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1. Introduction 8 
The rapid growth of machine learning (ML), particularly deep learning (DL), has significantly 9 

increased computing needs across various sectors, from industry to public services [1]–[3]. Modern DL 10 
models generally require high computing resources for both training and inference, making energy 11 
consumption and carbon footprint increasingly important issues in AI system development [4]–[6]. This 12 
situation has drawn global attention to Green AI, a paradigm that demands measuring model success 13 
not only by accuracy but also by energy efficiency and environmental sustainability [7]. 14 

As concerns about the environmental impact of large-scale computing grow, studies have begun to 15 
emphasize the importance of measuring energy consumption and carbon emissions in DL systems [8]–16 
[10]. Various approaches to energy consumption estimation have been developed, including software-17 
based energy estimation, hardware meters, and efficiency metrics that combine performance and 18 
computational cost [11], [12]. Furthermore, optimization strategies such as pruning, quantization, and 19 
neural architecture search (NAS) have been proposed to reduce energy costs without drastically 20 
degrading performance [13]–[15]. However, despite the rapid growth of research on DL energy 21 
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 Energy consumption is a growing concern in deep learning, motivating the 

Green AI paradigm, where models are evaluated not only based on 

predictive performance but also on energy efficiency. Most existing 

evaluations focus on spatial tasks and do not fully capture the 

computational and temporal costs of video-based workflows. This study 

presents a systematic energy evaluation of spatio-temporal deep learning for 

video-based student engagement classification. Using the DAiSEE dataset, 

we compare EfficientNet variants (B0–B7) as frame-level feature extractors 

and model temporal dynamics with LSTMs on fixed-length sequences. 

GPU power consumption is measured during training using nvidia-smi, 

and energy efficiency is quantified with the Kappa Energy Index (KEI), 

defined as Cohen's Kappa divided by energy consumption (kWh). The 

results show a clear trade-off between accuracy and energy: EfficientNet-

B7 achieves the highest accuracy (0.62) but incurs the highest energy cost 

(≈5 kWh), resulting in a low KEI, while EfficientNet-B0 achieves 

competitive accuracy (0.59) with the highest KEI (2.147) due to its low 

energy consumption (≈0.38 kWh). EfficientNet-B3 strikes a favorable 

balance (accuracy ≈ 0.61, KEI = 0.747), outperforming larger models under 

resource constraints. These findings suggest that deeper models do not 

always maximize energy efficiency, and the KEI value provides a practical 

metric to guide the selection of energy-efficient models.  
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efficiency, evaluations often focus on static model configurations or tasks that do not fully represent 22 
realistic spatio-temporal deployment scenarios [16]–[18].  23 

Spatio-temporal models significantly increase power consumption in video-based deep learning 24 
systems because they process multiple frames within a temporal window rather than a single input frame 25 
[19], [20]. This increases computational complexity with sequence length and frame sampling strategy 26 
[20], [21], which directly impacts memory usage, data transfer, inference time, and energy consumption 27 
[22], [23]. In continuous, real-time video applications such as student engagement monitoring [24], 28 
[25], the overhead becomes a critical obstacle to scalable, sustainable deployment [26]–[28]. Previous 29 
energy evaluation studies also show that the choice of architecture and training configuration 30 
substantially affects energy consumption during training and inference [29]–[31].   31 

Although energy efficiency has become a significant concern in Green AI [32], comprehensive energy 32 
evaluation of spatio-temporal deep learning models in video pipelines remains inadequately addressed 33 
[33], [34]. Most existing studies evaluate energy consumption in spatial settings, such as frame-based or 34 
single-image classification [35], [36]. Therefore, an explicit and standardized energy performance 35 
evaluation framework for spatio-temporal video pipelines is needed, one that systematically accounts for 36 
temporal factors while enabling fair and consistent comparisons between spatial and spatio-temporal 37 
models [37], [38]. 38 

Based on this gap, this study aims to establish a representative evaluation of the energy-performance 39 
trade-off between spatial and spatio-temporal deep learning models for video processing. The objectives 40 
of this study are as follows: 1) Measure and compare energy consumption and prediction performance 41 
between spatial and spatio-temporal pipelines, 2) Analyze the contribution of temporal factors to changes 42 
in energy costs relative to performance improvements; and 3) formulate practical recommendations for 43 
selecting efficient and sustainable architectures for implementing video-based engagement monitoring 44 
systems. 45 

