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Abstract. This study investigates the recognition of complex emotional states from facial images using advanced convolutional neural network
architectures and explainable artificial intelligence techniques. Unlike prior work focused on basic categorical emotions, we target subtle affective
states such as frustration, confusion, or skepticism, which are critical for nuanced human-robot interactions. We compare a conventional deep
learning model (ResNet50), an advanced EfficientNet-Transformer architecture, and our proposed CNN model enhanced with the Attention Map
Alignment Layer (AMAL), designed to improve interpretability and focus on semantically relevant facial regions. Experimental evaluation on
benchmark datasets (AffectNet, EMOTIC) and in a real-time simulation involving the OhBot social robot demonstrates that the proposed model
achieves higher recognition accuracy for complex emotions and provides more consistent feature attribution using SHAP and LIME frameworks.
The results highlight the potential of integrating explainable computer vision systems into interactive robotics, improving transparency and
emotional understanding in artificial agents.
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1. INTRODUCTION art models achieve high classification accuracy, their decision-
making processes are often opaque. The growing interest in ex-
plainable artificial intelligence (XAI) seeks to address this lim-
itation. Tools such as SHAP (SHapley Additive exPlanations)
and LIME (Local Interpretable Model-Agnostic Explanations)
have proven valuable in revealing feature contributions in emo-
tion recognition tasks, but their application to facial complex
emotion recognition remains limited [5, 6]. There is still a sub-
stantial gap in designing models that not only classify complex
emotional states with high accuracy but also explain which fa-
cial features drive these classifications, ensuring transparency
and trustworthiness in human-machine interaction scenarios. In
line with these challenges, the present work explicitly targets
complex emotions as compositions of low-amplitude Action
Units and asymmetric regional configurations that are difficult
to capture with local receptive fields alone, thereby motivat-
ing architectures able to model long-range dependencies and to
prioritize semantically relevant facial regions [3, 7].

1.1. Background and motivation

Facial emotion recognition constitutes a core element of affec-
tive computing, a field first defined by Picard in the 1990s as the
development of systems capable of detecting and responding to
human emotions [1,2]. While early approaches in facial affect
analysis focused on the classification of six basic emotions —
happiness, sadness, anger, fear, surprise, and disgust — the scope
of research has since expanded to include more complex emo-
tional states [3]. These complex emotions, such as frustration,
confusion, or skepticism, arise from subtle interactions between
affective processes and situational context and are far less distin-
guishable through obvious facial cues alone. Despite advances
in convolutional neural networks (CNNs) and the availability
of large-scale datasets like AffectNet and EMOTIC, the major-
ity of emotion recognition systems remain optimized for basic,
easily separable categories [3]. In contrast, the automatic recog-
nition of nuanced emotional states from static or dynamic facial
images presents a significantly harder task. These states are
typically marked by micro-expressions, compound muscle acti-  1-2- Research gap

vations, or asymmetries in facial regions that traditional CNNs  Although computer vision-based emotion recognition has ad-
may fail to detect robustly [4]. Moreover, while state-of-the-  vanced substantially, recognizing complex emotional states from
facial images remains an underexplored area. Most existing
models are optimized for clear-cut, basic emotions and exhibit
reduced accuracy when confronted with subtle, mixed, or am-
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well-annotated datasets and show degraded performance when
applied to real-world images where facial expressions may be
partially occluded, ambiguous, or affected by lighting condi-
tions [8]. Another major limitation lies in the lack of real-time
explainability. While explainable Al techniques such as SHAP
and LIME have been used to analyze post hoc predictions in
emotion recognition pipelines, their deployment in image-only,
real-time facial analysis systems remains minimal [9]. Conse-
quently, it is unclear whether these models focus on semanti-
cally relevant facial regions (e.g., eye corners, nasolabial folds)
when classifying complex emotional states. Finally, there is lim-
ited research on evaluating these models in human-robot inter-
action settings. Most vision-based emotion recognition stud-
ies rely solely on static image benchmarks, without validating
their effectiveness in dynamic interaction contexts where sys-
tems must interpret user emotions from robotic avatars or dig-
ital agents. This gap is particularly relevant in educational or
assistive robotics, where accurate recognition of nuanced emo-
tional states is essential for adaptive interaction [10]. Address-
ing these challenges requires the development of specialized
architectures capable of detecting fine-grained facial cues and
providing interpretable predictions in real-time human-robot in-
teraction scenarios. Moreover, the requirement for transparent,
real-time decision support implies not only post-hoc explana-
tions but also lightweight attribution mechanisms that can be
surfaced intermittently during streaming inference without vi-
olating latency budgets, alongside objective consistency mea-
sures that verify alignment between highlighted regions and
established facial areas (eyes, eyebrows, mouth) [11]. It should
be noted that the present study deliberately focuses on a face-
only visual pipeline. While complex emotional states are often
shaped by contextual, social, and situational factors, isolating
facial cues allows for a controlled examination of the discrimi-
native capacity of subtle mimetic signals. This methodological
choice increases label ambiguity for certain complex emotions
but enables a clearer assessment of architectural sensitivity to
fine-grained facial patterns, particularly under domain shift con-
ditions relevant to human-robot interaction. Consequently, the
reported results should be interpreted as a conservative estimate
of achievable performance when relying exclusively on facial
information.

