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ABSTRACT 

Multimodal emotion recognition in real-world environments remains challenging due to occlusions, class 

imbalance, and the high computational cost of existing deep models. This paper presents DeepEmoNet, a 

lightweight multimodal Convolutional Neural Network (CNN) designed to integrate facial, gait, scene, and 

socio-dynamic depth cues through an early-fusion architecture based on Depthwise Separable 

Convolutions (DSCs). The model aims to achieve robust emotion recognition while maintaining low 

computational overhead suitable for real-time applications. Experiments on the GroupWalk dataset 

comprising 3,544 annotated agents across 45 environments demonstrate that DeepEmoNet achieves 91.3% 

accuracy and 86.5% mean Average Precision (mAP), outperforming Inception V3, ResNet-50, 

MobileNetV2, and recent multimodal baselines. Extended ablation studies highlight the importance of 

contextual modalities and early fusion, with four DSC modules offering the best accuracy–efficiency 

balance. Inference analysis further shows a latency of 14.8 ms/frame (~67 frames per second (FPS)), 

supporting real-time deployment. Overall, DeepEmoNet offers an efficient, context-aware multimodal 

CNN framework for emotion recognition in surveillance, smart environments, and human–computer 

interaction. 

Keywords-affective computing; Convolutional Neural Network (CNN); computational efficiency; deep 

learning; Depthwise Separable Convolution (DSC); emotion recognition; multimodal fusion; real-time 

inference 

I. INTRODUCTION  

Emotions play a central role in shaping human 
communication, decisions, and social interaction. Automatic 
emotion recognition has therefore become a cornerstone of 
Human–Computer Interaction (HCI) with applications in 
healthcare, e-learning, mental health support, surveillance, and 
immersive technologies such as Augmented Reality/Virtual 
Reality (AR/VR). Early unimodal approaches based on facial 
expressions, speech, or text alone proved insufficient, as they 
overlooked the complexity and ambiguity of emotional 
expressions influenced by environment and social dynamics. 
This gave rise to Multimodal Emotion Recognition (MER), 
which combines facial, vocal, and contextual cues for richer 
understanding [1, 2]. More recently, Context-Aware 
Multimodal Emotion Recognition (CMER) has emerged as an 
advanced paradigm, embedding environmental, situational, and 
inter-agent cues to achieve higher robustness and ecological 

validity [3]. Deep learning has been instrumental in this shift: 
Convolutional Neural Networks (CNNs), Recurrent Neural 
Networks (RNNs), and Transformer models have enabled 
extraction of high-level representations across modalities [3, 4], 
whereas attention mechanisms have improved context-sensitive 
fusion [5]. Nevertheless, robust CMER remains challenging 
due to the heterogeneity of contextual cues, the limited 
availability of annotated multimodal datasets, and the heavy 
computational demands of current deep models [5]. 

Several recent studies highlight both the promise and 
limitations of current approaches. Authors in [5] demonstrated 
the potential of multimodal transformers for unaligned 
language–vision sequences, whereas authors in [6] introduced a 
context-aware joint representation learning framework. 
Authors in [7] achieved state-of-the-art multimodal emotion 
analysis in conversational settings by disentangling modality 
and context during feature fusion, and authors in [8] explored 
MER in unconstrained "in-the-wild" environments. Several 
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studies have proposed CNN-based frameworks for efficient 
emotion recognition, highlighting the effectiveness of CNNs 
for multimodal feature extraction and fusion [9-12]. The cited 
self-references are limited to prior peer-reviewed works that 
introduced foundational preprocessing strategies, baseline 
fusion paradigms, or preliminary multimodal frameworks that 
directly informed the architectural and methodological choices 
of the present study.  

Foundational works by authors in [13-18] emphasized the 
importance of contextual and multimodal integration, whereas 
authors in [1] provided a comprehensive survey of MER 
fundamentals. Several surveys have recently synthesized the 
rapid growth in multimodal emotion recognition, outlining 
trends, fusion methods, datasets, and challenges across speech, 
text, face, and physiological signals [18-23]. Emerging 
architectures such as transformer-based fusion models like 
HyFusER [17], hybrid EEG-Video systems [22], deep fusion of 
ECG and EEG [22], and gated transformer frameworks [24] are 
pushing accuracy and robustness within noisy or physiological 
contexts [24-26]. However, challenges persist as many models 
are designed for constrained lab datasets (e.g., IEMOCAP, 
CMU-MOSEI), lack rich contextual annotations, or require 
prohibitive computational resources. Moreover, balancing 
accuracy, efficiency, and generalizability in dynamic, real-
world environments remain an open research problem. 

