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ABSTRACT
Animal–robot interaction is an emerging interdisciplinary field that explores the dynamics between animals and robotic

systems, as well as the design principles for effective engagement. While previous approaches have investigated animal

responses to robotic stimuli, they have yet to integrate artificial intelligence (AI) for real‐time behavioral analysis during the

interaction. This paper addresses this gap by introducing an AI‐driven framework that enables a robotic dog to autonomously

monitor and analyze livestock behavior, specifically in cows and chickens. Our system processes real‐time camera observations

using deep‐learning models to detect animal presence and recognize actions. It integrates three neural networks: YOLO‐
Chicken and YOLO‐Cows, for accurate detection of chickens and cows, respectively, and DARTEMIS, a novel, distilled

unimodal variant of a state‐of‐the‐art Animal Action Recognition model. The networks communicate efficiently via Redis in a

lightweight manner, with all processing conducted onboard the robot. We trained YOLO‐Cow and YOLO‐Chicken on a subset

of the COCO data set for cows and a public data set for chickens, achieving mAP@50‐95 scores of 0.67 and 0.56, respectively.

DARTEMIS, trained on the Animal Kingdom data set like ARTEMIS, reached an mAP of 77.3. With these models, we tested our

system in real‐world conditions through field trials, evaluating its ability to accurately detect animals and classify their

behaviors. This study presents the first successful integration of efficient deep‐ learning models into a robotic platform for real‐
time animal behavior analysis. The proposed framework paves the way for continuous automated livestock monitoring, with

potential applications in improving animal welfare and farm management. The full implementation is publicly available and

designed to be adaptable to various robotic platforms and related challenges.

1 | Introduction

The interaction between animals and robots is an emerging
field that explores how animals engage with robotic systems
and how robots can be designed to effectively interact with
animals. This domain seeks to merge the natural and artificial
worlds into a synergistic system (Romano et al. 2019). It is
inherently interdisciplinary, drawing from robotics and

engineering for robot design and control systems (Mo
et al. 2020); ethology for understanding animal behavior and
social patterns (Bonnet et al. 2019); biology for exploring sen-
sory capabilities across species (Elmer et al. 2021); psychology
for investigating cognition, learning, and conditioning (Macrì
et al. 2020); and computer science, which is the focus of this
study, for integrating processing systems and machine learning
(Fazzari et al. 2024).
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Prior research in animal–robot interaction has largely focused
on how different species perceive and respond to robotic enti-
ties, particularly by optimizing robot appearance, movement,
and behavior to foster meaningful interactions in controlled
laboratory environments (Lykov et al. 2024). These studies have
provided valuable insights into animal behavior within physical
and social contexts, contributing to a deeper understanding of
ecological complexities, an especially critical endeavor given the
ongoing biodiversity crisis (Chen et al. 2023). Beyond laboratory
settings, animal–robot interaction holds promise for various
real‐world applications, such as wildlife research and conser-
vation (e.g., using robotic animals to study wild populations)
(Melo et al. 2023) and agricultural automation (e.g., deploying
robotic systems for livestock management) (Ren et al. 2020).
Despite this potential, many existing approaches face limita-
tions when applied in dynamic, real‐world settings where con-
ditions are less controlled, and unexpected challenges are
commonplace (Hewawasam et al. 2022). We posit that
machine learning, particularly reinforcement learning, has a
pivotal role to play in addressing these challenges by enhancing
the adaptability of robotic systems. Additionally, machine
learning can improve animal–robot interaction by enabling
autonomous monitoring and behavior analysis without requir-
ing constant human supervision (Fazzari et al. 2025a).