1.3. Objectives and contributions

The present study seeks to address limitations in facial emotion
recognition by developing and evaluating convolutional neural
network architectures specialized for the identification of com-
plex affective states. The primary objective is to test whether ar-
chitectural enhancements in CNN models can improve the detec-
tion of subtle, mixed, or ambiguous facial expressions — an area
insufficiently explored in existing research. Three model vari-
ants are proposed: a classical ResNet50 baseline; an advanced
EfficientNet model augmented with a Transformer encoder to
enhance feature extraction; and an original CNN architecture
integrating an Attention Map Alignment Layer (AMAL), aimed
at guiding the attention of the model toward semantically signif-
icant facial regions. A further objective involves the deployment
of explainable artificial intelligence techniques, namely SHAP

and LIME, applied directly to quantify the relevance of distinct
facial areas during emotion classification. This enables an as-
sessment of both accuracy and interpretability, determining the
degree to which complex emotional categories align with local-
ized facial features [12]. Validation is extended to a human-robot
interaction scenario featuring the OhBot social robot, which dis-
plays facial expressions via a screen-based avatar. The capacity
of each model to recognize complex emotional displays in real
time is evaluated, thus testing applicability in interactive sys-
tems where emotional intelligence is crucial [13]. Finally, ex-
periments will be performed on recognized benchmark datasets
(AffectNet and a curated subset of EMOTIC) alongside the
OhBot simulation. Anticipated outcomes include performance
gains in recognition accuracy and enhanced interpretability, par-
ticularly with the AMAL-augmented model. The ensemble of
findings aims to contribute a transparent, image-based emotion
recognition strategy suitable for next-generation human-robot
interaction systems [14, 15].

2. RELATED WORK AND THEORETICAL FRAMEWORK

2.1. Attention-, robustness-, and domain-shift-oriented
approaches

Recent research has increasingly emphasized attention mech-
anisms and robustness-oriented designs to mitigate the limita-
tions of standard convolutional architectures in emotion recog-
nition tasks. Attention-based models aim to guide the network
toward diagnostically relevant regions while suppressing spu-
rious background correlations, which is particularly important
when facial cues are subtle or distributed across multiple re-
gions [7, 15]. Approaches such as attention transfer, spatial at-
tention maps, and hybrid CNN-Transformer architectures have
demonstrated improved generalization by capturing long-range
dependencies between facial components (e.g., eyebrow-eye-
mouth interactions) that are difficult to model using local recep-
tive fields alone. In parallel, robustness-focused methods address
performance degradation under domain shift, for instance, when
models trained on human facial images are applied to avatars,
robots, or other non-photorealistic representations. Prior stud-
ies in affective computing report that unconstrained deep mod-
els often exploit dataset-specific shortcuts, leading to reduced
transferability under changes in appearance, illumination, or
rendering style [6,8, 16]. Explicit regularization of attention and
structure-aware representations has therefore been proposed as a
mechanism to improve stability across domains and reduce sen-
sitivity to incidental visual cues [12,17]. These findings motivate
architectures that incorporate inductive biases aligned with fa-
cial structure, particularly in human-robot interaction scenarios
where visual statistics differ substantially from natural human
faces [13].

2.2. Visual and sequential signal analysis

Recognition of complex affective states from facial imagery
requires sensitivity to fine-grained, low-amplitude muscle acti-
vations and their configurational relations. Convolutional neu-
ral networks (CNNs) remain a strong baseline for static facial
features, yet performance degrades when expressions are sub-
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tle, heterogeneous, or weakly separable [18]. Transformer-based
models improve upon this by leveraging self-attention to capture
long-range dependencies across facial regions (e.g., eyebrow-
eye-mouth couplings) that are not well modeled by local filters
alone, which has been shown to benefit temporally evolving
or multimodal affect analysis [16, 19, 20]. Graph neural net-
works (GNNs) have also been adopted to encode non-Euclidean
structures such as skeletal graphs or landmark graphs, thereby
enabling relational reasoning over articulated parts [18, 19]. In
the present study, the empirical scope is face-crop only; thus,
GNN-based whole-body reasoning is treated as a future ex-
tension. The focus here is on architectures that preserve spatial
resolution in late stages and support attention over diagnostically
relevant facial subregions, which is crucial for subtle, compound
expressions.

Recognizing complex emotional states poses additional chal-
lenges compared to basic emotion classification, as such states
are typically expressed through low-amplitude, compound, or
asymmetric facial activations rather than salient prototypical
expressions [3]. Prior work has shown that complex emotions
such as confusion, frustration, or skepticism exhibit higher inter-
class overlap and greater annotation ambiguity, resulting in re-
duced separability for conventional deep models. To address
this, recent studies have explored fine-grained feature model-
ing, landmark-aware representations, and architectures that pre-
serve spatial resolution in deeper layers to better capture micro-
configurations and weak cues [7, 15]. While multimodal and
contextual fusion has proven effective in disambiguating com-
plex affective states, several works deliberately investigate face-
only pipelines to isolate the discriminative power of mimetic
information. These findings suggest that, although context is
often essential, carefully designed visual architectures with fo-
cused attention can still extract meaningful signals from facial
images alone, providing a valuable foundation for subsequent
multimodal integration.

2.3. Behavioral and contextual data fusion

Large-scale resources such as GoEmotions, EMOTIC, KD-
EmoR, and IEMOCAP demonstrate the utility of multimodal
and contextual annotations — text, audio, video, and scene meta-
data — for robust emotion inference beyond purely visual in-
puts [21,22]. Approaches like GS-MCC and COGMEN oper-
ationalize this by constructing interaction graphs and aligning
features across modalities and speakers, thereby improving ro-
bustness to missing or noisy channels [23,24]. While many com-
plex categories (e.g., skepticism) are partly context-dependent,
the present work deliberately evaluates a face-only setting to
isolate the discriminability of mimetic cues. Multimodal fusion
is therefore positioned as a subsequent step, where facial atten-
tion can be combined with prosodic and semantic streams to
resolve ambiguities that persist under vision-only constraints.