Specifically, this study uses the video-based student engagement classification task as a use case 46 
because this application is characterized by continuous monitoring and requires repeated inference during 47 
learning sessions, making energy efficiency a limiting factor in real-world deployments [39], [40]. To 48 
obtain a systematic and scalable comparison, the evaluation was conducted on the EfficientNet family 49 
(B0–B7) as a representative CNN model, ranging from light to large [41], using the DAiSEE public 50 
benchmark dataset [42]. The main contributions of this research are summarized as follows: 51 

• A green AI-based energy performance benchmark for spatio-temporal models. This research presents 52 
a systematic evaluation of the energy performance trade-off in a video-based student engagement 53 
classification task, representing a real-time continuous monitoring scenario in educational 54 
environments. 55 

• A spatio-temporal model comparative analysis. We design an evaluation protocol that contributes to 56 
a spatio-temporal model, enabling an objective comparison of video pipeline performance.  57 

• Characterizing the efficiency of lightweight to large-scale CNN architectures. By evaluating the 58 
EfficientNet architecture family (B0–B7) on the DAiSEE benchmark dataset [13], [15], this research 59 
reveals how increasing model capacity and integrating temporal components affect energy 60 
consumption, inference latency, and classification performance. 61 

2. Materials 62 
In this study, the DAiSEE dataset was used for video-based student engagement classification, as it 63 

is widely adopted in student engagement detection research [43]. Two model pipelines were designed 64 
for the analysis: a spatial and a spatio-temporal pipeline, both run under identical experimental 65 
conditions. In the spatial pipeline, the EfficientNet model (B0–B7) was used for single-frame inference 66 
classification [44]. In the spatial-temporal pipeline, EfficientNet  (Table 1) served as a feature extractor 67 
for each frame, which was then modeled temporally using LSTM within a specific time window. In the 68 
spatial-temporal pipeline, EfficientNet served as a feature extractor for each frame, which was then 69 
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modeled temporally using LSTM within a specific time window. All experiments used the same 70 
hardware and software configuration and followed a consistent energy-measurement protocol [45]. 71 

Table 1.  Characteristics of the EfficientNet [14] 72 

Model Params FLOPs Feature Resolution Accuracy 
B7 66M 37B 2560 600 x 600 84.4% 

B6 43M 19B 2304 528 x 528 84% 

B5 30M 9.9B 2048 456 x 456 83.3% 

B4 19M 4.2B 1792 380 x 380 82.6% 

B3 12M 1.8B 1536  300 x 300 81.1% 

B2 9.2M 1.0B 1408 260 x260 79.8% 

B1 7.8M 0.7B 1280 240 x 240 78.8% 

B0 5.3M 0.39B 1280 224 x 224 76.3% 

2.1. Dataset 73 
The input data for this research comes from DAiSEE (Dataset for Affective States in E-learning 74 

Environment), a publicly available dataset designed to analyze affective states in the context of online 75 
learning (e-learning). This dataset is widely used in video-based student engagement research, enabling 76 
more standardized comparisons with previous studies [46], [47]. DAiSEE contains video recordings of 77 
112 Asian university students (male and female), aged 18–30, collected during various e-learning sessions 78 
under diverse recording conditions, including different lighting setups, camera devices, and 79 
environments (e.g., laboratories, classrooms, and private rooms) [43]. 80 

The dataset provides expert annotations for four affective states: confusion, boredom, engagement, 81 
and frustration. Each state is labeled using four intensity levels (0, 1, 2, 3), which is more informative 82 
than binary classification and supports fine-grained engagement modeling [43]. DAiSEE consists of 83 
thousands of video clips (10 seconds each) recorded at a resolution of 640 × 480 pixels (approximately 84 
300 frames per clip). The engagement label distribution is notably imbalanced, with 61 samples at 85 
intensity level 0, 455 at level 1, 4,419 at level 2, and 3,986 at level 3. This imbalance may bias learning 86 
toward majority classes and reduce sensitivity to minority classes [48], [49]. This study focuses on the 87 
engagement label, as engagement is a key indicator for monitoring learning processes and is relevant for 88 
evaluating both accuracy and energy efficiency in video-based measurement systems. 89 