Despite progress in multimodal and context-aware emotion 
recognition, existing models still face two central limitations. 
First, many architectures rely on heavy backbones (e.g., 
ResNet, Transformers) that are expensive to train and deploy, 
making them unsuitable for real-time or resource-constrained 
environments. Second, even state-of-the-art multimodal fusion 
strategies often emphasize facial or body cues while 
underutilizing crucial scene and socio-dynamic context, leading 
to misclassification when emotional expressions are subtle or 
ambiguous in crowded or unconstrained settings. Although 
significant progress has been made in deep learning-based 
emotion recognition, existing multimodal approaches struggle 
in unconstrained environments due to occlusions, limited 
contextual modeling, high computational complexity, and 
suboptimal fusion strategies. Current CNN architectures often 
treat modalities independently or rely on heavy networks, 
leading to reduced inference speed and poor generalization 
across socio-dynamic interactions.  

Therefore, a lightweight, context-aware, and robust 
multimodal architecture is needed to achieve reliable group-
level emotion recognition in real-world scenarios. This study 
offers the following novel contributions: 

 A lightweight multimodal CNN (DeepEmoNet) integrating 
facial, gait, scene, and socio-dynamic depth cues through an 
efficient early-fusion pipeline. 

 A Depthwise Separable Convolution (DSC)-based 
architecture (4-DSC stack) significantly reduces model 
complexity while improving accuracy in real-world crowd 
environments. 

 A unified fusion strategy that outperforms late fusion and 
multi-branch alternatives in both accuracy and inference 
speed. 

 Extensive ablation studies demonstrate the impact of 
contextual modalities, DSC depth, and dropout on 
performance. 

 Higher mean Average Precision (mAP) results on the 
GroupWalk dataset, demonstrating higher accuracy and 
real-time inference capability (<20 ms/frame). 

 Comprehensive evaluation including class-wise metrics, 
confusion analyses, and latency comparisons. 

This design targets robustness against context variability 
while substantially reducing model parameters and floating-
point operations per second (FLOPs) compared to conventional 
feature extraction backbones. Using the GroupWalk dataset, 
which contains more than 3,500 agents across diverse 
environments such as hospitals, stations, and marketplaces, we 
validate DeepEmoNet against established baselines, including 
Inception V3, MobileNetV2, ResNet-50. While we 
acknowledge that DeepEmoNet leverages well-established 
components such as DSCs and early fusion, the novelty of our 
work lies in their unique integration for context-aware 
multimodal emotion recognition in unconstrained real-world 
settings. 

II. MATERIALS AND METHODS 

A. Dataset 

The dataset used in this research is the publicly available 
GroupWalk dataset [27] which contains human-annotated 
emotions. The dataset is publicly released for academic 
research, and all usage complies with its terms of use. 
GroupWalk is a collection of 45 videos captured in multiple 
real-world settings, including a hospital entrance, an 
institutional building, a bus stop, a train station, a marketplace, 
a tourist attraction, a shopping place, and more. The videos 
contain about 3,544 distinct agents (individuals or groups) 
annotated with their emotion labels: Angry, Happy, Neutral, 
and Sad. 

In this study, the GroupWalk dataset is leveraged to train 
and validate the proposed DeepEmoNet framework. The block 
diagram of the overall system and the detailed network 
architecture are presented in Figures 1 and 2, respectively. The 
dataset is split into training and validation sets using an 80:20 
ratio, preserving the class distribution across the four emotion 
categories (Angry, Happy, Neutral, Sad). This strategy allows 
the model to learn balanced class representations and enables 
robust performance evaluation, especially in the presence of 
class imbalance. This stratified splitting approach also prevents 
bias toward majority classes and supports more reliable 
generalization during testing.  

The diversity and complexity of GroupWalk provide a 
rigorous benchmark for assessing the model's ability to 
integrate facial, gait, scene, and socio-dynamic depth features 
into a unified, context-aware representation of emotion. The 
dataset statistics are shared in Table I. 
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Fig. 1.  Block diagram of the proposed DeepEmoNet model. 

 
Fig. 2.  DeepEmoNet architecture for context-aware multimodal emotion recognition. 