2.4. Explainable Al (XAl) in emotion recognition

The integration of explainable AI (XAI) into emotion recog-
nition systems is fundamental for identifying the features that
drive model decisions and for fostering user trust. In the pro-
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posed framework, SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-Agnostic Explanations) were
implemented to attribute prediction outcomes to specific input
modalities and features such as facial expressions, voice tone,
and contextual indicators. SHAP, grounded in cooperative game
theory, offers consistent, locally, and globally interpretable fea-
ture contributions, enabling insights into model behavior across
individual instances as well as aggregate decisions [25]. LIME
complements SHAP by providing localized, perturbation-based
explanations, which is particularly useful for understanding how
slight input variations (e.g., subtle changes in a facial region or
tone of voice) influence the outcome of the model [26]. Empir-
ical studies underscore the effectiveness of such explainability
techniques in emotion recognition. For example, the EmoLIME
framework applies LIME to amplitude, pitch, and spectral fea-
tures of speech signals, successfully highlighting voice cues that
signal emotions like sadness or anger [17]. In visual emotion
analysis, explanations derived from SHAP reliably emphasize
salient facial regions such as the eyes and mouth, aligning with
established psychological markers of affective expression [27].
By incorporating both SHAP and LIME directly in the inference
pipeline, the proposed system enables real-time interpretability:
clinicians, end-users, or developers can visualize which facial
regions or other modalities most strongly influence each emo-
tion prediction. This offers an essential transparency layer absent
in many current multimodal emotion recognition architectures,
and it helps verify that the model focus aligns with human in-
tuition, thereby enabling verification that model predictions are
driven by semantically relevant facial regions rather than inci-
dental background cues.

2.5. Complex emotions: psychological grounding
and implications for computer vision

From a psychological standpoint, complex emotions such as
frustration, confusion, and skepticism rarely correspond to a sin-
gle, high-amplitude facial template; rather, they arise from con-
figurations of low-intensity Action Units (AUs), subtle asymme-
tries, timing, and gaze dynamics, and are frequently modulated
by situational appraisal and discourse context [3,7]. As a re-
sult, labels for complex emotions exhibit greater inter-annotator
variability and context dependence than basic categories, in-
creasing label noise and reducing separability [3, 6]. For com-
puter vision, these properties imply the need to model com-
positionality across distant facial regions, sensitivity to micro-
configurations and slight spatial contrasts, allowance for multi-
label or hierarchical taxonomies when expressions overlap, and
a stronger reliance on temporal and multimodal context to dis-
ambiguate similar static cues [6,9]. Architectures that preserve
late-stage spatial detail and explicitly prioritize diagnostically
relevant subregions — for example, through attention guided by
facial masks — are therefore well aligned with the demands of
complex-emotion recognition [7].

Several theoretical perspectives converge on this view. Dis-
crete facial coding (FACS) treats expressions as combinations
of AUs rather than named emotions; complex states often corre-
spond to compound, sometimes asymmetric AU patterns (e.g.,
low-amplitude AU4 + AU14 for frustration; unilateral AU1/2
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with AU14 for skepticism), supporting models that capture fine
spatial detail and asymmetry and that aggregate weak, dis-
tributed cues [7]. Dimensional accounts position affects along
valence-arousal axes; frustration and confusion may occupy
adjacent regions (negative valence, moderate arousal), mak-
ing crisp categorical boundaries difficult and motivating joint
continuous-plus-categorical supervision and calibrated uncer-
tainty [3, 15]. Appraisal-based views emphasize that emotions
emerge from sequential evaluations of novelty, goal relevance,
controllability, and norm compatibility; hence, context (e.g.,
task difficulty, social norms) and temporal unfolding are inte-
gral, motivating the integration of scene and dialogue cues with
Transformer-based temporal encoders [6, 19]. Constructionist
perspectives, as synthesized in recent surveys, highlight that
categories are conceptual constructs assembled from core affect
and context, implying higher label noise, domain sensitivity,
and the value of domain adaptation and semi-supervised learn-
ing under weak labels [3, 6]. Finally, social-functional accounts
view many complex displays as intentional interpersonal signals
that are often low-intensity to manage social costs, predicting
sparse, localized cues (e.g., a single eyebrow raise), which aligns
with landmark-aware attention and sparsity-promoting regular-
ization [3,7].

These theories entail concrete consequences for annotation
and evaluation. First, ambiguity and disagreement are expected
to be higher than for basic emotions; protocols should report
inter-annotator reliability and consider multi-label or soft-label
targets [3, 14]. Second, strong temporal dependence means
single frames are often insufficient; clip-level labels and se-
quence models should be evaluated with change-detection met-
rics [9,19]. Third, cultural and contextual variability necessitates
stratified splits and subgroup reporting, together with calibra-
tion analyses and privacy/ethics safeguards in line with best-
practice recommendations [11, 21]. Fourth, micro-expressions
and asymmetry favor pipelines with landmark-aware attention,
robustness to low-amplitude cues, and mechanisms to manage
label noise and partial observations [7,22]. Finally, transparent
deployment in HRI benefits from post-hoc and model-centric
explanations to verify that models attend to semantically valid
facial regions [9,24,25], especially under domain shift, such as
human — robot/avatar faces [13].

Taken together, these perspectives justify the modeling
choices adopted here — late spatial resolution, facial-region-
constrained attention (AMAL), and complementary explainabil-
ity — and clarify why complex emotions are intrinsically harder
to annotate and recognize than basic categories [3, 6].

3. METHODOLOGY

3.1. Model architectures

In this article, three model architectures are compared. The first
one was ResNet50, which is a deep convolutional neural network
with 50 layers utilizing residual skip connections to ease training
of very deep models [28]. It is composed of an initial stem (conv
and pooling) followed by 4 stages of residual blocks (each stage
halving feature-map spatial size and increasing channel depth).
ResNet50’s identity skip connections allow gradients to prop-

agate smoothly, addressing vanishing gradient issues in deep
nets. ResNet50 is used as a baseline model for complex emotion
classification, given its proven performance on image recogni-
tion tasks [28]. For the implementation, ImageNet-pretrained
weights are loaded, and the network is fine-tuned on emotion
data, replacing the final fully connected layer to output the target
emotion classes.