2.2. Spatial Model 90 
CNN (convolutional neural networks) remain widely used due to their computational efficiency and 91 

strong representation capabilities despite the development of various CNN-based model derivatives, but 92 
EfficientNet introduces a combined scaling strategy that systematically scales the network depth, width, 93 
and input resolution designed for computational efficiency [44]. EfficientNet was developed for large-94 
scale image classification tasks. It consists of convolutional layers, Mobile Inverted Bottleneck 95 
Convolution (MBConv) blocks, and a fully connected classification head [44]. The MBConv blocks 96 
employ inverted residual connections with skip connections, enabling efficient feature extraction while 97 
maintaining a low computational cost. EfficientNet also adopts the Swish activation function, which 98 
improves gradient flow compared to conventional activation functions such as ReLU. EfficientNet B0–99 
B7 models are obtained through Neural Architecture Search (NAS) [50]. The variants are constructed 100 
using a compound scaling strategy that jointly scales network depth, width, and input resolution in a 101 
balanced manner. As a result, higher-indexed variants exhibit increased model capacity, parameter 102 
counts, and computational complexity. 103 

The architectural characteristics of each variant, including the number of parameters, FLOPs, feature 104 
dimensionality, and input resolution, are summarized in Table 1 [44]. In this study, EfficientNet variants 105 
from B0 to B7 are used as spatial feature extractors. When employed for feature extraction, the top 106 
classification layers are removed, and only the convolutional backbone is retained. Each EfficientNet 107 
variant produces a one-dimensional feature vector that encodes spatial visual information from the input 108 
image. 109 
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2.3. Temporal Model 110 
Recent research in video classification has increasingly focused on models based on transformers and 111 

RNN (recurrent neural network) architectures. Both models have demonstrated strong performance in 112 
large-scale benchmarks but often require large computational resources and training costs. Vision 113 
Transformer (ViT) is used for visual recognition by modeling global dependencies through a self-114 
attention mechanism [51]. Furthermore, RNN models are applied by simultaneously learning spatial 115 
and temporal representations from video sequences, which allows for improved performance in complex 116 
video understanding tasks [52]. 117 

Long Short-Term Memory (LSTM) is a type of RNN designed to model sequential data and capture 118 
sequential long-term temporal information. LSTM uses 3 gate mechanisms, namely input, forget, and 119 
output gates, to regulate the flow of information and reduce the vanishing gradient problem [53], [54], 120 
so that video classification, which is a sequence of image frames is suitable for this approach [55]. In the 121 
application of this study, LSTM is used to model the temporal relationship between spatial features that 122 
have been extracted for each frame to capture the temporal dynamics in student engagement tasks. 123 

2.4. Hardware and Software 124 
All experiments were conducted on a desktop workstation equipped with an Intel Core i9 processor 125 

and an NVIDIA RTX 3090 GPU with 24 GB of VRAM, providing sufficient computational resources 126 
for training and evaluating deep learning models. The operating system environment consisted of 127 
Windows 10 as the host system, with Ubuntu 24.04 LTS deployed through the Windows Subsystem 128 
for Linux (WSL) to facilitate a Linux-based development workflow. 129 

2.5. Maintaining the Integrity of the Specifications 130 
The template is used to format your paper and style the text. All margins, column widths, line spaces, 131 

and text fonts are prescribed; please do not alter them. You may note peculiarities. For example, the 132 
head margin in this template measures proportionately more than is customary. This measurement and 133 
others are deliberate, using specifications that anticipate your paper as one part of the entire proceedings, 134 
and not as an independent document. Please do not revise any of the current designations. 135 

3. Methods 136 

3.1. Experiment Setup 137 
The experimental design in this study employs a pipeline integrating spatial feature extraction, 138 

sequential modeling, and multi-metric evaluation shown in Fig. 1, to analyze the behavior of the 139 
EfficientNet B0-B7. The workflow begins with the DAiSEE dataset, which undergoes preprocessing 140 
before entering the Spatial Feature Extraction unit, which comprises eight model variants ranging from 141 
EfficientNet B0 to B7.  142 