TABLE I.  GROUPWALK DATASET STATISTICS 

Category Description/Count 

Total videos 45 

Total agents 
annotated 

3,544 

Emotion classes 4 (Angry, Happy, Neutral, Sad) 

Class distribution 
Angry: 812 (22.9%), Happy: 967 (27.3%), Neutral: 1,205 

(34.0%), Sad: 560 (15.8%) 
Annotation type Agent-level, frame-based emotion labels 

Environments 
covered 

Hospital entrance, institutional building, bus stop, train 
station, marketplace, tourist attraction, shopping place, 

etc. 
Modalities 
captured 

Facial expressions, body posture/gait, scene context, 
socio-dynamic depth (multi-agent interactions) 

Challenges 
represented 

Crowds, occlusions, variable lighting, heterogeneous 
environments, multi-agent dynamics 

B. Data Preprocessing 

The GroupWalk dataset is put through a structured 
preprocessing pipeline, illustrated in Figure 3, before model 
training. The various steps involved are: 

 Frame extraction and synchronization: RGB frames, 
skeleton key points, and scene context metadata were 
temporally aligned and synchronized at 25 frames per 
second (FPS). 

 Face and body cropping: Facial regions were extracted 
using Multi-Task Cascaded Convolutional Networks 
(MTCNNs), whereas full body bounding boxes were 
generated using You Only Look Once version 5 (YOLOv5) 
to capture postural cues. 
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 Depth map generation: Socio-dynamic depth cues were 
computed using stereo estimation for inter-agent spatial 
relationships. 

 Resizing and normalization: All modalities were resized to 
224 × 224 and normalized using ImageNet mean and 
standard deviation for stable convergence. 

 Data augmentation: Random horizontal flips, ±10° 
rotations, color jitter, Gaussian noise, and temporal jittering 
were applied to improve generalization under occlusion and 
lighting variations. 

 Class imbalance handling: Minority classes were 
oversampled through weighted sampling, and augmentation 
probability was increased for underrepresented emotion 
categories. 

 Train-validation split: An 80:20 stratified split preserved 
the distribution of crowd environments across both sets. 

Thus, multimodal alignment and quality control were 
maintained before training the DeepEmoNet architecture. 

 

 
Fig. 3.  Data preprocessing pipeline flow diagram. 

C. Models 

The study evaluates baseline models including Inception 
V3, MobileNetV2, and ResNet-50, each of which offers 
distinct advantages and limitations for multimodal emotion 
recognition. Inception V3 excels in extracting high-level visual 

features and benefits from transfer learning but is 
computationally heavy and less suited for multimodal fusion. 
MobileNetV2 is lightweight and efficient due to DSCs, 
enabling real-time deployment, though its simplified design 
restricts representational capacity across diverse modalities. 
ResNet-50 provides deep hierarchical learning with residual 
connections, effectively capturing nuanced cues, but demands 
significant resources and suffers from interpretability 
challenges. Collectively, these models highlight the trade-offs 
between accuracy, efficiency, and multimodal integration. 

The proposed DeepEmoNet is a lightweight CNN designed 
for efficient multimodal emotion recognition using DSCs, as 
shown in Figure 2. By decomposing standard convolutions into 
depthwise and pointwise steps, the model effectively captures 
spatial features within each modality while enabling cross-
channel interactions. It integrates facial, gait, scene, and socio-
dynamic depth cues through early fusion, ensuring holistic and 
context-aware recognition. Architecturally, DeepEmoNet 
begins with two separable 3 × 3 convolutions (32 and 64 filters, 
stride = 2) followed by four DSC modules, each comprising 
three DSC segments with residual connections and Parametric 
Rectified Linear Unit (PReLU) activations. Downsampling is 
performed in the final segment of each block except the last, 
whereas feature maps are projected through a 1 × 1 convolution 
with 1,024 filters, global average pooling, and dropout (50%). 
A fully connected layer and Softmax classifier yield four-class 
predictions, with batch normalization applied throughout. 
Spanning 40 convolutional layers across 14 modules, 
DeepEmoNet achieves strong accuracy–efficiency trade-offs 
for real-time, resource-constrained deployments. The complete 
pseudocode for the proposed model is shared as Algorithm 1.  