The second one is EfficientNet-Transformer Architecture:
This model combines a CNN backbone with a Transformer-
based attention head to capture both local features and global
relationships. An EfficientNet-BO backbone is adopted [29] for
its parameter efficiency and powerful performance; Efficient-
Net uses compound scaling to balance network depth, width,
and resolution, achieving high accuracy with fewer parame-
ters [29]. On top of the EfficientNet feature extractor, a Trans-
former encoder block similar to the Vision Transformer (ViT)
is integrated [30]. The EfficientNet produces a spatial feature
map, which is flattened into a sequence of patch embeddings.
A multi-head self-attention Transformer encoder then processes
these embeddings, enabling the model to learn long-range inter-
actions between facial regions (e.g., how a furrowed brow and
a frown together indicate frustration). The Transformer’s output
tokens are finally averaged and passed to a fully connected layer
for classification. This hybrid EfficientNet-Transformer archi-
tecture leverages EfficientNet’s strength in local feature extrac-
tion and the Transformer’s strength in modeling relationships,
which is beneficial for subtle, complex facial expressions.

The last one is a Convolutional Neural Network with an At-
tention Map Alignment Layer (AMAL) to enforce focus on
salient facial regions. A moderate-depth convolutional back-
bone (ResNet-34 style) produces intermediate feature maps
F e REHXW The AMAL head —implemented as two 1 x 1 con-
volutions with batch normalization and a sigmoid — generates a
single-channel attention map A € [0, 1]7*W from an intermedi-
ate feature tensor. During training, A is aligned to a binary face
mask M € [0, 1]7*W derived from a face detector, so that at-
tention concentrates on facial areas (eyes, brows, mouth) while
suppressing background. The attention is applied to the features
by element-wise reweighting, and the attended representation is
aggregated with weighted global average pooling before a linear
classifier with softmax. All components are trained end-to-end
(with ImageNet-pretrained convolutional weights fine-tuned on
the target emotion data).

F'=AOF, (1)
Zh wAhs wFe w
— ZhhwlH P ow 2
Ve TS WAL W e @
p = sofmax (W +b), 3)
1
Laign (A, M) = oW [Mh,WIOgAh,w
h,w
+ (1—Mh,w)1og(1—Ah,w)], 4)
L = Lcg(y,p)AaignLaign (A, M) + A1 ]| Al
+ A,TV(A), (5)
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TV(A) = Z (|Ans1w = Anw| +| ARt = Anw]) . (6)
h,w

where - is element-wise multiplication with broadcasting over
channels. Equation (2) defines weighted global average pooling
per channel; normalization by XA stabilizes the representation
with respect to the scale of A. Lc is the standard cross-entropy.
The alignment loss in (4) is pixel-wise binary cross-entropy
between attention A and face mask M. The total loss (5)—(6)
adds sparsity (£1) and optional total-variation regularization to
promote compact and smooth attention. The final predicted label
is argmax(p).

Figure 1 shows a schematic of the CNN-AMAL architecture,
where the AMAL module aligns the learned attention map of
the network with the face region before outputting the emotion
prediction.

INPUT FACE
(224x224)

CNN BACKBONE
(e.g.: ResNet34/50)
- Feature Tensor

optional (train-time)

ATTENTION GENERATOR
(AMAL)
Conv/MLP + Sigmoid
- A €[0,1]s (HxW)

I

FACE DETECTOR/PARSER
(landmarks/segmentation)
- FACE MASK M € {0,1}**¢
(HxW)

FACE DETECTOR/PARSER i
(landmarks/segmentation) |
- FACE MASK M € {0,1}5*¢ |
(HxW) !

ALIGNMENT LOSS
BCE(A, M)
(with balance factor Ay, € [0,1])

I

TOTAL LOSS
L= Lcis + Aaiign Laiign
+ Areg [IWIl1
(Aatign 2 0, Areg 2 0)

Inference & training
= = = = Train-only / optional

Fig. 1. Schematic of the proposed CNN-AMAL architecture. The
AMAL module takes convolutional feature maps and produces an at-
tention map (dashed path) that is aligned to the face location, enhanc-
ing relevant features before classification. “ResNet/EffNet” denotes the
convolutional backbone (e.g., ResNet34) used in CNNAMAL

3.2. Dataset preparation and augmentation

Models were evaluated on three datasets: AffectNet, EMOTIC,
and a custom OhBot robot expression set. AffectNet [31] is
a large repository of facial affect in the wild, from which the
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subset of images labeled with basic emotions was used as a
pre-training source. AffectNet contains ~ 420000 face images
across eight classes (seven basic emotions + neutral) [32]. Af-
fectNet was preprocessed by cropping faces using a detector and
resizing to 224 x 224 pixels. EMOTIC [33] is an “emotions in
context” dataset featuring people in varied scenes labeled with
both categorical emotions and continuous dimensions. From
EMOTIC, the person’s face regions were extracted (using pro-
vided bounding boxes), and the categorical labels were utilized.
Since EMOTIC includes many nuanced emotion labels, a sub-
set of five complex emotion categories was curated for the task:
Confusion, Frustration, Skepticism, Disapproval, and Boredom.
These were chosen as representative complex expressions (dis-
tinct from the six basic Ekman emotions) and mapped to the
closest EMOTIC labels (e.g., Doubt for confusion, Annoyance
for frustration, etc.). The OhBot simulated dataset is a collection
of images captured from a programmable robot head (OhBot)
and its virtual avatar, displaying the same set of five emotions.
The avatar was programmed to portray each target expression
with predefined facial movements (e.g., one eyebrow raised for
skepticism, furrowed brows for frustration). A total of 100 im-
ages per emotion were captured under two lighting conditions
(normal indoor lighting and dim lighting) and with slight head
angle variations to enrich the test set. It should be noted that the
OhBot dataset is relatively small and was designed primarily
as a controlled validation set for assessing domain transfer and
real-time feasibility rather than for large-scale statistical gener-
alization.