 143 
Fig. 1. Experimental setup for video-based student engagement classification.  144 

 145 
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The spatial feature vectors generated by each backbone variant are then passed to the Long Short-146 
Term Memory (LSTM) layer for training, validation, and testing to capture temporal dependencies in 147 
the data. During this process, the system performs parallel GPU energy consumption measurements (in 148 
watts and hours), which are recorded using the NVIDIA System Management Interface (nvidia-smi) to 149 
generate the Kappa Energy Index as the final efficiency metric [17]. Previous empirical studies show that 150 
GPU power consumption dominates total system energy during deep learning training, while CPU and 151 
RAM contributions remain relatively stable across models [56]. This indicates that although other 152 
system components consume energy, their contributions do not vary significantly between models, and 153 
thus GPU-level energy measurements remain a meaningful comparative metric. The final spatiotemporal 154 
model’s evaluation performance metrics used include Accuracy (Acc), Macro-F1, Weighted-F1, Macro-155 
Recall, Weighted-Recall, and Kappa score. 156 

3.2. Data preprocessing 157 
Before model training, we applied a series of preprocessing steps to prepare the raw video data for 158 

spatial and temporal feature extraction. Each video clip in the DAiSEE dataset, originally recorded at 159 
640 × 480 pixels for 10 seconds, was first decomposed into individual frames treated as static images. To 160 
ensure compatibility with the EfficientNet spatial models, all frames were resized according to the input 161 
resolution required by each EfficientNet variant, as summarized in Table 1. Pixel values were normalized 162 
to stabilize training and reduce sensitivity to illumination variations across recording environments. 163 
Given the pronounced class imbalance in the engagement labels, data augmentation was applied 164 
selectively to underrepresented engagement levels (levels 0 and 1). The augmentation techniques include 165 
salt noise, pixel transformation for brightness reduction, pepper noise, blurring effects, directional 166 
transformations (e.g., flipping), and color manipulation. As a result of augmentation, the number of 167 
videos in engagement level 0 increased to 800, and engagement level 1 to 1.000. For temporal modeling, 168 
each video was segmented into 300 temporal segments. From each segment, a predefined number of 169 
frames was uniformly sampled to represent the temporal evolution of visual features. 170 

3.3. Training, Validation, Test Configuration 171 
The pre-processed data sequences were split into training, validation, and testing sets to ensure robust 172 

model evaluation. Specifically, 70% of the video clips were allocated for training, 15% for validation, and 173 
the remaining 15% for testing, following a subject-independent splitting strategy to prevent data from 174 
the same individual appearing in multiple sets. The training was carried out over 7 epochs with a batch 175 
size of 16. Each video was decomposed into individual frames, and each frame was converted into a 176 
feature vector using EfficientNetB7 with ImageNet pretrained weights. EfficientNetB7 was used as a 177 
fixed backbone to extract these frame-level features, which were then arranged into temporal sequences 178 
to serve as inputs to the LSTM model. Feature extraction was performed prior to LSTM training, and 179 
only the LSTM and classification layers were trained. The LSTM was configured with 1,024 hidden 180 
units to capture temporal dependencies effectively. To mitigate overfitting, we applied a dropout rate of 181 
0.1. Model optimization used the Root Mean Square Propagation (RMSProp) optimizer with a learning 182 
rate of 0.001. The output layer used the Softmax activation function, and the categorical cross-entropy 183 
loss guided training. Following training, the model was evaluated on a validation dataset, during which 184 
the parameter update process was temporarily paused. Predictions generated on the validation set were 185 
compared to the actual labels to compute evaluation metrics. Upon completion of the entire training 186 
and validation process, a final evaluation was performed using the test dataset, including metrics such as 187 
accuracy, precision, recall, and F1-score. The summary of the configuration is shown in Table 2. 188 

Table 2.  Experimental Setup and Hyperparameters 189 

Parameter Details 
Epochs 7 

Batch size 16 

Hidden units 1024 

Dropout 0.1 

Optimizer RMSProp 

Learning rate 0.001 
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4. Data Analysis 190 
The data analysis was assessed using standard metrics, including accuracy, F1-score, recall, and Kappa 191 

Index, or Cohen’s Kappa (𝑘𝑘) [6]. The 𝑘𝑘 is used in this work because it evaluates agreement between the 192 
model’s predictions and the actual labels and applies to both binary and multiclass classification problems. 193 
Unlike accuracy, 𝑘𝑘 adjusts for chance agreement, offering a more precise evaluation of the model’s 194 
performance. It is defined as: 195 