In this context, we propose integrating deep object detection and
animal action recognition models to analyze observations captured
by a Unitree GO2 robotic dog monitoring cows and chickens.
Specifically, we developed a lightweight system capable of running
on resource‐constrained device without the need for server access.
For object detection, we employed models based on the YOLO
architecture (Khanam and Hussain 2024) and a novel lightweight
variant called LeYOLO (Hollard et al. 2024), which we tested for
recognizing and localizing cows and chickens. For animal action
recognition, we addressed the challenge of creating a lightweight
model capable of processing video frames while maintaining high
accuracy. Current state‐of‐the‐art models for action recognition,
such as our ARTEMIS Fazzari et al. (2025b), are computationally
intensive, leveraging multiple visual and language modalities to
achieve superior mean Average Precision (mAP) scores. To over-
come this limitation, we applied Knowledge Distillation (KD)
(Hinton 2015) to extract knowledge from ARTEMIS and create a
distilled, unimodal variant called DARTEMIS, which operates ex-
clusively on video frames. DARTEMIS, based on TimeSformer
(Bertasius et al. 2021), reduces model size and improves inference
speed without significant performance degradation (Banner
et al. 2019).

The main contributions of this study are as follows:

• A novel robotic framework integrating deep learning for
animal action recognition in cows and chickens, demon-
strating the feasibility of incorporating machine learning
into animal–robot interactions for behavior understanding.

• DARTEMIS, a distilled and quantized multilabel action
recognition model that achieves comparable performance
to the state‐of‐the‐art ARTEMIS model while being only 1%
of its size.

• We conducted field evaluations of our framework in a
breeding facility and a privately owned farm, assessing its

performance in real‐world conditions. To support further
research, we have released the code along with the col-
lected data set, which includes 6549 frames spanning
approximately 40 min of active interaction.

The remainder of this paper is structured as follows: Section 2
reviews related efforts in animal–robot interactions. Section 3
details the robotic dog platform, implemented deep‐ learning
architectures and the experimental setup. In Section 4 we
present and discuss the experimental results, including model
training and field testing. Finally, Section 5 concludes the paper
with key takeaways and future directions.

2 | Related Work

The use of robots to interact with animals gained attention in
the 1990s, marking a growing interest in building artificial
agents for animal–robot interactions (Abdai and Miklósi 2018).
Early examples include a robot designed to reduce stress in
caged chickens (Bohlen 1999), a robotic rat influencing food‐
seeking behavior in real rats (Takanishi et al. 1998), and a
mechanical bee capable of communicating with forager bees
inside a hive (Michelsen et al. 1992). These studies primarily
focused on understanding animal responses to robotic stimuli.
However, a critical aspect of animal–robot interaction, enabling
robots to process and respond to their perceptions, either
visually or through other sensory inputs, remains under-
explored. This study aims to address this gap, as existing studies
have predominantly concentrated on imparting behaviors to
robots or examining how animals interact or coexist with them.

The field of animal–robot interaction can broadly be divided
into two categories (De Schutter et al. 2001): single interaction
and multiple interactions. Single interactions involve stimulus‐
response paradigms, where a decoy stimulates the animal to
observe its reaction (Bulté et al. 2018). An effective decoy need
not perfectly replicate the target animal but should act as an
ideal stimulus to elicit specific responses. This is encapsulated
in the concept of supernormal stimulus (De Schutter et al. 2001),
where artificially constructed agents evoke reactions without
resembling an animal. Examples include male sticklebacks
reacting to red postal trucks (Tinbergen 2020) and dogs re-
sponding more strongly to robotic vocalizations than to
appearance or movement (Morovitz et al. 2017).

Multiple interactions, on the other hand, involve creating a
dynamic loop of interactions between animals and robots. This
requires robots equipped with mechanical components capable
of responding to animal behavior. Such interactions may
involve either a linear sequence of exchanges between a single
animal and a robot or large‐scale interactions between groups of
animals and robots. The former is particularly challenging, as
the robot must detect subtle behavioral cues and adapt
dynamically to the situation, a capability that is currently un-
derdeveloped (De Schutter et al. 2001). The latter falls under the
concept of Collective Intelligence (CI) (McMillen and
Levin 2024), where robots mimic social behaviors to study
phenomena such as schooling in fish (Porfiri 2018). CI research
also explores social interactions between animals and robots
within communities, such as rats displaying social behavior
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toward pre‐programmed robotic rats (del Angel Ortiz
et al. 2016), or the use of robots as mediators to study inter-
species interactions (Bonnet et al. 2019).

