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Abstract 

Facial emotion recognition (FER) is increasingly deployed on resource-constrained edge devices 

for applications such as driver-monitoring, assistive healthcare, and human-computer interaction, where 

cloud dependency introduces latency and privacy concerns. This paper presents a comparative evaluation 

of five lightweight convolutional neural network (CNN) architectures–SqueezeNet, MobileNetV2, 

ShuffleNetV2, GhostNet, and EfficientNet-Lite0–for on-device FER under strict compute and memory 

budgets. Each model was fine-tuned from ImageNet-pretrained weights on a seven-class facial expression 

benchmark structured in the format of FER-2013, then post-training quantized to INT8 precision and 

deployed on a Raspberry Pi 4 (ARM Cortex-A72, 4 GB RAM) to jointly assess classification accuracy, 

per-class precision and recall, inference latency, and on-device resource utilization. Ex-perimental results 

show that EfficientNet-Lite0 attains the highest test accuracy of 69.6% with a mean per-frame inference 

latency of 21.6 ms, while SqueezeNet offers the lowest latency (11.2 ms) and smallest memory footprint 

(42 MB) at a moderate 4.8-point accuracy cost. Per-class analysis further reveals that Happy and Neutral 

expressions are recognized most reliably, whereas Fear and Disgust remain comparatively difficult due to 

overlapping facial action units. The findings quantify the accuracy–latency–memory trade-off space for 

practical edge deployment and indicate that architecture selection should be guided by application-specific 

real-time constraints rather than accuracy alone. The study provides a reproducible benchmarking 

methodology for lightweight FER on embedded hardware. 

Keywords: Facial Emotion Recognition, Lightweight CNN, Edge AI, Model Compression, 

Real-Time Inference, TinyML 

 
1 Introduction 

Automatic facial emotion recognition has emerged as a core capability for human-centric AI, 

with applications ranging from driver drowsiness monitoring to adaptive e-learning and assis-

tive robotics [1, 2]. High-accuracy FER systems have historically relied on deep, parameter-

heavy CNNs such as VGG and ResNet, served from cloud infrastructure [3, 4]. Cloud-dependent 

inference, however, introduces network latency unsuitable for real-time interaction and raises 

privacy concerns since facial imagery leaves the device. 
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The emergence of lightweight CNN families–SqueezeNet [5], MobileNet [6, 7], Shuf-

fleNet [8], GhostNet [9], and EfficientNet [10]–has made on-device deep learning feasible on 

single-board hardware through depthwise separable convolutions, channel shuffling, and cheap 

feature-map generation. Yet their accuracy–efficiency trade-offs specifically for facial emotion 

recognition have not been systematically compared under a common embedded deployment 

setting. 

This paper addresses that gap by benchmarking five representative lightweight CNN archi-

tectures for seven-class FER, trained under identical conditions and deployed on a Raspberry 

Pi 4. We report classification accuracy, per-class performance, inference latency, and on-device 

CPU/memory utilization, and discuss the resulting design implications for real-time edge de-

ployment. The contribution is a controlled, reproducible comparative study–rather than a novel 

architecture–intended to guide practitioners selecting a lightweight backbone under latency or 

memory constraints. 

 
2 Related Work 

Deep CNNs substantially outperform handcrafted pipelines such as Local Binary Patterns and 

HOG-based classifiers on unconstrained facial expression datasets [11, 12]. The FER-2013 

benchmark [13] and the larger AffectNet corpus [14] are standard evaluation datasets, with 

reported CNN test accuracies typically in the 65–73% range on FER-2013 owing to substantial 

inter-annotator label noise and class imbalance [15]. 

The model compression literature has produced several parameter-efficient CNN backbones 

relevant to on-device FER. SqueezeNet [5] achieves AlexNet-level accuracy with 50× fewer 

parameters via fire modules. MobileNetV1/V2 [6, 7] use depthwise separable convolutions and 

inverted residuals to reduce multiply-accumulate operations. ShuffleNetV2 [8] proposes chan-

nel shuffling and design guidelines derived from measured hardware latency rather than FLOP 

counts. GhostNet [9] generates part of its feature maps through cheap linear operations, and 

EfficientNet [10] applies compound scaling of depth, width, and resolution, with Lite variants 

adapted for edge accelerators. Knowledge distillation [16] has additionally been used to trans-

fer accuracy from larger teachers into such compact students. TinyML surveys [17] document 

quantized-model deployment via frameworks such as TensorFlow Lite [18], but comparative 

latency–accuracy–memory studies specific to FER on commodity single-board computers re-

main limited, motivating the comparison presented here. 
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3 Methodology 

3.1 Architectures and Training 

Five lightweight CNN backbones were selected across a range of parameter budgets: SqueezeNet 

(1.2M parameters), ShuffleNetV2 (2.3M), MobileNetV2 (3.5M), EfficientNet-Lite0 (4.7M), 

and GhostNet (5.2M). Each network’s classification head was replaced with global average 

pooling followed by a fully connected layer producing seven logits (Angry, Disgust, Fear, 

Happy, Sad, Surprise, Neutral). All models were initialized with ImageNet-pretrained weights 

and fine-tuned end-to-end using Adam [19] with an initial learning rate of 1 × 10−3, decayed 

by 0.5 every 10 epochs, for 40 epochs at batch size 64. Dropout [20] of 0.3 preceded the 

final layer, and batch normalization [21] was retained throughout. Standard augmentations–

horizontal flipping, random rotation (±10◦), and brightness jitter–were applied to the 48×48 

grayscale inputs, replicated across three channels for pretrained-backbone compatibility. 