𝑘𝑘 = 𝑝𝑝0−𝑝𝑝𝑐𝑐
1−𝑝𝑝𝑐𝑐

   (1) 196 

where p0 is the proportion of observed agreements and pc is the proportion of agreements expected 197 
by chance. The interpretation 𝑘𝑘 is shown in Table 3, based on a standardized scale with established 198 
benchmarks indicating various levels of agreement. The model’s effectiveness was evaluated using the 199 
Kappa Energy Index (KEI), which quantifies the trade-off between predictive accuracy and energy 200 
efficiency as shown in Equation (2). 201 

𝐾𝐾𝐾𝐾𝐾𝐾 = 𝐾𝐾
𝐸𝐸

   (2) 202 

It is defined as the ratio of Cohen’s Kappa coefficient (k), as shown in Equation (1), to the energy 203 
consumption (E), measured in kilowatt-hours (kWh). This metric combines accuracy and resource 204 
efficiency; models that achieve high accuracy with low energy consumption and training time receive 205 
higher KEI scores. 206 

Table 3.  Cohen’s Kappa agreement level 207 

Cohen’s Kappa score Params 
k<0 No agreement 

0.01<k<0.20 Slight 

0.21<k<0.40 Fair 

0.41<k<0.60 Moderate 

0.61<k<0.80 Substantial 

0.81<k<1.00 Almost Perfect 

4. Results and Discussion 208 

4.1. Performance Metrics for Each Model 209 
The results of the model performance evaluation are presented in Fig. 2, which compares various 210 

evaluation metrics, including Accuracy, Macro-F1 (M-F1), Weighted-F1 (W-F1), Macro Recall (M-211 
Recall), Weighted Recall (W-Recall), and Kappa. Analysis of the accuracy performance graph shows that 212 
model performance does not strictly follow EfficientNet’s default complexity order on the ImageNet 213 
classification task, as indicated by the pink dashed line. Although model complexity increases from B0 214 
to B7, the accuracy graph (blue line) shows an observed performance order of B7, B3, B6, B4, B2, B0, 215 
B5, and B1. Model B3 improves significantly, rising from fifth to second place, while B0 also improves 216 
from eighth to sixth. Conversely, B5 declines significantly, dropping from third to seventh place, while 217 
B6 and B1 decline slightly, and B7 and B4 maintain their positions. 218 

In general, the graph shows that most models have higher M-F1 and M-Recall scores than W-F1 219 
and W-Recall, indicating they maintain relatively stable performance across classes and handle potential 220 
class imbalances reasonably well. The F1-score and Recall scores range from 0.6–0.7, indicating that the 221 
models generally recognize the average class with adequate performance, while the weighted metrics 222 
range from 0.55–0.62, suggesting the class distribution is relatively balanced and not overly imbalanced. 223 
In terms of individual performance, models B7 and B3 stand out, achieving the highest accuracy, 224 
consistent with high M-F1 and M-Recall scores. This suggests that both models' accuracy is not solely 225 
due to recognizing the majority class but also reflects strong generalization across classes. Conversely, 226 
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model B1 performed worst across both accuracy and class-average-based metrics, indicating limitations 227 
in capturing comprehensive data patterns. Interestingly, although models B4, B2, and B0 have identical 228 
accuracy values (0.594), the M-F1 and M-Recall graphs show quite clear differences in performance. 229 
This confirms that equal accuracy does not necessarily imply equal classification quality, underscoring 230 
the importance of macro metric-based evaluation. Based on the Kappa score graph, most models fall 231 
into the fair-to-moderate agreement category, with values ranging from 0.38 to 0.45. Model B7 achieved 232 
the highest score (0.445) and fell into the moderate agreement category. However, the Kappa difference 233 
between B7 (0.445) and B3 (0.437) is minimal, despite B7’s significantly greater complexity and number 234 
of parameters. This suggests that B3 is a strong candidate model in terms of the balance between 235 
performance and complexity. Model B0 also has a Kappa value comparable to B4 and B2, although lower 236 
than B7 and B3. Considering its significantly lower computational requirements, B0 remains a model 237 
worthy of further exploration. 238 