Algorithm 1: Pseudocode for the proposed 

model 

Input: Frame I ∈  ℝ��������� with agent 

annotation 

Output: Predicted emotion ŷ ∈ {Angry, 

Happy, Neutral, Sad} 

Step 1: Context modality extraction 

- Extract i_face ← face crop and 

landmarks from I 

- Extract i_gait ← body pose keypoints 

from I 

- Extract i_scene ← scene region 

around the agent from I 
- Extract i_depth ← depth map (socio-

dynamic cues) from I 

Step 2: Preprocessing stems 

- For each modality m ∈ {i_face, 

i_gait, i_scene, i_depth} do 

- f_m ← Conv3×3 → BatchNorm → ReLU(m) 

- End For 

Step 3: Feature encoding with DSC backbone 

- For each modality feature f_m do 

- For module = 1 to 4 do 

- f_m ← DepthwiseConv3×3(f_m) 

- f_m ← PointwiseConv1×1(f_m) 

- f_m ← BatchNorm + PReLU/Linear(f_m) 
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- If module ∈ {1,2} then add residual 

connection 

- If module.last_segment then 

downsample (stride=2 except for the 

final module) 

- End For 

- End For 

Step 4: Projection and fusion 

- For each modality feature f_m do 

- f_m ← Conv1×1(1,024 filters)(f_m) 

- End For 

- h ← Concatenate(f_face, f_gait, 

f_scene, f_depth) 

Step 5: Pooling and classification 

- h ← GlobalAveragePooling(h) 

- h ← Dropout(h, p=0.5) 

- h ← FullyConnected(h, 1,000 units) 

- ŷ ← Softmax(h) 

- Return ŷ  

D. Hardware and Training Environment 

All experiments were conducted on a workstation equipped 
with an NVIDIA RTX 4090 GPU (24 GB VRAM), Intel Core 
i9-13900K CPU, and 64 GB RAM. The model was 
implemented in PyTorch 2.1 with CUDA 12.0 acceleration. 
Training was performed using mixed-precision optimization 
(FP16) and a batch size of 32. The environment ensures 
reproducible performance benchmarks and real-time inference 
testing. 

E. Performance Metrics 

The performance was evaluated using accuracy, precision, 
recall, and F1-score, with macro-average F1 addressing class 
imbalance. Confusion matrices analyzed misclassifications, 
whereas mAP provided a robust measure across thresholds.  

mAP �



�
 ∑ AP�

�
��
     (1) 

where C is the total number of classes and AP� is the average 
precision of class c . Together, these metrics ensured fair, 
reliable, and comprehensive evaluation of model accuracy, 
generalization, and class-wise robustness. 

F. Ethical and Privacy Considerations 

The dataset used in this research contains facial and full-
body imagery captured in public environments. To ensure 
ethical compliance: 

 Dataset licensing: We strictly adhered to the dataset's 
license, usage restrictions, and citation requirements as 
provided by the dataset owners. 

 Anonymization: No attempt was made to identify 
individuals. All data were used solely for academic 
research, and no personal metadata (names, age, identity 
markers) were included or inferred. 

 Privacy protection: The dataset was originally collected and 
released under ethical approval by the dataset creators. Our 
use follows their stated protocols for privacy-preserving 
research. 

 Responsible research use: The proposed model is designed 
for group-level emotion understanding, not individual 
surveillance or profiling. Its intent is to support behavioral 
studies and human–computer interaction research rather 
than monitoring or enforcement. 

 Bias and fairness awareness: Facial and demographic 
datasets may contain imbalances that can bias predictions. 
We acknowledge this as a limitation and mitigate it through 
class balancing and augmentation strategies. 

Together, these steps ensure that the research complies with 
accepted standards for privacy, ethical artificial intelligence 
development, and responsible use of visual data. 

III. RESULTS AND DISCUSSION 

This section presents intra-model performance metrics, 
confusion matrices, training and validation plots, model 
complexity analysis, ablation studies of model components, 
per-class mAP performance scores, and inter-model 
comparisons. The proposed model performance is also 
compared with state-of-the-art models. 

A. Intra-Model Performance  

To ensure statistical reliability, all models were trained and 
evaluated over five independent runs using randomized 
initializations and consistent train–validation–test partitions. As 
shown in Table II, DeepEmoNet exhibits the lowest variance 
across all performance metrics, achieving 91.3 ± 0.4% 
accuracy, 90.8 ± 0.5% precision, 91.1 ± 0.3% recall, and 91.0 ± 
0.4% F1-score. The narrow standard deviations (all below 
±0.5%) indicate highly stable learning behavior and strong 
resilience to stochastic variations during training. In contrast, 
baseline models such as MobileNetV2 and Inception V3 show 
noticeably higher fluctuations, particularly MobileNetV2, 
whose accuracy varies by ±1.1%. Even ResNet-50, though 
more stable, demonstrates greater variance than the proposed 
model as shown in Figure 4. These results confirm that 
DeepEmoNet not only surpasses competing models in absolute 
performance but also provides significantly more consistent 
and robust results across training runs, strengthening its 
suitability for deployment in real-world multimodal emotion 
recognition scenarios. 

