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ABSTRACT

Road traffic crashes have become the leading cause of death for young people. Approximately 1.3 million people
die due to road traffic crashes, and more than 30 million people suffer non-fatal injuries. Various studies have
shown that emotions influence driving performance. In this work, we focus on frame-level video-based categorical
emotion recognition in drivers. We propose a Convolutional Bidirectional Long Short-Term Memory Neural
Network (CBiLSTM) architecture to capture the spatio-temporal features of the video data effectively. For this,
the facial videos of drivers are obtained from two publicly available datasets, namely Keimyung University Facial
Expression of Drivers (KMU-FED), a subset of the Driver Monitoring Dataset (DMD), and an experimental
dataset. Firstly, we extract the face region from the video frames using the Facial Alignment Network (FAN).
Secondly, these face regions are encoded using a lightweight SqueezeNet CNN model. The output of the CNN
model is fed into a two-layered BiLSTM network for spatio-temporal feature learning. Finally, a fully-connected
layer outputs the emotion class softmax probabilities. Furthermore, we enable interpretable visualizations of the
results using Axiom-based Grad-CAM (XGrad-CAM). For this study, we manually annotated the DMD and our
experimental dataset using an interactive annotation tool. Our framework achieves an F1-score of 0.958 on the
KMU-FED dataset. We evaluate our model using Leave-One-Out Cross-Validation (LOOCV) for the DMD and
the experimental dataset and achieve average F1-scores of 0.745 and 0.414 respectively.
Keywords: Driver Emotion, Emotion Recognition, Facial Expression, Video Processing, Convolutional Neural
Network, Long Short-Term Memory, Classification, Deep Learning

1. INTRODUCTION
According to the World Health Organization, nearly 1.3 million people die from road traffic crashes, and more
than 30 million people suffer non-fatal injuries. Moreover, road traffic crashes have become the leading cause
of death for young people.1 Various studies have demonstrated that emotions affect driving performance.2–5
Emotions influence attention levels, aggression, and risk perception in drivers. Recently, in an exciting study,
Dingus et al. found that driving while observably angry, sad, crying, and emotionally agitated increases the
risk of a crash by 9.8 times.6 Thus, automated recognition of a different emotional state is necessary. It can be
used to improve human-computer interaction (HCI) and can also be incorporated in advanced driver assistance
systems (ADAS).7
Several studies have been reported to differentiate and recognize emotional states in drivers.8 However, most
of these approaches are evaluated for laboratory environments.9 Recently, deep learning-based techniques have
achieved state-of-the-art results on popular emotion recognition benchmarks like CK+ for in-the-wild emotions.10
However, these datasets are collected in a laboratory environment, with emotions being acted out, good illumination conditions, fixed head poses, and little to no occlusions. Models performing well on these datasets are
not generalizable to real-world in-the-wild driving scenarios with adverse illumination conditions resulting from
sunlight, poorly lit roads, and garages.9
Further, in driving, the head pose varies significantly with conditions such as talking with passengers, interacting with the vehicle dashboard, and viewing different mirrors.9, 11 Moreover, in contrast to the popular
benchmarks dataset, in a real-world driving scenario, the emotions experienced by the driver are subtle and exist
for variable durations. The facial occlusions like sunglasses, hats, mobile phones, water bottles, and the driver’s
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own hands make the task even more challenging.11 Furthermore, most of these image-sequence datasets only have
a single emotion class and focus on sequence-level classification. But in a real-world scenario, multiple emotions
may arise in the same time duration, motivating the need for frame-level classification instead of sequence-level
classification.11, 12
Limited studies have been reported on general-purpose facial expression recognition with popular benchmarks
datasets, which depend exclusively on spatial information available in the video/image sequence data.12 However,
in real-world driving scenarios, considering temporal context may improve the recognition rate. In conditions such
as sequences with facial regions occluded, the image-based approach may provide erroneous results. However,
suppose we include temporal context along with spatial information. In that case, we have higher chances of
classifying the occluded frames correctly by utilizing the information contained in the previous un-occluded
frames.
Thus, in this study, we proposed an approach to improvising the recognition of the driver’s emotional states
using hybrid deep Spatio-temporal feature learning. The proposed approach focuses on video-based categorical
emotion recognition in drivers at frame level using the Face Alignment Network (FAN) and convolutional bidirectional Long Short-Term Memory neural network (CBiLSTM).12, 13 The video sequences of drivers’ emotional
states are obtained from two public databases and an experimental dataset. To the best of the author’s knowledge, there are no publicly available datasets collected in a real-world driving environment with natural emotion
annotations. Our research questions (RQ) are:
• RQ1: Can drivers’ emotional states be detected accurately using the proposed methodology?
• RQ2: Can the proposed methodology be used to detect emotional states in multiple cameras (color and
Infrared)?