Data augmentation was applied during training to improve
generalization, given the relatively small number of complex-
emotion examples. Each input face image could be horizontally
flipped with 50% probability to mitigate asymmetry bias; sub-
jected to small random rotations of approximately +15° to emu-
late head-tilt variation; scaled and translated via random zooms
of about +10% and shifts of up to £10% of the frame to mimic
changes in framing and distance; perturbed with mild color jit-
ter, adjusting brightness and contrast by roughly +20% to reflect
lighting differences; and, in a subset of samples, partially oc-
cluded by inserting a small square patch over a facial region (e.g.,
covering the mouth or eyebrow) to encourage robustness to real-
world occlusions such as a hand on the chin. All images were
normalized (pixel values scaled 0—1 and standardized per chan-
nel) before feeding into networks. For AffectNet pre-training,
the full training set was used (minus any classes not needed);
for EMOTIC fine-tuning, the training split was relatively small
(~ 3500 images across the five selected categories after bal-
ancing), so augmentation was especially beneficial to mitigate
overfitting. Stratified sampling was also performed to ensure
each emotion class was equally represented in mini batches.

3.3. Model training setup

The models were implemented in PyTorch and trained using a
machine with an NVIDIA RTX 3090 GPU (24 GB VRAM).
Training was done separately on AffectNet and EMOTIC:
first, models were pre-trained on AffectNet (eight classes) to
learn general facial features, then fine-tuned on the five-class
EMOTIC subset. The classification objective was categori-
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cal cross-entropy. For CNN-AMAL, an additional attention-
alignment loss was included, computed as pixel-wise binary
cross-entropy between the attention map and a face-region mask,
with a weighting factor of 0.2 relative to the main classification
loss.

The Adam optimizer (with 8 = 0.9, 8> = 0.999) was used
for faster convergence. An initial learning rate of 1 x 10™* was
set for fine-tuning (and 1x 103 when training from scratch) —
lower for pre-trained parameters to avoid large gradient steps.
The learning rate schedule reduced the LR by a factor of 0.1 af-
ter 10 epochs without improvement in validation loss. Training
was conducted for a maximum of 30 epochs, with early stopping
applied if the validation loss did not improve for five consecutive
epochs. Batch size was 64 for AffectNet and 32 for the smaller
EMOTIC set (due to GPU memory limits with the transformer
model). To combat class imbalance (some complex emotions
were less frequent), class-weighted loss (weights inversely pro-
portional to class frequency) was employed in the EMOTIC fine-
tuning. Experiments were conducted on an NVIDIA RTX 3090
GPU; typical times were ~ 2 hours for AffectNet pre-training per
model and ~ 30 minutes for EMOTIC fine-tuning. The model
retained for final evaluation was the checkpoint that achieved
the best validation macro-F1, and comparability across archi-
tectures was ensured by using identical train/validation splits and
an identical evaluation protocol. To control sources of variabil-
ity unrelated to model design, fixed train/validation/test splits
were used for all experiments, and identical data partitions were
applied across architectures. Model selection was based on the
checkpoint achieving the best validation macro-F1 under early
stopping, and the reported results are representative of this fixed
experimental configuration.

3.4. Explainability integration

To integrate explainable Al tools into the pipeline, SHAP and
LIME were employed both during offline analysis and in the
real-time system. SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations) [34]
were used to generate post-hoc explanations for the model pre-
dictions on test images. During inference on a given image,
these methods were applied to highlight which facial regions
influenced the predicted emotion. The DeepExplainer variant
of SHAP, which leverages model gradients, was used for neural
networks. For a given test image, SHAP values were computed
for each pixel (or super-pixel) by sampling reference images and
attributing the prediction difference. The output is a heatmap in
which red regions indicate positive contribution to the predicted
emotion and blue indicates negative contribution. SHAP attri-
bution maps were generated on a set of representative images
for each emotion class. These heatmaps enable verification that
models focus on appropriate facial features (e.g., furrowed brow
for confusion, one raised eyebrow for skepticism). Figure 2 illus-
trates a representative SHAP explanation, indicating that predic-
tions of confusion are primarily influenced by eyebrow regions,
while contributions from the mouth region reduce the likelihood
of this class. Such explanations enable assessment of whether
model predictions are grounded in semantically meaningful fa-
cial cues.

8ok 78.5 0 ResNet50

74.3 mm EfficientNet-Transformer
70.1 69.2 70.5
[ 65.2

mmm CNN-AMAL

Fl-score (%)

N oW
o O
T T

=
o
T

0

AffectNet EMOTIC OhBot

Fig. 2. Fl-score comparison of the three models on AffectNet,

EMOTIC, and OhBot test sets. For each dataset, CNN-AMAL achieves

the highest F1 (red bar), outperforming EfficientNetTransformer (or-
ange) and ResNet50 (yellow)

LIME was also applied to further interpret model decisions.
LIME works by perturbing the input and learning a local linear
model to explain the prediction [34]. For each test image, the face
was segmented into superpixels, and subsets of these segments
were randomly occluded to observe changes in the prediction.
LIME outputs a set of superpixels with weights indicating their
importance. In the experiments, LIME consistently identified
regions such as the eyes, eyebrows, or mouth as the most in-
fluential for the complex emotion classifications—reinforcing
findings from SHAP. In frustration samples, LIME consistently
highlighted brow furrowing, and lip tension as dominant con-
tributors to the predicted class. The explainability pipeline was
integrated such that, for any given image, the predicted label of
the model is accompanied by a visualization (SHAP or LIME
map) in the results. This was used after training for analysis,
and in the real-time demo with OhBot. In the real-time setup,
optional visualization of attention heatmaps was enabled for
qualitative inspection. The integration of these tools increases
transparency of model decisions, which is a prerequisite for
trust in human-robot interaction systems. The combination of
CNN models with XAI techniques provides not only accurate
recognition of complex emotions but also human-interpretable
justification for each prediction.

4. RESULTS
4.1. Quantitative performance across datasets

Three models were evaluated — ResNet50, EfficientNet-Trans-
former, and CNN-AMAL - on test sets from AffectNet,
EMOTIC, and our OhBot simulated data. Table 1 (below) sum-
marizes the accuracy and other metrics achieved by each model
on each dataset. In this study, accuracy, precision, recall, and
F1-score are reported for the classification of the five complex
emotion classes (for AffectNet, which originally has basic emo-
tions, it is evaluated on a five-class subset for a fair comparison
— mapping its labels to the closest complex emotions where ap-
plicable). Each metric is the macro-average across the classes
(treating all classes equally).