 

 

Fig. 4.  Statistical performance comparison (mean ± SD) of all models. 
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TABLE II.  PERFORMANCE ROBUSTNESS ACROSS FIVE 
INDEPENDENT RUNS (MEAN ± SD) 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Inception V3 83.2 ± 0.9 82.0 ± 1.0 81.5 ± 0.8 81.7 ± 0.9 

MobileNetV2 81.5 ± 1.1 80.4 ± 1.3 79.8 ± 1.0 80.1 ± 1.2 

ResNet-50 85.7 ± 0.8 85.2 ± 0.9 85.0 ± 0.7 85.0 ± 0.8 

DeepEmoNet 
(proposed) 

91.3 ± 0.4 90.8 ± 0.5 91.1 ± 0.3 91.0 ± 0.4 

 

B. Model Complexity Analysis  

A parameter–accuracy trade-off analysis is carried out, as 
shown in Table III, to assess the relationship between model 
complexity and recognition performance. The results clearly 
indicate that DeepEmoNet achieves the most optimal balance 
between accuracy and computational cost among all evaluated 
models. While heavy architectures such as ResNet-50 (25.6 M 
parameters) and Inception V3 (23.8 M parameters) deliver 
reasonable accuracy, their high computational overhead makes 
them unsuitable for real-time multimodal emotion recognition.  

In contrast, MobileNetV2 requires only 3.4 M parameters 
but suffers from significantly reduced accuracy in complex 
context-aware scenarios. DeepEmoNet provides a sweet spot, 
delivering 91.3% accuracy with only 4.8 M parameters, making 
it ~5× lighter than Inception/ResNet while outperforming them 
by 5–8%. This demonstrates that the proposed DSC backbone 
and early fusion design led to substantial efficiency gains 
without sacrificing recognition performance, validating 
DeepEmoNet as the most deployment-ready architecture 
among the models evaluated. 

TABLE III.  PARAMETER–ACCURACY TRADE-OFF 

Model 
Parameters 

(M) 

Accuracy 

(%) 

FLOPs 

(B) 
Remarks 

Inception V3 23.8 83.2 5.7 
High accuracy but 

computationally heavy 

ResNet-50 25.6 85.7 4.1 
Accurate but resource-

intensive 

MobileNetV2 3.4 81.5 0.30 
Lightweight but lower 

accuracy 

DeepEmoNet 
(proposed) 

4.8 91.3 0.60 

Best trade-off: high 
accuracy with low 
computational cost 

 

C. Model Training and Validation Plots  

The model training and validation accuracy, along with the 
corresponding loss curves, are illustrated in Figure 5. The 
training history demonstrates steady and stable performance 
improvements across epochs. Training accuracy increases from 
~65% to over 92%, whereas validation accuracy reached 
~90%, indicating strong generalization capability. Furthermore, 
both training and validation loss curves exhibit a consistent 
downward trend without significant divergence, suggesting the 
absence of overfitting. These results confirm the effectiveness 
of the DSC backbone and the early fusion strategy in 
optimizing multimodal emotion features. 

 
(a) 

 
(b) 

Fig. 5.  Training and validation plots across 20 epochs: (a) accuracy plot, 
(b) loss plot. 

D. Confusion Matrix  

Confusion matrices for all models are illustrated in Figure 6 
and analyzed to provide a detailed view of class-wise 
performance and misclassification patterns. It is found that: 

 Inception V3: Performs well on Happy and Neutral classes 
but shows higher misclassification of Angry → Neutral and 
Sad → Neutral, suggesting weaker context capture. 

 ResNet-50: More balanced, with stronger recognition of 
Neutral and Sad, yet still misclassifies Angry as Neutral. 

 MobileNetV2: Its lightweight design leads to higher 
misclassifications, particularly between Neutral and Happy 
and Sad classes, due to reduced representational capacity. 

 DeepEmoNet: Outperforms all baselines, reducing Angry 
→ Neutral and Sad → Neutral errors significantly, while 
maintaining >90% recognition across all classes. 

 

 
(a) 
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(b) 

 
(c) 

 
(d) 

Fig. 6.  Confusion matrices illustrating classification outcomes for: (a) 
Inception V3, (b) ResNet-50, (c) MobileNetV2, (d) proposed DeepEmoNet 
model. 

