggested
system’s architecture is shown in Fig. 1, which also shows how
environmental and physiological data are seamlessly combined
to make the model more effective. To clearly describe the Deep
Convolutional Neural Network (DCNN) for Contextual
Emotion Detection, we use loss functions and probabilistic
modelling for both discrete (categorical) and continuous
(dimensional) emotions as in (1). Context-Aware emotion
detection regards emotions (Y) as impacted by environmental
context (C) and body posture (B). We model the joint
conditional probability using Bayes’s theorem:

P(Y =BUC)=P(Y | B)*P(Y | C)-P(BNC) 1)

With P(Y/B) represents emotion prediction from body
posture, P(Y/C) represents emotion prediction from scene
context, and P(BNC) accounts for the interaction between body
and contextual features.

This framework ensures the avoidance of repetitive feature
contributions and incorporates links between body language
and environmental inputs. Our system forecasts emotions in
two different ways: Discrete Emotion Categories y; We
classify emotions into 26 categories: Affection, Anger,
Annoyance, Anticipation, Aversion, Confidence, Disapproval,
Disconnection, Disquietment, DoubtConfusion,
Embarrassment, Engagement, Esteem, Excitement, Fatigue,
Fear, Happiness, Pain, Peace, Pleasure, Sadness, Sensitivity,
Suffering, Surprise, Sympathy, and Yearning. Continuous
Emotional Dimensions: y, : This involves three dimensions:
Valence, Arousal, and Dominance (VAD). Lc represents the
continuous loss ( Mean Squared Error Loss) for Valence,
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Figure 1: Proposed framework for contextual emotion recognition, illustrating the main stages of emotion detection from visual
input to final prediction.
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Arousal, and Dominance (VAD) as show in (2):

~ 1
L.y, 99 =-2Y0f —

z y0)? @)

L, represents the discrete loss (Cross-Entropy Loss) utilized
for emotion classification as show in (3):

EBatchNormalizat:

BatchNormallzatlan
BatchNormalization
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. BatchNormalization
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Emodb-small has facial expressions that show six basic
emotions. Framesdb, on the other hand, provides video-based
emotional analysis, sorted by valence, arousal, and dominance
labels. There are 116,034 images in the LEMOTIC collection,
each with 26 emotions written on it. Preprocessing steps such

as normalisation, scaling, and rescaling ensure the model
performs as well as possible. The data set is split into 80% for
training and 20% for testing.

o
N
£
0
g
o
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Fig. 2: Architecture of the proposed model after the fine-tuning stage.
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Combining these two forecasts balances the loss function (4):

Leomp@f, 91) = Min (L) + Min (Lq) 4)

In (5), we use concatenation-based feature fusion to merge
body features (B) with context characteristics (C).

E:DCNNbody (XB) @ DCNNcomext (XC): j}d @ 5\’6 (5)

where:
e  DCNNyody (XB): Extracts body posture features.
e  DCNNeontext (Xc): Extracts environmental features.
e @ represents concatenation before classification.

The final sentiment classification is computed as (6):
37=Softmax (WﬁnaI'E + bﬁnal) (6)

where: Wfinal and bfinal are trainable parameters for the final
classification layer.

IV. EXPERIMENTS

A. Data Preprocessing

The EMOTIC database (Kosti et al. 2017) combines images
from MSCOCO and ADE20K to make it easier to study how
people feel. We added it to the Emodb-small and Framesdb
datasets to increase diversity. ADE20K focuses on scene
segmentation, whereas MSCOCO focuses on object detection.

http://innove.org/ijist

B. Architecture of Sentiment_recognition_model

Fig. 2 shows the Sentiment recognition model, a deep
convolutional neural network (DCNN) built with Keras to
recognize emotions. It processes 224x224x3 pixel images and
classifies emotions into 26 distinct classes. It shows the input
image as a 4D tensor: XeRNXA*xWxC

Where:

* N represents the quantity of images inside thebatch.