To visualize these comparisons, Fig. 3 displays bar charts of
the Fl-scores of the models across datasets. CNN-AMAL at-
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Table 1
Performance of each model on the test sets of AffectNet, EMOTIC,
and OhBot (5 complex emotions). Highest values for each dataset are
in bold. (All values are percentages.)

Model AffectNet Acc/ | EMOTIC Acc/ | OhBot Acc/
Prec/Rec/F1 | Prec/Rec/F1 | Prec/Rec/F1

ResNet0 762§.64//7716.31/ 6664.21 //6665%2/ 5556.12//5552'.63/

pNectans | D000 | GG w0 | s0asois

CNN-AMAL 7788'.64//7798.%5/ 772é:54//773)i.26/ 7605;.36//772(;15/

Notes: The AffectNet test set was filtered to images corresponding
to the five complex emotion classes (where possible) for consistency.
OhBot results are on the robot/avatar images (which were not seen
during training; models were trained on AffectNet + EMOTIC only).
Acc = accuracy, Prec = precision, Rec = recall.

tains the highest F1 in all cases, with margins that are modest
on AffectNet (78.5% vs. 74.3% for EfficientNet-Transformer
and 70.1% for ResNet50) and EMOTIC (72.6% vs. 69.2%
and 65.2%), but more pronounced on OhBot (70.5% vs.
61.3% and 52.3%). EfficientNet-Transformer consistently ex-
ceeds ResNet50, indicating a benefit from global self-attention.
Precision and recall follow similar patterns; on OhBot, CNN-
AMAL reaches 72.4% precision / 68.6% recall, compared
with 63.1% / 60.4% for EfficientNet-Transformer and 55.6% /
50.2% for ResNet50. Overall, these results indicate a consistent,
dataset-dependent advantage for CNN-AMAL, while the hybrid
EfficientNet-Transformer provides a measurable but smaller im-
provement over the baseline.

Confusion

Frustration

Skepticism |-

True label

Disapproval |

Percentage per true class

Boredom

N
Y « @
N ’{,\('\ O

<

X
Q("g o %

Predicted label

Fig. 3. Confusion matrix for CNN-AMAL on the EMOTIC complex-

emotion test (five classes: Confusion, Frustration, Skepticism, Disap-

proval, Boredom). Each row is the actual emotion and each column the
predicted emotion. Values are normalized to percentages per row

In addition to overall accuracy, per-class performance was
examined. Generally, Confusion and Frustration were predicted
with higher accuracy than Skepticism or Boredom across mod-
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els. This is likely because confusion (wide-eyed, furrowed brow)
and frustration (frown, pressed lips) exhibit more distinct facial
cues, whereas skepticism and boredom can be more subtle or
easily mixed up (both can involve one relaxed eyelid or a neutral
mouth). CNN-AMAL showed the smallest drop in performance
for the subtler classes, attributable to its attention mechanism
focusing on fine facial details (e.g., a unilateral eyebrow raised
for skepticism).

4.2. Confusion matrix analysis

To better understand where errors occur, a confusion matrix of
predictions by CNN-AMAL on the five-class complex emotion
task (EMOTIC test set) is presented in Fig. 3. The matrix shows
actual labels versus predicted labels. The diagonal entries (in
bold) correspond to correct predictions, while off-diagonal cells
indicate confusion between emotions. Several patterns emerge
from Fig. 4. The model sometimes misclassifies confusion as
skepticism and vice versa. This makes sense, as a confused face
and a skeptical face can both involve knitted brows — the dis-
tinction may lie in subtler cues like head tilt or one eyebrow
raised. The model predicted confusion as skepticism in 15% of
confusion cases and predicted skepticism as confusion in 10%
of skepticism cases. The model also struggles to differentiate
between frustration and disapproval. A disapproving expression
(often a frown or scowl) can resemble frustration. In the matrix,
5% of frustration images were labeled as disapproval. Boredom
was the most distinct class — CNN-AMAL correctly identified

;fia‘lprotﬂcg's Losxs OhBot avatar
ingie emoton: 85X -
Switching: 2s per emotion | (PYthO]’I} or
randomized with neutral rests physical head
v

Camera capture
30 FPS, 720p
-1m distance

¥

Test conditions
lighting: even vs low-light
occlusion, mild head tilt

|

Preprocessing face
detect/falign
crop 224x224, normalize

Explainability attention
map overlay (optional

-

SHAP)
v
CNN-AMAL inference
Performance monitor A (HxW, sigmoid)
-25FP5 (-40 ms/frame} ' Weighted GAP -» FC + softmax
-1-frame pipeline lag 5 emotons
v

Observed accuracy (avatar)
-76% even light

-72% low light

Errors: transitions/occlusions

Outputs per-frame label +
confidence heatmap averlay
{opt.)

-

Fig. 4. Conceptual real-time pipeline for OhBot expression testing.

The OhBot robot (or 3D avatar) is programmed to display a target

expression, a camera captures the live video frames, and the trained

CNN-AMAL model predicts the emotion label in real time. The system

can optionally display the recognized emotion and an attention heatmap
on a connected screen for transparency
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90% of bored expressions, likely because the half-closed eyes
and lack of mouth movement for boredom are quite different
from the other emotions. The confusion matrix thus provides
insight into which complex emotions are harder to disentangle;
expressions with overlapping facial actions (like brow furrow-
ing) are the main sources of error. These results highlight where
future work might focus (e.g., temporal cues or slight head ges-
tures that differentiate skepticism from confusion).

