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Recognizing canine emotions has a practical value for veterinary practice, welfare
monitoring, and safer human—dog interaction. This work investigates transformer-based
image classification for dog emotion recognition and presents a complete pipeline that fine-
tunes a ViT-B/16 backbone on a four-class dataset (angry, happy, relaxed, sad). Images are
standardized to 224x224 and normalized to ImageNet statistics, with stochastic augmenta-
tion (flips, rotations, color jitter, brightness/contrast, and small affine shifts) to improve
robustness. A new 4-way classification head is trained with differential learning rates on
top of a pretrained ImageNet-21k encoder and optimized with AdamW, class-weighted
cross-entropy, warm-up, cosine annealing, early stopping, and checkpointing. Post-
processing includes confidence thresholding and optional temporal smoothing for video
scenarios. On the held-out test set, the fine-tuned ViT achieves 82,6% accuracy, outper-
forming a fine-tuned ResNet-50 (75,4%) and a VIiT trained from scratch (68,9%). Per-class
analysis shows the highest discrimination for “Happy,” while “Sad” and “Relaxed” are
most frequently confused due to subtle visual overlap. These findings indicate that global
self-attention in ViTs captures nuanced cues (e.g., ear position and mouth tension) better
than convolutional baselines, and that transfer learning is critical under limited labeled data.
The study highlights the remaining challenges in cross-breed generalization, viewpoint and
lighting variation, and label subjectivity, and points toward multimodal extensions and
temporally aware models for further gains.
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Introduction. Recognizing animal emotions is a growing focus in veteri-
nary care, animal welfare, and human—animal interaction research. Dogs, as high-
ly social companion animals, express emotions through facial features, posture,
and body language. Traditional assessment methods depend on expert observa-
tion, which is subjective, time-consuming, and difficult to scale. Advances in
computer vision and deep learning provide opportunities for automated recogni-
tion systems that can support professionals and pet owners alike.

Recent progress in transformer-based models [1], particularly Vision Trans-
formers (ViTs), has reshaped image classification. Unlike convolutional networks
that emphasize local patterns, ViTs use self-attention to capture global dependen-
cies, enabling them to detect subtle cues in complex visual data. Such characteris-
tics make ViTs promising for interpreting nuanced canine expressions. However,
challenges remain: morphological differences across breeds, variations in lighting
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and perspective, and the absence of direct ground truth labels for non-verbal sub-
jects complicate model training and evaluation.

Transfer learning through fine-tuning pre-trained models [2] offers an ef-
fective strategy to overcome data scarcity and improve generalization. By adapt-
ing representations learned from large-scale datasets, ViTs can be specialized for
domains like animal emotion recognition. This work investigates fine-tuned ViTs
for classifying four primary dog emotions—angry, happy, relaxed, and sad—and
compares their performance against baseline methods, with attention to prepro-
cessing, augmentation, and optimization strategies.

Literature Review. Prior work on automated dog emotion recognition has
largely focused on optimizing classical neural networks or leveraging pose esti-
mation.

In [3], one of the first studies applying deep learning to classify dog emo-
tions from facial expressions is conducted. Working in a controlled experimental
setup, they focus on differentiating between positive anticipation and negative
frustration. The authors compare CNNs with ViTs under both supervised and self-
supervised training. Notably, features from a DINO-pretrained ViT outperform
other backbones, highlighting the value of global self-attention for subtle emo-
tional cues such as ear position, eye shape, and mouth tension. Their findings
demonstrate that self-supervised ViTs provide richer representations for fine-
grained canine emotion recognition.

[4] develops a posture-based dog emotion classifier using DeepLabCut to
detect 24 dog keypoints, then trains both a neural network and a decision tree on
either raw coordinates or derived pose metrics. They have collected and annotated
~13,800 dog images to train the detector, then built a balanced dataset of 400 im-
ages for four emotion classes (anger, fear, happiness, relaxation). The neural net-
work achieves ~67.5 % accuracy, while the decision tree reaches ~62.5 %. Their
results suggest that the full-body pose, rather than facial features alone, is a viable
input for the dog emotion recognition.