* H, W Height and width of the image (224%224).

 C = 3 represents the number of channels, namely RGB.

The architecture initiates with a convolutional layer featuring
customisable filters, doing the convolution operation (7):

_ -1yQ-1
Yi,j,k - Zrcnzl 25:(1) Zq:O Xi+p,j+q,m -Kp,q,m,k + bk (7)

Fig 3: The schema represents the architecture of our model

where:

KeRPXQXCXD ig the convolutional kernel.

P, Q : Kernel size (3%3).

D : Number of output feature maps (filters).
by, : Bias for the k-th feature map.

The output size after convolution of an input feature map
measuring H X W, with a stride S and padding P, is (8):

=824, w=24 )

Hl
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Batch normalizing the output helps to stabilize training and
enhance convergence as (9):

2= vy=y%+p (9

g

where:

1 : Mean of activations in the batch.

o : Standard deviation.

y, B : Trainable scaling and shifting parameters.

Every Batch Normalizing layer prevents internal covariate
shift and has trainable parameters.

ReLU delivers non-linearity via means of: f(x) = max (0, x)

Using average pooling helps to lower dimensionality while
still preserving salient features (10):

(10)

1
Yijk = mzp.qER Xivp,j+qk

where:
R : Pooling region (2x2).
Y : Downsampled feature map.

We employ Dropout to randomly deactivate neurons during
training to mitigate overfitting. And Subsequent to many
Conv2D, Pooling, and Dropout layers, the concluding feature
map is flattened and subjected to Global Average Pooling (GAP)
(11):

1
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This transforms the final 7x7x32 feature map into a 26-
dimensional feature vector for classification purposes.

The algorithm forecasts 26 emotional categories utilizing
Softmax:
eZi

P(y;) = ST Z; + Logit score for class i.
j=1

The final predicted class is: ¥ = arg max P(y;)
The model is optimized via Adam Optimizer (12):

WD = wO_gvL(W)
my = M,y + (1 — )VL(W)

Ve = Boveog + (1= ) (VL(W))?

WD) — o 1

N

m

(12)

where 7 is the Learning rate, _1 and B_2 are the Momentum
parameters.

— H w'
GAP, = im1 21 Xijk (11)
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Figure 3: Comparison of Our Sentiment_Recognition_Model with Existing Models.
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Fig. 4: Comparison of mAP results obtained by the proposed
Sentiment Recognition Model and other existing methods.

Keras Tuner randomly searches for the optimum
hyperparameters, such as the number of layers, filters, dropout
rate, and Adam optimizer learning rate, to enhance model
performance. The model is built using categorical cross-entropy
loss and then checked for correctness and precision. The tuner
tries different configurations of the emotion recognition model
over and over again to get better validation accuracy. The tuner
looks for hyperparameters at random, up to five times with two
runs each time. The settings will be stored. The tuner utilises
training, validation, and epoch count to figure out the best way
to set up the model.

V. EXPERIMENTAL RESULT

We tested our framework on the LEMOTIC dataset, which has
116,034 images labelled with 26 emotion categories. This made
it a tough test for recognising emotions in context. The reported
results were obtained after fine-tuning the
Sentiment Recognition Model and adjusting its
hyperparameters using Keras Tuner (a random search over the
number of layers, filter sizes, dropout rates, and learning rate;
see TABLE II). The model outperformed previous research on
discrete emotion recognition, with an accuracy of 84.82% and
a mAP of 7839% as shown in Fig. 4. The
Concatenation DCNN variant, which integrates both body and
contextual inputs, achieved an accuracy of 68.1% (TABLE I).
Fig. 3 shows that the model works very well for emotions that
are easy to read, like Affection, Sadness, and Sympathy (over
95%), but it doesn't work as well for emotions that are harder to
read, like Fatigue and Disapproval, where the visual cues are
harder to tell apart. Taking a closer look at these failure cases
would help find the main sources of confusion and point the
way to future improvements. The framework achieved an
accuracy of 43% in predicting continuous affect in terms of
valence, arousal, and dominance, maintaining consistent
performance across the MSCOCO, ADE20K,
EMODB_SMALL, and FRAMESDB subsets (TABLE I). In

http://innove.org/ijist
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general, these results show that combining body and contextual
information makes it easier to recognise emotions in real-world
situations. However, the average inference latency is
approximately 5 seconds per batch of 32, limiting its
applicability in real-time scenarios.