 239 
Fig. 2.  Metric results of EfficientNet B0-B7 + LSTM models 240 

4.2. Energy Consumption 241 
Energy consumption monitoring results for eight workload profiles (B0–B7) show a clear correlation 242 

between execution duration and the resulting power stability. Based on Fig. 3, the power profiles fall 243 
into two main patterns: a degradative pattern (B0, B1, B2) and a constant pattern (B3, B5, B6, B7). In 244 
profiles B0 and B1, peak power ranges from 140W to 220W early in the duration, then gradually 245 
decreases (steps down) over time, stabilizing at a lower level before finally stopping. A similar trend is 246 
observed in B2, where power drops from 240W to 150W midway through the 132.79-minute run. The 247 
power values drop dramatically mid-execution for models B0, B1, and B2, likely due to a reduction in 248 
computational workload shortly after the models complete their computationally intensive 249 
preprocessing. This decrease is further influenced by the GPU's large memory capacity, which allows 250 
most data to reside in GPU RAM at the start of the computation.  251 

Conversely, in profiles with longer durations, such as B5 (352.52 m), B6 (545.29 m), and B7 (894.02 252 
m), the graphs show very high-power stability (steady-state). On B7, power consumption remained 253 
consistently near 370W for nearly the entire 14.9-hour runtime. This consistency indicates that the 254 
workload in this profile has a uniform computing intensity, with minimal load fluctuations. Some noise 255 
or minor variations are visible at the peaks of graphs B5 and B6, but overall, the lines remain horizontal, 256 
indicating a continuous power consumption at maximum load. A different characteristic is observed in 257 
profile B4 (402.6 m), which shows a low baseline power consumption of 80W but has two sharp spikes 258 
exceeding 110W between the 200ᵗʰ and 300ᵗʰ minutes. This pattern indicates a heterogeneous workload, 259 
with brief, computationally intensive phases amidst periods of low load. At the end of each test, all 260 
profiles exhibit a uniform power drop toward the idle level (20W). 261 
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Fig. 3. GPU energy consumption over time for EfficientNet B0–B7 + LSTM models 262 

Based on the duration summary graph shown in Fig. 4, there is a clear correlation between the 263 
EfficientNet model variants and the required execution time. The baseline variants B0 through B3 show 264 
relatively stable durations of 132.8 to 152.3 minutes, with the shortest recorded for variant B2. However, 265 
there is a significant spike in duration from variant B4 (495.1 minutes) to B7 (894.0 minutes). 266 
Interestingly, variant B4 shows a longer logging time (352.5 minutes) than B5, even though B5 is a 267 
larger model in the hierarchy. Overall, this graph shows an exponential increase in workload at high 268 
variants. 269 

  

Fig. 4. GPU power consumption and KEI comparison 270 
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4.3. Kappa Energy Index and Training Time 271 
To assess computational efficiency, Kappa Energy Index (KEI) computed using GPU power 272 

consumption data. Figure 4 shows KEI values for all models (B0–B7). Highly complex models such as 273 
B7 tend to achieve the highest accuracy; however, they also require significantly more energy and longer 274 
training times, resulting in lower KEI values. In contrast, simpler models like B0 demonstrate much 275 
better energy efficiency. B0 achieves the highest KEI of 2.147, indicating it is the most energy-efficient 276 
model for predictive performance. However, its accuracy (59%) is slightly lower than that of the best-277 
performing model, B7 (62%). Meanwhile, model B3, with a KEI value of 0.747, offers a well-balanced 278 
compromise between efficiency and performance. It achieves relatively high accuracy (around 61%) and 279 
even outperforms more complex models such as B4, B5, and B6. With an energy consumption of 0.586 280 
kWh, both considered reasonable, B3 emerges as a strong candidate for systems that require efficiency 281 
without significantly reducing accuracy. However, B7 remains the preferred choice when maximum 282 
accuracy is critical, especially in high-stakes applications such as medical diagnosis or security systems. 283 
The accuracy achieved by EfficientNet-B7 (62%) on the DAiSEE dataset implies that, given the 284 
challenges of this dataset. For comparison, current research done by Selim et al. [57] shows the highest 285 
accuracy of around 67% on the same dataset as a benchmark. While these results may not be sufficient 286 
for real-world scenarios, they still provide valuable insights into temporal entanglement modeling and 287 
the relative capabilities of different EfficientNet architectures in terms of energy efficiency in the future. 288 
Further improvements in accuracy could include more aggressive data augmentation, ensemble 289 
modeling, or adding other modalities, such as physiological signals, to enhance practical applications. 290 