[5] presents a CNN-based framework for real-time dog detection and emo-
tion recognition in surveillance video streams. The pipeline first tracks dogs
across frames, crops their regions of interest, and then classifies their emotional
state (e.g. calm, aggressive, neutral) using a CNN trained on annotated video se-
guences. The authors report that incorporating temporal continuity (i.e. frame-to-
frame consistency) helps suppress false positives and smooth predictions. They
demonstrate the system in real surveillance settings, showing robustness to occlu-
sion, background clutter, and viewpoint changes.

[6] presents DogChat, a smart collar system integrating first-person visual
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and auditory sensors with large language models (LLMs) to enable pets to “com-
municate” via WeChat. The system operates in three phases: Pet Profile Construc-
tion, Daily Experience Reconstruction, and Behavior Learning Integration, trans-
forming the sensor data into descriptive emotional or behavioral outputs. Users
can receive proactive updates about their pet’s status or query the pet’s “feelings”
through chat. The prototype highlights potential in bridging nonverbal animal sig-
nals with natural language, though it faces challenges related to privacy, interpret-
ability, and deployment in diverse real-world settings.

Research methodology. The proposed methodology outlines the complete
workflow for fine-tuning ViT models to recognize emotional states in dogs from
digital images.

Dataset description and characteristics. This study uses the Dog Emotions
Prediction dataset [7] from Kaggle, which includes images labeled into four emo-
tional states: angry, happy, relaxed, and sad (Fig. 1). The photographs come from
diverse sources-personal collections, repositories, and online platforms-covering a
wide range of breeds, sizes, ages, and contexts. Labels were assigned by annota-
tors with canine behavior expertise, though subjectivity in emotion labeling re-
mains a challenge. The dataset shows substantial variation in resolution, lighting,
backgrounds, and framing, from close-up faces to full-body views, reflecting real-
world conditions for recognition systems.

Fig. 1. Sample images of the four emotional states in the dataset: happy (left), angry, re-
laxed, and sad (right)

The analysis carried out assessed the class distribution, image quality, and
potential biases were also examined. Brightness, contrast, and color properties to
guide preprocessing. Manual inspection of samples confirmed the label quality
and highlighted common cues were also examined for each class, such as ear posi-
tion, mouth shape, or gaze direction.

Data preprocessing and augmentation. All images were resized to
224x224 pixels using bicubic interpolation and normalized with ImageNet statis-
tics (mean = (0.485, 0.456, 0.406), std = (0.229, 0.224, 0.225)) to align with pre-

trained Vision Transformer (VIiT) inputs. To improve robustness and mitigate
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overfitting, we applied stochastic data augmentation during training: random hori-
zontal flips (p = 0.5), rotations (£15°), brightness/contrast adjustments (0.8-1.2),
color jitter, and small affine translations (<10%). These augmentations simulate
real-world variations without obscuring emotional cues.

The model architecture and transfer learning. We employ the ViT-B/16
model, which splits images into 16x16 patches, linearly embeds them, and applies
multi-head self-attention across transformer layers (Fig. 2). The pretrained back-
bone (ImageNet-21k) provides rich feature representations. We replace the origi-
nal classification head with a 4-class output layer (angry, happy, relaxed, sad) and
apply dropout (p = 0.1).

For fine-tuning, we adopt differential learning rates:

e Classification head: Ir = 1e-3 (newly initialized).
e Transformer encoder: Ir = 1e-5 (pretrained layers, subtle updates).

Optimization is performed using AdamW with weight decay (0.01), $:=0.9,
B2=0.999.

The training strategy and hyperparameter configuration. Training runs
for 50 epochs with batch size 32. A warm-up phase (5 epochs) linearly increases
the learning rate followed by cosine annealing to gradually reduce it. The loss
function is weighted categorical cross-entropy [8] (Formula (1)):

L =3, wylog(p), 1

where C is the number of classes, y; - the true label, p; - the predicted probability,
and w; - the class weight (inverse to class frequency).

To avoid overfitting, we use early stopping (patience = 10) and checkpoint-
ing. Validation (20% stratified split) is used only for hyperparameter tuning.

Postprocessing and prediction enhancement. Predictions are refined using
temporal smoothing for video applications with an exponential moving average
(EMA) [8] (Formula (2)):

pi(t) = ap;(t) + (1 - )p{(t— 1) by

with the smoothing factor 0=0.3.