2. MATERIALS AND METHODS
The pipeline of the proposed methodology to recognize driver’s emotional states is shown in figure 1. In the
first stage, the videos are preprocessed. The preprocessing involves downsampling of the video to 10 frames per
second (FPS) to reduce computational complexity. The clips are applied to the Face Alignment Network (FAN)
to detect the face in the second stage. The facial regions are further segmented and divided into clips. The
segmented clips are employed in the CBiLSTM network for hybrid deep spatio-temporal feature learning in the
third stage. The Leave-One-Out Cross-Validation (LOOCV) technique is used to evaluate the robustness of the
proposed approach.

Figure 1. Overall proposed algorithm pipeline: N is the total number of videos, M is the total number of clips, F is the
number of frames in each clip, C is the number of channels, and H × W the frame dimensions
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2.1 Datasets
The Keimyung University Facial Expression of Drivers (KMU-FED) dataset consists of 12 participants and 1100
NIR frames, divided into 110 clips of 10 frames each. The clips are annotated for six basic emotions: anger,
disgust, fear, happiness, sadness, surprise.14 The DMD has 41 hours of video data and 31 participants; however,
only five participants have been released and are considered in this study.11 The videos have occlusions from
objects such as glasses, water bottles, and hands. They also have varied illumination conditions and head pose
variations. It has not been annotated for emotions. In addition to the above datasets, we have recorded 13
videos with 7 participants: 2 videos for 6 participants and one video from the last participant. The videos are
sampled at 30 frames per second using Intel RealSense cameras.

2.2 Annotation and Emotion Classes
Due to limited emotion annotations in DMD and the experimental database, we created a command line based
interactive annotation tool to annotate the DMD manually and our experimental dataset for three emotion
classes: happy, neutral, and bothered.
In-the-wild categorical emotion recognition studies have considered anger, disgust, fear, happiness, sadness,
surprise, and neutral as emotion classes. However, most of these emotional states do not frequently occur
while driving. The unreleased DEFE dataset considers the emotions: anger, happiness, neutral.15 The dataset
collected by Ma et al. considers the emotions: happy, bothered, concentrated, confused.16 They assume bothered
to contain anger and disgust as well. In our case, we consider the emotion classes: happy, bothered, and neutral.
We assume the bothered emotional state to contain anger, disgust, fear, sadness, and confused states.

2.3 Preprocessing
To reduce computational complexity, we reduce the frame rates of the video datasets from 30 to 10 FPS. We then
detect and crop out the faces present in each frame. We then divide these cropped frames into fixed-sized clips
of 32 frames; each frame resized to 224 × 224. Each clip consists of a consecutive sequence of frames, creating a
segment of the original video.

2.4 Face and Landmarks Detection
We use FAN for extracting facial landmarks.13 The face bounding box is then created using the landmark
coordinates, using the range of the coordinate values along each direction. We dilate this bounding box by 10%
along each side to include some background context.

2.5 The CBiLSTM Network
Our main framework is a CBiLSTM network that accepts a 32-sized video clip as the input. Each frame in this
clip is first encoded using a CNN architecture. We use the lightweight SqueezeNet model, as for a similar task
of driver gaze detection, it demonstrated better performance and localization when compared to other standard
CNN models.17, 18 The CNN-encoded frames are then passed on to a two-layered BiLSTM network to incorporate
the temporal information contained in the clip (see figure 2). For each time step, the output of the BiLSTM
network is passed through a final fully connected layer that yields the class-wise softmax probabilities.