E. Model Complexity Analysis  

Table IV compares the complexity of baseline CNN 
architectures with the proposed DeepEmoNet in terms of 
parameters, FLOPs, relative efficiency, and suitability for 
deployment. Traditional deep models such as ResNet-50 and 
Inception V3 contain over 23 M parameters and require more 

than 4–5 B FLOPs per forward pass, which makes them highly 
accurate but computationally expensive and less practical for 
real-time multimodal emotion recognition. In contrast, 
MobileNetV2 is extremely lightweight (~3.4 M parameters, 0.3 
B FLOPs), demonstrating high efficiency but at the cost of 
lower accuracy in complex multimodal contexts. 

TABLE IV.  MODEL COMPLEXITY COMPARISON 

Model 
Parameters 

(M) 

FLOPs 

(B) 

Relative 

efficiency 
Suitability 

Inception V3 ~23.8 ~5.7 Medium 
Strong for images, 

heavy for 
multimodal tasks 

ResNet-50 ~25.6 ~4.1 Medium 

Deep and accurate, 
but 

computationally 
demanding 

MobileNetV2 ~3.4 ~0.3 High 

Very efficient, but 
reduced 

representational 
capacity 

DeepEmoNet 
(proposed) 

~4.8 ~0.6 High 

Optimized for 
multimodal fusion 

with DSCs; 
lightweight and 

accurate 

 
The proposed model achieves an effective balance: with 

approximately 4.8 M parameters and 0.6 B FLOPs, it maintains 
a lightweight profile close to MobileNetV2 while 
outperforming deeper architectures in recognition accuracy. Its 
use of DSCs across multimodal streams, followed by efficient 
early fusion, enables both scalability and real-time inference.  

Hence, DeepEmoNet offers the best trade-off between 
efficiency and accuracy, making it highly suitable for real-
world applications such as surveillance, crowd monitoring, 
smart environments, and affective computing systems where 
low latency and robustness are critical. 

F. Ablation Study 

To assess the contribution of individual components within 
DeepEmoNet, we conducted an ablation study by 
systematically varying the fusion strategy, number of DSC 
modules, and pooling methods. The results captured in Table V 
and Figure 7 reveal several important insights. First, fusion 
strategy plays a critical role: early fusion through concatenation 
consistently outperformed late fusion at the fully connected 
stage, highlighting the importance of jointly modeling 
modality-specific features before classification. Multiplicative 
fusion offered some improvements in select cases but was less 
stable than concatenation across runs.  

Second, the number of DSC modules directly impacted 
performance, with four modules providing the optimal balance 
between feature richness and computational efficiency. 
Although increasing depth to six modules slightly improved 
accuracy, it led to diminishing returns relative to the increased 
computational cost. Third, pooling mechanisms influenced 
performance, with Global Average Pooling (GAP) proving 
superior to max pooling by yielding smoother generalization 
and reduced overfitting. 
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Fig. 7.  Accuracy across different ablation settings for DeepEmoNet. 

TABLE V.  EXPANDED ABLATION STUDY OF 
DEEPEMONET 

Ablation setting 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Full model (proposed) 91.3 90.8 91.1 91.0 

Without context modalities 
(face + gait only) 

85.4 84.7 85.0 84.8 

Late fusion (FC layer) 87.2 86.5 86.8 86.6 

3 DSC modules 88.4 87.9 88.1 87.8 

6 DSC modules 91.5 90.9 91.2 91.0 

Max pooling instead of GAP 89.1 88.5 88.8 88.7 

Without dropout 89.7 89.1 89.0 89.2 

 
Overall, the most favorable trade-off between accuracy and 

computational efficiency was obtained with four DSC modules, 
early fusion via concatenation, GAP, and dropout 
regularization, achieving the highest accuracy (>90%) and F1-
score. To further validate the contribution of contextual cues 
and fusion strategy, we extended the ablation study with two 
additional configurations: (i) evaluating the impact of removing 
contextual modalities (scene and socio-dynamic depth) and (ii) 
adding a quantitative late-fusion baseline. Removing contextual 
modalities (scene and socio-dynamic depth) resulted in a 
substantial performance drop (accuracy: 91.3% → 85.4%), 
highlighting the critical role of environmental and inter-agent 
cues in disambiguating subtle emotional states in crowded 
scenes. Second, a late-fusion variant in which modality-specific 
features were fused at the final fully connected layer achieved 
87.2% accuracy, clearly lower than early fusion (91.3%), as 
shown in Figure 8. 