4.4. Accuracy, Energy and Time Trade-off 291 
To examine trade-offs among accuracy, training duration, and power consumption, Fig. 5 visualizes 292 

the relationships among these three factors across eight model variants, B0-B7. The scatter plot 293 
represents this multidimensional relationship, with classification accuracy on the horizontal axis, power 294 
consumption (kWh) on the vertical axis, and circle size indicating each model's required training time. 295 
In terms of training duration, models that required longer training times tended to exhibit higher 296 
classification accuracy. For example, model B6 required approximately 8.8 hours of training, while B7 297 
took around 14 hours, both of which were among the most complex models and achieved high accuracy. 298 

However, this trend is not entirely consistent. Model B3, for instance, required only 2.35 hours of 299 
training yet demonstrated competitive accuracy, even outperforming several more complex models. 300 
Regarding power consumption, models that consume more energy generally achieved better accuracy. 301 
Model B7, for instance, recorded the highest power consumption at approximately 5 kWh and also 302 
attained the highest accuracy among all models. In contrast, B0 consumed only about 0.380 kWh and 303 
had a very short training time of roughly 1.9 hours, making it suitable for real-time applications and 304 
devices with limited computational resources, such as mobile or IoT-based systems. Nonetheless, the 305 
relationship between power consumption and accuracy is not strictly linear. Regarding accuracy, there is 306 
no direct correlation between model complexity and classification perfor- mance. For instance, B3 307 
outperformed several more  308 

complex models such as B4, B5, and B6. This finding indicates that increasing the number of 309 
parameters or network depth does not necessarily lead to better accuracy, and that factors such as 310 
architectural suitability to the data and training strategies also play a significant role. When considering 311 
all three aspects simultaneously, a clear trade-off emerges. While B7 excels in accuracy, it comes at a 312 
high cost in terms of power consumption and training time. In contrast, B3 offers a well-balanced trade-313 
off between efficiency and effectiveness, maintaining high accuracy while consuming low power and 314 
requiring short training time. Lightweight models such as B0 to B2, with training durations of 315 
approximately 1.8 to 1.9 hours, are well-suited for resource-constrained applications, even though with 316 
some compromise in accuracy. Overall, the graph underscores the complex, non-linear relationship 317 
among accuracy, training duration, and power consumption. Therefore, model performance evaluation 318 
should not rely on a single metric but instead consider a balanced trade-off between efficiency and 319 
effectiveness. 320 
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(a) (b) 

Fig. 5. (a) Kappa Energy Index (KEI) computed from GPU energy consumption for EfficientNet variants (B0–321 
B7). (b) Energy–accuracy trade-off in terms of training power consumption 322 

5. Conclusion 323 

This study highlights the effectiveness of deep learning models in classifying student engagement in 324 
online learning environments using facial video recordings. This research evaluated a series of 325 
EfficientNet models combined with LSTM. The proposed method utilized the DAiSEE dataset, which 326 
contains video clips annotated with 4 levels of student engagement. Each video was decomposed into 327 
individual frames to extract spatial features using a range of B0-B7 models, which were then processed 328 
temporally using an LSTM network. The evaluation was conducted using metrics such as accuracy, F1-329 
score, and Cohen’s Kappa, while accounting for energy consumption and training time. The results 330 
indicate that B7 achieved the highest classification performance, although it required substantial 331 
computational resources. In contrast, B0 demonstrated the best energy efficiency, with the highest Kappa 332 
Energy Index, making it more suitable for deployment in resource-constrained environments. 333 
Additionally, B3 offered a well-balanced trade-off between accuracy and computational efficiency. 334 
Sánchez-Mompó et al. [58] also analyzed energy consumption across various AI models, showing that 335 
the choice of architecture and hyperparameters can substantially impact energy consumption without 336 
necessarily degrading performance, in line with the trends observed in our KEI evaluation across different 337 
EfficientNet variants, where attempts to choose architectures that minimize weights or layer depth alone 338 
do not guarantee lower energy consumption. Overall, the findings underscore the importance of 339 
balancing effectiveness and energy efficiency in designing practical and sustainable AI systems for 340 
educational applications. The limitation of this work is that it uses only a single dataset, which may 341 
result in different results when applied to different environmental scenarios with different setups. 342 
Furthermore, the model applied in this study also focuses on the CNN-RNN architecture and does not 343 
compare non-deep learning models such as classical machine learning methods (e.g., SVM or Random 344 
Forest). Future work will be conducted by comparing these models. However, this result contributes to 345 
the development of Green AI and provides a guidance framework for selecting models that align with 346 
both performance requirements and infrastructure constraints. 347 
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