We tested the proposed framework using the LEMOTIC
dataset, which has 116,034 images labelled with 26 emotion
categories. This dataset is a tough test for context-aware
emotion detection. The findings were obtained by fine-tuning
the Sentiment Recognition Model and optimising its
hyperparameters on this dataset. The framework reached an
average accuracy of 84.82% and a mAP of 78.39% after
training. The comparison between the proposed technique and
other methodologies is illustrated in Fig. 4. The
Concatenation DCNN model, which combines body and
contextual information from the
Sentiment Recognition Model, also had an overall precision
of 68.1%. Fig. 3 shows that the model's precision remained
constant across the MSCOCO, EMODB SMALL, and
FRAMESDRB test subsets. This means that it was able to pick
up on small emotional changes from both discrete and
continuous labels. The optimised framework has an overall
accuracy of 84.82%, a mean average precision (mAP) of
78.39% for discrete emotions, and a mAP of 43% for
continuous affective variables, including valence, arousal, and
dominance. These results show that combining facial,
physiological, and environmental information makes emotion
identification more reliable and useful in real-world situations.

PERFORMANCE BY MODAIT?II%:EPIRECISION AND ACCURACY
Modality mAP (%) Accuracy (%)
Context 43.00
Body 78.39
Context + Body 68.10 84.82

TABLE 2

SELECTED HYPERPARAMETERS FOR DCNN MODEL
Hyperparameter

Value

192 (step =32)

Initial number of filters
Number of convolutional layers 4
Filters per layer 64 in layer 1, 192 in layer 2

Dropout rate 0.2 (step=0.1)

Learning rate 0.000456 (log scale)
Batch size 32
Optimizer Adam

Loss function Categorical Crossentropy

Metric Accuracy, Precision

Search method Random Search (Keras Tuner)

VI. CONCLUSION

This study proposed a context-aware emotion recognition
framework based on a Deep Convolutional Neural Network
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(DCNN) for recognizing emotions in real-world images. The
proposed approach was evaluated on the LEMOTIC dataset,
which contains 116,034 real-world images annotated with 26
discrete emotion categories. Unlike conventional methods that
mainly rely on facial expressions, our framework integrates
facial cues, body posture, and scene-level contextual
information to provide a more comprehensive understanding of
emotional states.

The experimental results demonstrate the effectiveness of the
proposed method. The model achieved 84.82% accuracy and
78.39% mAP for discrete emotion recognition, while also
showing promising performance in the prediction of continuous
affective dimensions. These findings confirm the importance of
contextual information in emotion recognition, particularly in
real-world situations where facial expressions alone may be
ambiguous or insufficient.

Despite these encouraging results, several limitations should
be acknowledged. First, the dataset presents class imbalance,
which may cause the model to favor more frequent emotion
categories. Second, although contextual cues improve
recognition performance, they may also introduce context bias,
where the model relies excessively on environmental patterns
rather than the person’s actual emotional state. Moreover,
recognizing subtle, overlapping, or socially complex emotions
remains challenging in uncontrolled real-world scenarios.

Future work will focus on addressing these limitations
through bias-aware training strategies, improved class-
imbalance handling techniques, and more robust modeling of
subtle emotional states. In addition, we aim to extend the
framework toward multi-label emotion recognition and
multimodal fusion by incorporating complementary signals
such as audio, temporal dynamics, and physiological data.
These directions are expected to further improve the reliability,
robustness, and real-world applicability of context-aware
emotion recognition systems.
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