This confirms that early joint feature learning is more 
effective for heterogeneous modalities, as it encourages shared 
representations that preserve contextual coherence before 
classification. Combined with earlier results, the full 
configuration (4 DSC modules + early fusion + GAP) remains 
the optimal setting, validating the design choices in 
DeepEmoNet. These additional results reinforce the design 
choices in DeepEmoNet and demonstrate that context-aware 
early fusion is essential for robust multimodal emotion 
recognition. 

G. Per-Class Mean Average Precision 

The mAP for DeepEmoNet on GroupWalk dataset across 
all classes was computed. The model demonstrates balanced 

performance across all four classes, as shown in Figure 9, with 
precision ranging from 81.4% (Neutral) to 90.6% (Sad), recall 
between 83.8% (Sad) and 88.1% (Neutral), and F1-scores 
consistently above 84%. The overall mAP is 86.5%, 
highlighting the effectiveness of multimodal fusion and the 
DSC backbone in reducing misclassification across subtle 
emotional categories. 

 

 
Fig. 8.  Extended ablation results. 

 
Fig. 9.  Per-class evaluation of DeepEmoNet on the GroupWalk test split. 

H. Inference Time Analysis 

To validate the real-time capability of DeepEmoNet, we 
measured inference latency for all models on an NVIDIA Tesla 
V100 GPU using a batch size of 1 (per-frame evaluation), and 
results are tabulated in Table VI. The proposed DeepEmoNet 
achieved an average inference time of 14.8 ms per frame, 
corresponding to ~67 FPS. This performance satisfies the 
commonly accepted threshold for real-time multimodal 
systems (≥30 FPS) and outperforms heavier baselines such as 
Inception V3 (47.6 ms/frame, ~21 FPS) and ResNet-50 (41.2 
ms/frame, ~24 FPS). MobileNetV2 remains the fastest at 12.3 
ms/frame, but at the cost of significantly lower accuracy. These 
results confirm that DeepEmoNet achieves an optimal balance 
between computational efficiency and recognition 
performance, validating its applicability in real-time 
surveillance, crowd-monitoring, and HCI environments. It is 
observed that DeepEmoNet is 3× faster than ResNet-50 and 
over 3× lighter than Inception V3 while achieving the highest 
accuracy, validating its real-time deployment suitability. 

To quantify the real-time suitability of DeepEmoNet, we 
measured per-frame inference time on an NVIDIA Tesla V100 
GPU using FP16 inference and batch size of 1, as shown in 
Figure 10. The proposed configuration with four DSC modules 
and early fusion achieves an average latency of 16.3 ms/frame, 
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corresponding to approximately 61 FPS. This is well below the 
33.3 ms/frame threshold typically used for real-time 
processing, confirming that DeepEmoNet can operate in online 
settings such as surveillance and smart- environment 
monitoring. For comparison, a shallower 3-DSC variant 
reduces latency to 14.2 ms/frame but yields lower mAP, 
whereas a deeper 6-DSC variant increases latency to 21.8 
ms/frame with only marginal accuracy gains. A late-fusion 
configuration with four DSC modules records 18.9 ms/frame, 
slower than early fusion due to the additional fully connected 
fusion overhead. Overall, four DSC modules with early fusion 
provide the best trade-off between accuracy (mAP = 86.5%) 
and inference time, justifying the chosen architecture in our 
final model. 

TABLE VI.  MODEL INFERENCE TIME ANALYSIS 

Model 
Parameters 

(M) 

FLOPs 

(B) 

Accuracy 

(%) 

Inference time 

(ms/frame) 
FPS 

Inception V3 23.8 5.7 83.2 47.6 21 

MobileNetV2 3.4 0.3 81.5 12.3 81 

ResNet-50 25.6 4.1 85.7 41.2 24 

DeepEmoNet 
(proposed) 

4.8 0.6 91.3 14.8 67 

 

 
Fig. 10.  Effect of DSC depth and fusion strategy on inference latency. 

DeepEmoNet's qualitative behavior indicates that its 
multimodal architecture is particularly effective in interpreting 
complex crowd scenarios where emotional cues extend beyond 
facial expressions. By incorporating socio-dynamic depth 
features, the model captures interpersonal spacing, movement 
direction, and subtle interaction patterns that often signal 
emotional states in groups. This is evident in Figure 6(d), 
where DeepEmoNet correctly distinguishes emotions even 
under challenging conditions such as partial occlusions, 
crowded environments, and ambiguous facial cues. 
Misclassifications seen in baseline CNNs, especially Neutral 
↔ Angry and Sad ↔ Neutral, are significantly reduced 
because the proposed model leverages background context and 
group dynamics, enabling more ecologically valid recognition 
in real-world scenes. 