A critical limitation of previous studies is the lack of using of
deep‐learning techniques. While deep‐learning research has
advanced significantly, it has primarily focused on animals
rather than the robotic aspect of interactions. This includes
tasks like animal detection through classification or object
detection (Eikelboom et al. 2019), identifying keypoints on
animal joints for movement analysis (Pereira et al. 2022), and
action recognition (Ng et al. 2022). In this study, we aim to
bridge this gap by integrating deep‐learning‐based object
detection and action recognition into anima–robot interactions.
This represents a crucial step toward developing intelligent
multi‐interaction systems that enable more dynamic and
meaningful interactions between animals and robots.

3 | Methods

3.1 | The Robotic Dog

The robotic dog used in this study is a Unitree Go2 Quadruped
(educational version)1, equipped with a 16GB NVIDIA Jetson Orin
NX, capable of delivering between 40 and 100 Tera Operations
Per Second (TOPS). The robot comes with a 4D (3D position+ 1D
grayscale) LiDAR‐L1 pre‐installed, enabling real‐time 3D mapping
of its environment and obstacle avoidance. The robot is also
equipped with a camera that records video at 1080p resolution and
15 FPS, featuring an F2.2 aperture and a ∘120 field of view.
However, this camera can only be accessed via the Unitree mobile
application and is not programmable through code. To overcome
this limitation, we integrated an Intel RealSense D435i camera,
which can be accessed programmatically via Python. The Intel
RealSense D435i provides depth image resolutions of 1280 × 720

at 30 FPS, enhancing the robot's perception capabilities. Further-
more, a remote controller is included, allowing users to manually
maneuver the robot when necessary.

Regarding the impact of the robot's form factor, we believe it may
have played a role. The quadrupedal appearance could make the
robot more familiar to farm animals, potentially being perceived as
similar to a real dog, and thus not entirely out of the ordinary in
their environment. At the same time, the choice of the Unitree Go2
robotic dog was also motivated by practical considerations. We
added the following clarification in Section 3.1:

3.2 | Object Detection

This section provides an overview of the object detection
models considered in our study, along with the data set used for
their training.

3.2.1 | Models

Object detection methods can broadly be divided into two cat-
egories: two‐stage and single‐stage approaches, each offering
distinct methodologies for handling the detection pipeline.

Two‐stage detectors, such as Faster R‐CNN (Ren et al. 2016)
and CO‐DETR (Zong et al. 2023), first generate region proposals
for potential object locations and then perform classification
and bounding box refinement sequentially on these proposed
regions. In contrast, single‐stage detectors, like YOLO (Jiang
et al. 2022) and SSD (Liu et al. 2016), simplify object detection
by treating it as a regression problem, directly predicting object
classes and bounding box coordinates in a single forward pass of
the network. By eliminating the need for a separate proposal
generation step, single‐stage detectors achieve real‐time per-
formance, which is crucial for applications like autonomous
driving (Cao et al. 2023) and robotics (Ge et al. 2023). They also
demonstrate competitive accuracy with modern architectures,
making them particularly appealing for deployment in
resource‐constrained environments. Consequently, we adopted
single‐stage detectors for our object detection tasks.

The single‐stage models we selected for this study are YOLOv11
(Khanam and Hussain 2024) and LeYOLO (Hollard et al. 2024).
YOLOv11 represents the latest iteration in the YOLO series,
offering enhanced performance over its predecessors through
architectural innovations. These include the introduction of the
C3k2 (Cross Stage Partial with kernel size 2) block, SPPF
(Spatial Pyramid Pooling—Fast), and C2PSA (Convolutional
block with Parallel Spatial Attention) components (Khanam
and Hussain 2024). YOLOv11 is available in five
configurations–nano, small, medium, large, and extra large–
tailored to different computational capacities. In our evaluation,
we tested all configurations using an input image size of 640.