2.6 Visualization
To enable the interpretability of the results and to analyze the model’s performance, we utilize the XGrad-CAM
framework, using the last layer of the SqueezeNet model.19 On a related task, Grad-CAM was shown to provide
interpretable insights into the model’s performance.18, 20 We use XGrad-CAM, which is an enhanced version of
Grad-CAM in terms of conservation and sensitivity.
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Figure 2. The CBiLSTM network

3. RESULTS
3.1 Performance on the KMU-FED Dataset
We achieve a validation accuracy of 95.8 and an F1-score of 0.958, considering six basic emotion classes: anger,
disgust, fear, happiness, sadness, surprise. We observe that the highest confusion is between fear and sadness.
Qualitatively, through XGradCAM visualizations shown in figure 4, we observe that our model learns discriminative features for the six emotions, effectively localizing different regions of the face. We train our network for
27 epochs, with a batch size of 8, using a learning rate of 10−4 . We fix the clip size as ten and the LSTM hidden
dimension as 512.

Figure 3. The obtained validation confusion matrix and the average F1-score variation
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Figure 4. The obtained XGrad-CAM visualizations for each emotion category on the KMU-FED dataset

3.2 Performance on the DMD Dataset
For this dataset, we evaluate our models using Leave-One-Out-Cross-Validation (LOOCV), as this dataset has
only five videos. We achieve individual F1-scores of 0.988, 0.618, 0.650, 0.731, 0.740 and an average F1 score
of 0.745. This demonstrates that even when the data size is small, our model remains effective. The confusion
matrices in figure 5 show that the largest confusion exists between the neutral and the bothered states. We train
our network for 20 epochs, with a batch size of 8, using a learning rate of 10−4 . We fix the clip size as 32 and
the LSTM hidden dimension as 256.

Figure 5. The obtained validation confusion matrices for each of the five videos

Figure 6. The obtained XGrad-CAM visualizations for each emotion category on the DMD dataset
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3.3 Performance on the Experimental Dataset
The results on this data are inferior to those achieved in the other two datasets since this data is highly imbalanced
with the following distribution of frames: happy - 750 frames, neutral - 10,537 frames, bothered - 999 frames.
We try to mitigate this by subsampling the neutral class and using a weighted loss. Although this improves the
performance, the final results are still not satisfactory. We evaluate our models using a variant of LOOCV. At
a time, we leave out all videos belonging to an individual subject and train on the remaining videos, and then
validate on the left-out videos. We achieve individual F1-scores of 0.260, 0.386, 0.362, 0.344, 0.844, 0.320, 0.382,
and an average F1 score of 0.414. We train our network for 20 epochs, with a batch size of 8, using a learning
rate of 10−4 . We fix the clip size as 32 and the LSTM hidden dimension as 256.

4. NEW/BREAKTHROUGH WORK
In this work, we proposed a novel FAN-based CBiLSTM network architecture for dynamic facial expression
recognition in drivers in the smart-vehicle environment. The proposed methodology is robust, reliable, and
applicable for multiple camera sensors (color and infra-red) (see figures 4 and 6). Our work effectively locates
the emotional cues of the face associated with various emotional states for accurate detection (see figures 4 and
6). As seen in section 3.2, our method performs considerably well even in a low-resource setting. Furthermore,
our method could be a useful tool to assess emotional states and can be extended to real-life environments.

5. CONCLUSIONS
In this work, we proposed a FAN-based CBiLSTM based architecture that effectively captures the spatio-temporal
features of the video data (RQ1). Furthermore, we showed that the proposed methodology could be used for
multispectral cameras (RQ2) with the experiment. We demonstrated the effectiveness and robustness of our
model on two different datasets: KMU-FED, DMD, and on our experimental videos. We offer a fast, accurate,
and applicable solution for various camera sensors with the proposed methodology.
In future work, we wish to explore better ways of handling the class imbalance. Further, the model architecture
can be improved in multiple ways by incorporating attention mechanisms, utilizing better loss functions, like the
ArcFace loss, and considering a hierarchical classification setting with the first stage being a neutral/non-neutral
binary classifier.21 Eventually, the proposed approach can be used to detect the emotional states of the patients
and participants in smart-home environments.22
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