For reliability, we apply a confidence threshold (0.6). Low-confidence out-
puts include the top-2 predicted classes. Prediction entropy [8] (Formula (3))
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is used to flag uncertainty.
This workflow provides a systematic foundation for adapting transformer-

based models to specialized animal emotion recognition tasks. The following sec-
tion presents experimental results and performance comparisons that validate the
effectiveness of the proposed approach.

v
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Fig. 2. End-to-end pipeline of dog emotion recognition using fine-tuned Vision
Transformers

Results. The fine-tuned Vision Transformer (ViT-B/16) achieved an overall
accuracy of 82,6% on the test set, outperforming both a fine-tuned ResNet-50
(75.4%) and a ViT trained from scratch (68.9%) (Table 1). This confirms the ef-
fectiveness of transfer learning for recognizing subtle emotional cues in dogs. Ear-
ly stopping occurred at epoch 39, preventing overfitting while preserving optimal
validation performance.
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Pre-trained vs Fine-tuned Model Performance

Table 1

Model Accuracy. % Precision Recall F1-Score
Architecture 4 (avg), % (avg), % (avg), %
1
ViT-B/16 (Fine- 82.6 82.1 82.4 82.2
tuned)
1
ResNet-50 (Fine- 75.4 74.0 74.6 74.3
tuned)
1
ViT-B/16 (From 68.9 67.5 68.1 67.8
scratch)
1
Simple CNN 63.2 62.1. 62.9 62.5

The ViT model most reliably detected happy emotions (distinct open-mouth
expressions), while sad and relaxed states were occasionally confused due to over-
lapping visual patterns.

Per-class evaluation indicates consistent and balanced performance across
all emotions, with slightly higher precision for active states like Happy and Angry

(Table 2).
Table 2
Pre-trained vs Fine-tuned Model Performance
Emotion Class Precision, % Recall, % F1-Score, Support
% (samples)
|
Happy 86.1 87.5 86.8 245
Relaxed 80.3 81.2 80.7 228
Angry 82.7 79.8 81.2 212
Sad 78.6 76.9 77.7 198

The Happy class achieved the highest AUC (0.931), followed by Angry
(0.902), Relaxed (0.891), and Sad (0.866) - consistent with visual distinctiveness
and data balance. Most misclassifications occurred between Sad and Relaxed, re-
flecting their subtle visual overlap.

The results demonstrate that fine-tuned ViT models effectively capture
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emotional patterns in dog facial features, achieving robust performance across
diverse conditions. Future work could enhance recognition of visually similar
emotions through multimodal fusion (e.g., incorporating video or sound cues).

Conclusion. This study demonstrates that fine-tuned Vision Transformers
provide an effective solution for recognizing dog emotions from images, deliver-
ing 82.6% test accuracy and surpassing both a fine-tuned ResNet-50 and a ViT
trained from scratch. The pipeline—standardized preprocessing, targeted augmen-
tation, differential learning rates, AdamW with weight decay, warm-up plus co-
sine annealing, and early stopping—yields balanced precision/recall across clas-
ses, with the clearest improvements on visually distinctive “Happy” and “Angry”
states. The Remaining errors arise mainly between “Sad” and ‘“Relaxed,” con-
sistent with their overlapping visual cues. Beyond static images, the proposed
confidence thresholding and optional exponential-moving-average smoothing of-
fer a pragmatic bridge to video scenarios. Looking ahead, three avenues appear
most promising: (i) multimodal fusion with audio or sequential visual cues to dis-
ambiguate subtle states; (ii) domain-robust training that addresses the breed mor-
phology, pose, lighting, and background shifts; and (iii) improved supervision,
including expert-in-the-loop relabeling or soft labels to mitigate annotation sub-
jectivity. With these extensions, transformer-based systems can evolve from accu-
rate offline classifiers into dependable, deployable tools that support veterinarians,
behaviorists, and pet-centric applications in real-world conditions.
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ViT-p hwuunut £ 82,6% Gogpuinpyut’ gbipwquugbing [pugnighs Jupdbgywd ResNet-
50-hu (75,4%) L qpnjhg Jwpdbgywsd ViT-hu (68,9%): Ywuwihu ybpindnieniup gnyg L
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PACIHO3HABAHHUE 3MOIIMI COBAK HA U30BPAKEHUSAX C
HNCIIOJBb30BAHUEM JOOBYYEHHBIX BU3YAJIBHBIX
TPAHC®OPMEPOB