4.3. Model explanation results

The integration of SHAP and LIME explanations yielded use-
ful insights into the decision processes of the models. A set of
test images from each class was analyzed with these tools. Con-
sistently, the explanation maps confirmed that CNN-AMAL fo-
cuses on the correct facial regions, aligning with its design objec-
tive. For instance, in skepticism images, SHAP highlighted one
eyebrow and the corner of the mouth (smirk) as contributing pos-
itively to the skepticism prediction, while the rest of the face had
little influence. ResNet50, in contrast, sometimes showed more
diffuse attention — LIME occasionally indicated that ResNet50
was influenced by background areas or clothing, especially in
the EMOTIC context images. This likely contributed to its lower
precision (false positives due to context cues). The explanations
by the EfficientNet-Transformer model showed attention spread
across multiple facial regions, implying that the self-attention
mechanism was considering combinations of features (eyes +
mouth together). This can be beneficial, but sometimes it means
the model paid attention to slightly irrelevant parts (e.g., fore-
head or chin), diluting the focus. For quantitative evaluation of
explanation, the overlap of the explanation highlight with the
ground-truth face region was measured. CNN-AMAL achieved
the highest overlap (on average, ~ 85% of the top-10% important
pixels fell within the face bounding box), whereas ResNet was
~ 70%. This objectively confirms that AMAL helped concen-
trate model attention on the face. The use of explanations also
improves confidence in the models: for example, when CNN-
AMAL predicts frustration, the SHAP map typically shows red
highlights on a deep frown and tense mouth, matching human
understanding of frustration. These transparent insights are cru-
cial for user trust, especially in applications involving social
robots or assistive technology — users and developers can verify
that the model is “looking” at the right cues and not, say, making
decisions based on irrelevant background patterns [34].

4.4. Discussion

The results demonstrate the effectiveness of incorporating an
attention-alignment mechanism and hybrid architectures for
complex emotion recognition. Model performance trade-offs:
Among the three models, ResNet50 had the fastest inference
(due to its simpler architecture, ~ 25 million parameters) but
the lowest accuracy on complex emotions. Its limited abil-
ity to capture global relationships (due to localized convolu-
tional receptive fields) and lack of an explicit attention mech-
anism likely caused missed nuanced cues. The EfficientNet-
Transformer achieved a better balance — its EfficientNet back-
bone provides strong feature extraction, and the Transformer en-

coder adds the capacity to model interactions (e.g., how a raised
eyebrow combined with a frown indicates skepticism vs. frus-
tration). This resulted in moderate improvements in accuracy
and F1 over ResNet50. However, the EfficientNet-Transformer
is larger (about 36 million parameters in the stated configu-
ration) and slightly slower and still does not explicitly enforce
focus on the face. The proposed CNN-AMAL, by contrast, has a
comparable model size (~ 28 M parameters) to ResNet50 but sig-
nificantly outperforms both. By aligning feature attention with
the face region, CNN-AMAL effectively ignores background
noise and focuses on subtle facial muscle movements. This is
reflected in higher precision (fewer false positives from back-
ground/context) and higher recall (more consistent detection of
subtle expressions).

One trade-off observed is that in CNN-AMAL, attention
alignment imposes a constraint that might reduce performance
if emotional cues lie partly outside the face (though most facial
expressions are primarily facial, context can matter for disam-
biguation). For example, distinguishing boredom from neutral
might rely on posture or head nods, which a face-focused model
would not capture. In the experiments, this did not significantly
hurt CNN-AMAL, but it suggests a direction for future work:
multi-modal attention that can consider context when needed.
EfficientNet-Transformer exhibited a slight edge in considering
broader context (since the Transformer can, in principle, attend
to edges of the face region or background if informative), but
in the scenario of robot-expressed emotions, background was
minimal and less relevant.

The inclusion of SHAP and LIME in the pipeline greatly aided
understanding of each model. It was found that explainability
tools not only validate model behavior but also uncover failure
modes. For instance, a few misclassified frustration images were
explained by SHAP to have strong positive contributions from
glasses glare on the face — an irrelevant feature — indicating
some sensitivity to artifacts, particularly in ResNet50, possibly
due to training-data bias. With this insight, data can be curated
or augmented to reduce such spurious correlations. Explain-
ability also contributes to user trust in a human-robot interac-
tion context. Providing interpretable explanations of predicted
emotional states facilitates user understanding of the reasoning
process of the system and enhances trust in human-robot inter-
action scenarios [34]. Superpixel highlights from LIME were
especially useful during development to compare model foci.
It was observed that for CNN-AMAL, highlights were tighter
around facial features, whereas for ResNet50, they were larger
and sometimes off-face; this correlates with the quantitative
face-overlap analysis and confirms that the focused attention of
AMAL improves not only accuracy but also interpretability —
model “reasoning” is aligned with human-observable cues.

The Attention Map Alignment Layer proved to be a crucial
addition. By design, it forces intermediate feature attention to
concentrate on facial regions that matter. An ablation study (not
fully shown in results) indicated that removing AMAL (or set-
ting the alignment-loss weight to 0) caused an average F1 drop of
~ 4-5%, and explanations became less concentrated. Especially
in the OhBot scenario (robot faces), AMAL was important;
without it, models sometimes focused on background props or
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edges of the facial display, leading to more misclassifications.
With AMAL, an invariant representation of facial cues was
learned that transferred well from human faces to robot/avatar
faces, suggesting that alignment acts as a form of attention-
based domain adaptation, encouraging reliance on core facial
features (eyes, mouth) present in both domains rather than id-
iosyncratic texture or color cues. In terms of interpretability,
AMAL provides an internal attention map suitable for direct
inspection; during training, these attention maps were mon-
itored to verify progressive focusing on facial regions. This
built-in transparency advances explainable deep learning: not
only are post-hoc tools (SHAP/LIME) used, but the model itself
is trained to maintain a human-aligned attention mechanism.
The exclusive use of facial information constitutes an inten-
tional methodological simplification. Although contextual cues
such as body posture, scene semantics, or interaction history
can be critical for disambiguating complex affective states, re-
stricting the analysis to facial signals enables clearer attribution
of performance differences to architectural design choices. This
constraint may amplify ambiguity for emotions that are weakly
expressed at the facial level alone; however, it also highlights
the extent to which attention-aligned visual representations can
compensate for the absence of context. The observed perfor-
mance gains should therefore be interpreted relative to this
constrained setting. With respect to result stability, the present
evaluation emphasizes controlled comparability rather than ex-
haustive variance estimation. While training deep models on
subtle emotion categories can be sensitive to initialization and
stochastic optimization effects, consistent relative performance
differences were observed across datasets under identical data
splits and training protocols. A more extensive analysis involv-
ing multiple random seeds and explicit variance reporting would
further strengthen robustness claims and is therefore identified
as a relevant direction for future work.