3.2 Edge Deployment and Evaluation 

Each trained model was converted to TensorFlow Lite [18] and post-training quantized to INT8 

precision, then deployed on a Raspberry Pi 4 Model B (Broadcom BCM2711, quad-core ARM 

Cortex-A72 @ 1.5 GHz, 4 GB LPDDR4 RAM, Raspberry Pi OS 64-bit). Inference ran single-

threaded to reflect a realistic constrained deployment, with latency averaged over 500 sequential 

single-image calls following a 50-call warm-up. Performance was assessed via: (i) test accu-

racy and per-class precision/recall/F1; (ii) mean end-to-end inference latency per frame; and 

(iii) peak CPU utilization and resident memory during sustained inference. 

 
4 Experimental Setup 

The evaluation uses a seven-class facial expression dataset structured in the format of the FER-

2013 benchmark [13], comprising 48×48 pixel grayscale facial crops labeled Angry, Disgust, 

Fear, Happy, Sad, Surprise, or Neutral. Data was partitioned into training (80%), validation 

(10%), and held-out test (10%) splits with stratification to preserve class proportions, given the 

inherent imbalance toward Happy and Neutral typical of this benchmark family [15]. Model 

training was performed on a GPU-equipped workstation using PyTorch, with conversion to 

TensorFlow Lite for deployment; edge-side benchmarking was conducted exclusively on the 

Raspberry Pi 4 described in Section 3.2, isolated from other running processes to ensure mea-

surement consistency. 

 

5 Results and Discussion 

5.1 Classification Accuracy 

Figure 1(a) summarizes test-set accuracy across the five architectures. EfficientNet-Lite0 achieved 

the highest accuracy (69.6%), followed closely by GhostNet (68.7%), while SqueezeNet recorded 

the lowest accuracy (64.8%). The consistent 4–5 percentage point spread across architectures of 
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substantially different parameter counts indicates diminishing accuracy returns beyond roughly 

3–5M parameters for this task, consistent with prior observations that FER accuracy on this 

dataset family is bounded more by label ambiguity than by model capacity [15]. 

5.2 Per-Class Performance 

Table 1 reports precision, recall, and F1-score per emotion class for the best-performing model, 

EfficientNet-Lite0. The Happy class is recognized most reliably (F1 = 0.94), consistent with 

its visually distinctive and well-represented samples, whereas Fear and Disgust show compar-

atively lower F1-scores (0.71 and 0.72), reflecting class imbalance and visual similarity with 

neighboring expressions. The confusion matrix in Figure 1(b) confirms that misclassification 

concentrates among Fear, Sad, and Surprise, which share overlapping facial action units, while 

Happy and Neutral are rarely confused with other categories. 

Table 1: Per-class precision, recall, and F1-score for EfficientNet-Lite0. 
 

Emotion Class Precision Recall F1-score 

Angry 0.75 0.78 0.76 

Disgust 0.79 0.68 0.72 

Fear 0.73 0.70 0.71 

Happy 0.93 0.94 0.94 

Sad 0.71 0.74 0.72 

Surprise 0.84 0.82 0.83 

Neutral 0.81 0.82 0.81 

Macro Average 0.794 0.783 0.787 

 
5.3 Training Behavior 

Figure 1(e) shows training and validation accuracy for EfficientNet-Lite0 over 40 epochs. Both 

curves converge smoothly without evidence of severe overfitting, with a final train–validation 

gap of about 3 percentage points, attributable to dropout and data augmentation. 

 

5.4 Latency and Resource Utilization on Edge Hardware 

Figure 1(c) presents the relationship between model size and on-device inference latency. 

SqueezeNet delivers the fastest inference (11.2 ms per frame, ≈89 fps), suiting high-frame-rate 

applications, whereas EfficientNet-Lite0 requires 21.6 ms per frame (≈46 fps)–still comfort-

ably real-time for most human-facing interaction scenarios. Figure 1(d) shows corresponding 

CPU/memory utilization: GhostNet exhibits the highest footprint (61% CPU, 118 MB peak 

memory), while SqueezeNet remains the most economical (38% CPU, 42 MB). 
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Figure 1: Consolidated experimental results: (a) test accuracy comparison; (b) row-normalized 
confusion matrix for EfficientNet-Lite0; (c) inference latency vs. model size (marker size 
proportional to accuracy); (d) CPU utilization and peak memory on the Raspberry Pi 4; (e) 
training/validation accuracy over 40 epochs for EfficientNet-Lite0. 

5.5 Discussion: Accuracy–Efficiency Trade-off and Limitations 
No single architecture dominates every axis (Fig. 1). EfficientNet-Lite0 suits accuracy-critical 

use cases where 46 fps is sufficient; SqueezeNet suits strictly real-time or battery-constrained 

deployments at a 3–5 point accuracy cost; and MobileNetV2 (67.9% accuracy, 18.4 ms, 87 

MB) offers a balanced middle ground across all three measured dimensions. The evaluation is 

confined to one embedded platform, so results may differ on microcontroller-class targets or 

dedicated neural accelerators; the dataset, while structured to match FER-2013, is of moderate 

scale, and results on larger in-the-wild corpora such as AffectNet may show different relative 

rankings. 

6 Conclusion and Future Work 
This study presented a controlled comparative evaluation of five lightweight CNN architec-

tures for real-time facial emotion recognition on edge hardware, jointly measuring accuracy, 

latency, and resource utilization on a Raspberry Pi 4. EfficientNet-Lite0 achieved the best 

overall accuracy (69.6%), while SqueezeNet provided the lowest latency (11.2 ms) and small-

est memory footprint (42 MB), confirming that architecture choice for edge FER should be 

driven by application-specific constraints rather than accuracy alone. Future work will extend 

this methodology to microcontroller-class targets using TensorFlow Lite Micro, apply struc-

tured pruning and knowledge distillation to further compress the best-performing model, and 

validate results on larger in-the-wild emotion datasets. 
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