I. Comparison of Proposed Work with Recent Studies 

To demonstrate the superiority of the proposed model, 
inter-model comparisons were conducted by comparing 
DeepEmoNet with three state-of-the-art models, namely 
EmotiCon [27], ARF [28], CCIM [29] and EMERSK [17], on 

the GroupWalk dataset, as shown in Table VII. DeepEmoNet 
achieves a mAP of 86.5%, outperforming prior works by a 
margin of 16–20 points compared with EmotiCon, ARF, and 
CCIM. This substantial leap highlights the value of early fusion 
of multimodal context (face, gait, scene, depth) combined with 
DSCs for efficiency and generalization. While earlier models 
improved incrementally through adaptive fusion or debiasing 
strategies, DeepEmoNet demonstrates that a carefully 
optimized lightweight backbone can achieve higher accuracy 
while remaining computationally practical for real-world 
deployments. 

TABLE VII.  INTER-MODEL COMPARISON 

Model mAP (%) Remarks 

EmotiCon (2020) 
[27] 

65.8 
Introduced GroupWalk; multimodal 

with face, body, scene, and depth 
ARF – Adaptive 

Relevance Fusion 
(2022) [28] 

66.7 
Early fusion of multiple context streams 

with adaptive weights 

CCIM (De-
confounded 

Training) (2024) 
[29] 

69.3 
Reduces dataset bias; improves 

EmotiCon baseline by +3.7 mAP 

EMERSK (2024) 
[17] 

~70 

Modular multimodal with situational 
knowledge; reported improvement on 
GroupWalk (exact mAP not always 

stated) 

DeepEmoNet 
(proposed) 

86.5 
Context-aware fusion with DSC 

backbone; balance of accuracy and 
efficiency 

 
Therefore, DeepEmoNet with its lightweight CNN 

architecture fuses facial, gait, scene, and socio-dynamic depth 
features within a unified DSC backbone, optimized for the 
GroupWalk dataset. Unlike prior works restricted to unimodal 
cues or transformer-heavy fusion, DeepEmoNet provides a 
computationally efficient solution (4.8 M parameters, 0.6 B 
FLOPs) while achieving higher accuracy (>91%), establishing 
a new benchmark for efficiency–accuracy trade-offs. Our 
systematic ablation analysis across fusion strategies and DSC 
depth provides generalizable design principles for future 
lightweight MER models. Furthermore, our empirical 
validation on GroupWalk, a challenging real-world dataset 
rarely explored in lightweight architecture, offers novel insights 
into multimodal robustness under crowd-level occlusions and 
dynamics. 

IV. CONCLUSION 

In this study, we introduced DeepEmoNet, a lightweight 
Depthwise Separable Convolution (DSC)-based architecture 
for context-aware multimodal emotion recognition, achieving a 
strong balance between accuracy, robustness, and real-time 
efficiency. By integrating facial, gait, scene, and socio-dynamic 
depth cues through early feature fusion, DeepEmoNet achieved 
higher performance on the GroupWalk dataset with 91.3% 
accuracy and 86.5% mean Average Precision (mAP), supported 
by low variance across five runs (σ < 0.5%). Extended ablation 
results confirmed the importance of contextual modalities and 
early fusion, with the full model outperforming variants lacking 
context cues or using late fusion. Latency analysis further 
showed that four DSC modules provide the optimal trade-off, 
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attaining 16.3 ms/frame, well within real-time constraints (<33 
ms).  

Qualitatively, DeepEmoNet demonstrated superior 
capability in modeling crowd interactions, particularly in 
disambiguating subtle emotions influenced by group dynamics 
and depth cues (Figure 6(d)). Beyond accuracy gains, 
DeepEmoNet's compact design (4.8 M parameters, 0.6 B 
floating-point operations per second (FLOPs)) supports 
deployment on edge and embedded platforms, such as NVIDIA 
Jetson, mobile Neural Processing Units (NPUs), and smart-
camera systems, enabling practical use in surveillance, smart 
classrooms, public-space monitoring, and assistive 
technologies. Overall, DeepEmoNet presents a scalable, 
efficient, and context-aware framework that advances real-
world multimodal emotion recognition while offering clear 
pathways for future expansion into transformer-enhanced 
fusion, physiological modalities, and explainable artificial 
intelligence. 
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