In summary, it is worth acknowledging that, in the context
of complex emotion recognition, both architectural design and
interpretability mechanisms are pivotal. A model such as CNN-
AMAL, which is slightly more specialized for the task through
attention alignment, outperforms more general architectures.
Moreover, coupling the model with XAl methods yields a system
that is closer to a glass box than a black box, providing actionable
insight into its workings—especially valuable in social robotics
and affective computing, where understanding why a decision
was made can be as important as the decision itself.

5. OHBOT SIMULATION TESTING

To evaluate the models in a realistic setting, we ran real-time
experiments using an OhBot virtual avatar controlled in Python.
The avatar was programmed to display target expressions while
a standard RGB webcam (about 1 m distance, 720p at 30 FPS)
captured live frames that were fed to the CNN-AMAL model
for on-the-fly emotion recognition; the system could optionally
overlay the predicted label and a SHAP-based attention heatmap
for transparency. Two protocols were used: single-emotion trials,
in which one expression was held for 10 seconds with five repe-
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titions per class in randomized order, and brief neutral rests, and
a switching sequence that cycled through all emotions (about
two seconds each) to probe rapid changes and potential tempo-
ral inertia. Lighting was evaluated in two setups — even indoor
front lighting and low light with shadows — and partial occlu-
sions were introduced in simulation. Throughput was effectively
real-time at roughly 25 FPS on an RTX 3090, with an observed
lag of approximately one frame (close to 3 ms at 30 FPS) be-
tween an expression stabilizing and its registration by the model,
attributable to capture and pipeline latency. Occlusion effects
depended on the cue: when the mouth region was hidden during
frustration, predictions were often still correct owing to eyebrow
dynamics, whereas hiding one eye/eyebrow during skepticism
produced more frequent confusions (typically with confusion
or a neutral drift), indicating limited fallback when the defin-
ing unilateral cue is masked. Figure 4 illustrates the end-to-end
pipeline of this test.

Average frame-wise accuracy in the single-emotion trials
landed in the mid-to-high seventies (around 76%), decreasing
to roughly seventy-two percent under low-light conditions, with
the majority of errors clustered in transitional frames, during
rapid switches, and in the occlusion tests; despite these chal-
lenges, observers reported that predicted labels generally tracked
perceived expressions once each pose stabilized. The principal
reason performance did not match offline benchmarks is domain
shift: the model was trained on human faces, but the evaluation
here used a robotic simulation whose textures, contours, materi-
als, and motion profiles differ from human facial musculature, so
the learned features transfer imperfectly. This gap suggests clear
next steps — fine-tuning on robot/avatar imagery, stronger photo-
metric and geometric augmentations to bridge render-to-real dis-
crepancies, temporal modeling (e.g., short-horizon memory or
smoothing) to dampen transient misclassifications, and calibra-
tion to stabilize confidence under lighting changes. Although the
present analysis was conducted on the Python-programmable
avatar, the same codebase and pipeline are directly portable to
the physical OhBot head; with targeted domain adaptation and
lightweight optimization for embedded inference, the approach
is expected to yield improved accuracy on robot-mounted hard-
ware while preserving real-time throughput.

6. CONCLUSION

In this work, deep learning models for image-based recognition
of complex facial emotions were developed and evaluated, with
explainable Al techniques integrated to enhance transparency.
The CNN-AMAL architecture was introduced, employing an
attention map alignment layer to guide model focus toward im-
portant facial regions, and it was demonstrated to outperform a
standard ResNet50 and a hybrid EfficientNet-Transformer model
across multiple datasets. High accuracy was achieved in dis-
tinguishing subtle emotions such as confusion, frustration, and
skepticism, and the attention-alignment approach improved gen-
eralization to expressions of a robotic avatar. Using SHAP and
LIME, it was verified that model decisions relied on sensible
facial features, thereby increasing trust in the system outputs. In
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real-time tests with the OhBot robot, the system was shown to
provide fast and accurate emotion recognition, with explainable
feedback offering insights into the model reasoning. The key
contribution is a combined framework that not only recognizes
complex affective states from facial images but also provides
human-interpretable justifications — a crucial step toward re-
liable human-Al interaction in affective computing and social
robotics.

6.1. Limitations and scope of the study

The scope of the present study is intentionally restricted to a
comparison of representative classes of deep learning architec-
tures rather than an exhaustive benchmark of all existing ap-
proaches to emotion recognition. The analysis contrasts a clas-
sical convolutional neural network (ResNet50), a hybrid CNN-
Transformer architecture designed to capture global dependen-
cies, and a convolutional model with explicitly aligned attention
(CNN-AMAL). This design enables isolation of the effects of
architectural inductive biases — particularly attention alignment
toward facial regions — on the recognition of complex and subtle
emotional states. Broader comparisons involving graph-based,
multimodal, or foundation models would undoubtedly be in-
formative; however, such extensions would introduce additional
variables beyond the controlled scope of the present evaluation
and are therefore deferred to future work. Consequently, the
reported results should be interpreted as evidence of relative
performance differences between key architectural paradigms
under controlled experimental conditions, rather than as a com-
prehensive ranking of all state-of-the-art methods.

A further limitation arises from the face-only evaluation set-
ting adopted throughout the study. As complex emotions are
frequently modulated by contextual and temporal factors, re-
liance on facial cues alone may underestimate the full recogni-
tion potential achievable through multimodal integration. The
reported results should therefore be regarded as a lower bound
on performance, reflecting what can be achieved using visual
facial information in isolation. This framing provides a prin-
cipled baseline for future extensions incorporating contextual,
temporal, or multimodal signals.
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