LeYOLO is a recently developed lightweight and efficient imple-
mentation of YOLO, designed to reduce model parameters and
FLOPs while maintaining performance comparable to YOLOv11n.
Its efficiency stems from an optimized backbone inspired by the
Inverted Bottlenecks principle (Sandler et al. 2018) and the intro-
duction of two novel components: the Fast Pyramidal Architecture
Network (FPAN) for fast multiscale feature sharing and Decoupled
Network‐in‐Network (DNiN) detection for lightweight computa-
tions in classification and regression tasks. LeYOLO is available in
four configurations: nano, small, medium, and large. To maintain
consistency with the input size used in YOLOv11, we evaluated the
small and medium configurations of LeYOLO, both trained on
640 × 640 input images.

Table 1 provides a detailed comparison of the YOLOv11 and
LeYOLO models used in our study, focusing on their number of
parameters and Floating Point Operations (FLOPs).

3.2.2 | Data Set

For training our YOLO‐Chicken and YOLO‐Cow models, we
utilized two public data sets: a customized version of the COCO
data set (Lin et al. 2014) containing only cow images and an
open‐source chicken data set from RoboFlow.2 The latter was
chosen due to the absence of a dedicated chicken category in
COCO, which only includes a general “bird” class. Using these
diverse public data sets helped enhance the robustness of our
detection models, as they contain various breeds of cows and
chickens and often feature a higher number of animals per
image than those observed in our field evaluations.

3Journal of Field Robotics, 2025
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The curated COCO subset provided 1968 images for training and
87 images for validation, while the chicken data set included 3700
training images and 500 validation images. By isolating specific
object categories, we optimized the model outputs to specialize in
cow and chicken detection while benefiting from the strong feature
representations learned during pre‐training.

3.3 | Animal Action Recognition

This section examines the animal action recognition networks
we evaluated, focusing on the distillation of a large neural
network, ARTEMIS, to create a smaller, more efficient model.
Additionally, we discuss the quantization strategy employed to
further reduce the model size and enhance inference speed.

3.3.1 | Models

Since the release of the Animal Kingdom data set (Ng et al. 2022),
research interest has surged in animal action recognition, partic-
ularly through multimodal architectures (Mondal et al. 2023). The
data set is well‐suited for this task, as it encompasses 140 distinct
actions captured in 30,100 video clips across 850 different species,
establishing itself as a definitive benchmark for multilabel animal
action recognition. In multilabel AAR, the objective is to develop a
model capable of identifying all actions present in a scene, irre-
spective of the number of animals or the specific actor performing
each action. Formally, given an input sample x and a model
function M , the task is to estimate the probability of each action
a a a= , …, n1 being observed as:

M xP{a} = softmax( ( )) (1)

For evaluation, these probabilities are compared to the ground
truth after applying a threshold parameter τ , which can be
automatically determined using the Multilabel Average Preci-
sion metric in torchmetrics3.

The current state‐of‐the‐art model for the Animal Kingdom data
set is ARTEMIS, which integrates multimodal inputs by em-
ploying textual descriptions generated through captioning and
summarization using BLIP2 (Li et al. 2023) and Llama 3 (Dubey
et al. 2024), alongside image and video data. ARTEMIS is
available in multiple configurations, differentiated by residual

connections between multimodal branches and ensemble
techniques. The ensemble comprises a weighted combination of
the three most performant ARTEMIS configurations, desig-
nated as BEST1, BEST2, and BEST3. However, the integration of
video‐language models and large language models like BLIP2
and Llama 3 introduces significant computational overhead,
rendering ARTEMIS challenging to deploy on resource‐
constrained devices such as our robotic platform. Table 2 pro-
vides a comprehensive comparison of parameter counts across
different ARTEMIS configurations (single and ensemble), along
with two previously proposed multimodal models, MSQNet and
Mamba‐MSQNet. The table additionally details the dimensions
of their respective video encoders, TimeSformer (Bertasius
et al. 2021) and VideoMamba (Li et al. 2024).