J.A. ApyTIOHSIH

PacnozHaBaHme 3Monmii cO0aK MMEET MPAKTHYECKYIO LIEHHOCTh Ul BETEPUHAPHON
NPaKTHKHA, MOHUTOPUHTA OJIaromnorydus )KHBOTHBIX U OoJiee 6€3011acHOTO B3anMOAEHCTBHUS
yejoBeKa ¢ cobakoi. B maHHOW paboTe mccnenyercs knaccuuKanus H300pakeHHi Ha
OCHOBE TpPaHC(OPMEPOB JJIsl paclio3HaBaHMsl SMOLMI co0aK M MPENCTaBJIEH IOJHBII KOH-
Beiiep, KOTOPBIil BBIMOMHSACT N000yueHHe apxuTekTypsl ViT-B/16 Ha Habope HaHHBIX W3
YeThIPEX KJIACCOB (3JI0H, CUACTIIMBBIN, pacciabiCHHBIA, TPYCTHBIN). 300pakeHus CTaH-
JapTU3UPOBAHBI 10 pazmepa 224x224 u Hopmanu3oBaHbl o ctatuctuke ImageNet co crto-
XacTUYeCKOM ayrMeHTanueidl (OTpakeHHs, TIOBOPOTHI, IIBETOBOH JDKUTTEp, sp-
KOCTB/KOHTpacT 1 HeOompune adGUHHBIE CABUTH) JUIA MOBBIMICHNS ycToHunBocTH. HoBast
Kiaccu(UKaMOHHast ToJIoBa ¢ 4 BeIXoaMH o0ydaercs ¢ AnddepeHIIIpOBaHHEIMU CKOPO-
CTIMHU 00yueHHs nmoBepx npeaodyueHnoro Ha ImageNet-21K koanpoBIIMKa U ONITHMHU3U-
pyetcst ¢ nomorbio AdamW, B3BEIIEHHOMH IO KJIaccaM KPOCC-3HTPOINH, Pa3orpeBa, KOCH-
HYCHOTO OT)KWI'a, paHHEW OCTAaHOBKH M COXPAHEHMS! KOHTPOJIBHBIX ToueK. [locTrobpadboTka
BKJIFOYAET MOPOTOBYIO (MIIBTPALUIO [0 YBEPEHHOCTH U OIHMOHAIbHOE BPEMEHHOE Criia-
JKMBaHKE I BUaeocreHapues. Ha oTiosxxeHHOM TecToBOM Habope m000yueHusid ViT mo-
cruraet TogHocTH 82,6%, mpeBocxoas moobyuennsii ResNet-50 (75,4%) u VIiT, o6yduen-
HBIH ¢ Hyns (68,9%). ITokmaccoBbIif aHaIN3 MMOKAa3bIBA€T HAMBBICUIYIO PA3NUYUMOCTD UL
knacca «C4acTnuBbIiny, Toraa kak «I'pycTHeIi» u «PaccnabneHHbIH» daile BCero myTaroT-
Csl N3-3a TOHKOTO BHU3YaJbHOTO TEPEKPHITHS. DTH Pe3yabTaThl YKa3bIBAIOT HA TO, YTO TJIO-
OanpHOe camoBHMUMaHue B ViT Jydiie ylaBiuBacT HIOAHCHPOBaHHBIC NPH3HAKH (HAIPH-
Mep, TMOJIOKEHHE YIIeH W HanpshKeHHE pTa), YeM CBEpTOYHbIE 0a30BbIE MOJEIH, U UYTO
TpaHcepHOEe 00ydeHHE KPUTHYECKH Ba)KHO IIPH OTPAaHMYEHHBIX PAa3MEUEHHBIX JaHHBIX.
HccnenoBanue 1moq4epKUBacT OCTaBIIMECS MPOOJIEMBI B KPOCC-TIOPOIHOM I'eHepalln3aliny,
Bapuanuy yria 0030pa U OCBEIIEHHUS, a TAK)KEe CYOBEKTHBHOCTH Pa3METKH M YKa3bIBaeT Ha
MYJIBTUMOJIANBHBIE PACIIUPEHUS W TEMIIOPAIFHO OCBEIOMIICHHBIE MOJETH IS JalbHEi-
HIMX YJy4YIIeHUH.

Kniouesvie cnosa: Bu3yanbHbI TpancpopMmep, caMOBHHMAaHHE, J00OydeHHUe, ayr-
MEHTAIUS TAaHHBIX.
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