While previous models demonstrate lower mean Average Pre-
cision compared to ARTEMIS, they do not rely on BLIP2 and
Llama 3 for input generation, resulting in substantially reduced
computational complexity. Since we would like to achieve
performance comparable to ARTEMIS (Ensemble) while miti-
gating computational demands, without opting for a lower
mAP, we conducted the distillation of ARTEMIS (Ensemble)
into a more computationally efficient unimodal network.

Conceptually, the transformation from the multimodal ARTE-
MIS ensemble to the unimodal DARTEMIS configuration can
be described as an input‐to‐logit mappings. Let v, i and t denote
the video, image and text inputs, respectively (with t produced
by the BLIP2‐LLaMA3 captioning/summarization pipeline).
Each ARTEMIS variant M k( ) , ∈k {1, 2, 3} (corresponding to the
configurations referred to as BEST1, BEST2 and BEST3), con-
sumes the three modalities and produces a vector of logits

∈M v i tz = ( , , ) ,k k n( ) ( ) (2)

where n is the number of action labels. The ensemble aggregates
these logits with nonnegative weights αk obtained via Genetic

TABLE 1 | Object detection models employed dimensions in terms

of model parameters and FLOPs.

Model Parameters (M) FLOPs (M)

LeYOLOSmall 1.9 4.5

LeYOLOMedium 2.4 5.8

YOLO11n 2.6 6500

YOLO11s 9.4 21,500

YOLO11m 20.1 68,000

YOLO11l 25.3 86,900

YOLO11x 59.9 194,900

Note: Models are reported in increasing dimension. We reported the FLOPs
indicated in the corresponding papers.

TABLE 2 | Number of parameters in multimodal animal action

recognition architectures proposed for the Animal Kingdom data set,

alongside their respective video encoders, VideoMamba and TimeSformer.

Model Parameters (M) mAP

MSQNet 252 73.1

Mamba‐MSQNet (Best) 123 74.6

ARTEMIS (Best 1) 10,953 77.3

ARTEMIS (Best 2) 10,953 77.2

ARTEMIS (Best 3) 10,955 77.3

ARTEMIS (Ensemble) 11,461 79.8

VideoMamba‐Ti 7 62.9

VideoMamba‐S 25 63.2

VideoMamba‐M 74 70.6

TimeSformer 121 72.8

Note: For BLIP2 and Llama 3 (8B), used in ARTEMIS, we accounted precisely for
2.7 billion and 8 billion parameters, respectively. For ARTEMIS (Ensemble), a
single usage of BLIP2 and Llama 3 was considered, as all textual descriptions were
precomputed before model training for efficiency. We record also the results in
term of mAP: for VideoMamba and TimeSformer results were obtained as part of
this study for analysis reasons.

4 Journal of Field Robotics, 2025
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Algorithm as described in ARTEMIS original paper (Fazzari
et al. 2025b), yielding ensemble logits and ensemble probabilities

≥ α α αz z= , 0, = 1,
k

k
k

k

k

kens

=1

3
( )

=1

3

(3)

σp z= ( ),ens ens (4)

where ⋅σ ( ) denotes the element‐wise sigmoid used to convert
logits to per‐action probabilities in the multilabel setting.

The DARTEMIS configuration is a unimodal, video‐only model
gψ parameterized by ψ. It produces logits and probabilities using
only the video input:

∈g v σz p z= ( ) , = ( ).ψ
n

dart dart dart (5)

Informally, the aim of the transformation is for the video‐only
outputs zdart (or pdart) to mirror the ensemble outputs zens (or
pens) as closely as possible while removing the dependency on
image‐ and text‐generation pipelines. The concrete distillation
procedure that implements this transformation, together with
its optimization details and evaluation protocol, is described in
the following section.

3.3.2 | Knowledge Distillation

Knowledge Distillation (KD) (Hinton 2015) is a technique for
transferring knowledge from a complex model or ensemble
(teacher) to a smaller, more efficient model (student) while
maintaining comparable performance. In this process, the student
is trained not only on the ground‐truth labels but also to match the
class probabilities, or soft targets, produced by the teacher. This
alignment is achieved by minimizing a loss that combines the
primary task loss with a similarity loss, computed using Mean
Squared Error (MSE). To address the multilabel nature of our
problem, we employed the sigmoid function instead of the softmax
function usually used to compute the soft targets:

y
T

ˆ =
logits

,soft (6)

whereT represents the temperature parameter that smooths the
teacher's output probabilities. The total loss is defined as:

 ( )α y y α= MSE ˆ , ˆ + (1 − )

BCE(logits ,targets),

soft
teacher

soft
student

student

(7)

where α is a weighting factor, and BCE denotes the binary
cross‐entropy loss:


n

y σ z y

σ z

z yBCE( , ) = −
1

[ log ( ) + (1 − )

log(1 − ( ))],

j

n

j j j

j

=1 (8)

with ⋅σ ( ) denoting the sigmoid activation, ∈z n the predicted
logits, and ∈y {0, 1}n the ground‐truth binary labels.

To further enhance the distillation process, we investigated three
advanced strategies: temperature annealing (Malinin et al. 2019),
dynamic temperature adjustment (Wen et al. 2021), and noise‐
augmented teacher predictions (Sau and Balasubramanian 2016).
Temperature annealing starts with a high temperature (T = 5) to
allow the student to learn from softened teacher predictions and
linearly decreases it to a lower value (T = 1) by the end of training,
enabling the student to focus on sharper predictions. The linear
annealing schedule can be expressed as:

T e T
e

E
T T( ) = − ( − ),start

max
start end (9)

where e is the current epoch, Emax is the total number of
training epochs, T = 5start , and T = 1end .

Dynamic temperature adjustment, on the other hand, adapts T
based on the Mean Absolute Error (MAE) between the teacher's
and student's predictions, ensuring that the temperature
responds to their evolving alignment during training. The
temperature is computed as:







T

T
T= max

MAE(logits , logits )
, ,base

teacher student

min

(10)

where T = 5base and T = 1min .

Lastly, noise‐augmented predictions involve adding Gaussian
noise to the teacher's outputs, which mitigates overconfidence
and improves generalization. This can be expressed as:

ε ε σ Iz z˜ = + , ~ (0, ),teacher teacher
2 (11)

where z teacher are the teacher's logits, σ2 controls the noise
variance, and I is the identity matrix.

Additionally, we aimed to distill multimodal knowledge from
ARTEMIS into unimodal architectures, such as VideoMamba or
TimeSformer, to simplify the model and reduce computational
demands. Multimodal‐to‐unimodal distillation, though less com-
monly studied, has shown promise in various domains, including
egocentric action recognition (Radevski et al. 2023) and medical
imaging (Ahmad et al. 2024; Xiong et al. 2023). This approach
enables the student model to learn implicit intermodal correlations
from the teacher, improving generalization and yielding superior
performance compared to models trained solely on unimodal data.

3.4 | Implementation Details

The workflow designed for the robotic system to observe and
analyze animal actions is illustrated in Figure 1. The diagram
represents the components running within the robot and their
communication via Redis streams. The system comprises three
main components: the camera, which operates as a background
process, and two Docker containers–one for object detection
and the other for action recognition. The camera process runs
independently outside of Docker to simplify setup, allowing

5Journal of Field Robotics, 2025
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direct Python access to the USB port. This approach avoids the
additional configuration required to enable USB access within a
Docker container. Conversely, the deep‐learning models and
the Redis server are containerized using Docker, as this facili-
tates the installation of dependencies for GPU utilization and
ensures compatibility by leveraging the latest Redis and nvidia/
l4t‐pytorch images available on Docker Hub.

The camera captures images at regular intervals of 0.375 s. This
interval was carefully selected to align with the requirements of
state‐of‐the‐art action recognition models, which typically pro-
cess sequences of 16 frames, while also considering the average
clip length of 6 s in the Animal Kingdom data set
( ∕6 16 = 0.375). Once an image is captured, it is saved to disk,
and its file path is published to the Frames Redis stream. The
object detection container reads from this stream to determine
whether animals are present in the frame. Based on the detec-
tions, it generates a results file and publishes the image path
along with a boolean flag indicating the presence or absence of
animals to the Detection stream. The action recognition module
uses this information to decide whether a given frame should be
processed. When a frame containing an animal is detected, the
module stores it in a buffer, maintaining the most recent 16
frames. Once exactly 16 frames are accumulated, the model
performs action recognition, saving the results to a log file. This
allows for both real‐time notifications and later human eva-
luation. If more than 16 consecutive meaningful frames (i.e.,
those containing animals) are encountered, the oldest frame is
discarded to ensure that only the most recent 16 frames are
retained. Conversely, if a frame without any detected animals is
encountered, the recognition module clears its buffer, waiting
for a new meaningful sequence to begin. This strategy prevents
unnecessary processing of irrelevant frames, optimizing com-
putational efficiency.

3.5 | Experimental Setup

We evaluated our system at CiRAA4 (Centro di Ricerche Agro‐
Ambientali ‘E. Avanzi’), one of Europe's largest research centers
dedicated to the study of sustainable agricultural systems. The
center is situated within the natural park “Migliarino—San

Rossore—Massaciuccoli,” near Pisa, and includes facilities
specifically designed for animal breeding. These facilities house
cows, providing an ideal environment to test our model. For the
chicken evaluation, we tested the robot in a privately
owned farm.

4 | Results

In this section, we present the results of our experiments across
all neural network components. This includes object detection
performance on COCO subsets focusing on cows and chickens,
the outcomes of distillation and quantization processes aimed at
deriving a smaller, high‐performing, and efficient model from
ARTEMIS, and the evaluation of the integrated system deployed
on our robotic dog for field applications.

4.1 | Object Detection

The selected LeYOLO and YOLO models were trained sepa-
rately to recognize cows and chickens using the COCO data set
and the mentioned chicken data set from RoboFlow. Tables 3
and 4 summarize the detection performance for cows and
chickens, respectively, in terms of mean Average Precision
(mAP) at different thresholds, including mAP@50, mAP@75,
and the overall mAP@50‐95. Among the evaluated models,
YOLOv11x demonstrated the highest performance for both
tasks. The results indicate a clear trend: larger and more com-
plex architectures yield better performance.

For the cow detection task, the difference in overall mAP@50‐95
between YOLOv11x and smaller models was more pronounced
compared to the chicken detection task, where the medium, large,
and extra‐large versions of YOLOv11 achieved the same perform-
ance levels. The LeYOLO configurations were the least effective,
with slightly lower performance than YOLOv11n.

Upon inspecting predictions made by the LeYOLO models, we
observed that their accuracy improved significantly when the ani-
mals were clearly visible and unobstructed. Additionally, since the
COCO data set includes various cow species labeled under a single

FIGURE 1 | Workflow illustrating the operations of our complete system. The systems comprises four components: Redis for handling two

streams for the communication, a process for capturing frames using the RealSense camera, and two Docker containers running the object detection

and the action recognition model. Everything is implemented on the robot. [Color figure can be viewed at wileyonlinelibrary.com]
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class, all models, both YOLO and LeYOLO, performed better at
detecting animals with colors and appearances corresponding to
species more commonly found in farming environments, such as
the classic black‐and‐white or brown cow.

Based on these results and the model dimensions presented in
Table 1, we selected YOLOv11m for both tasks. For chicken
detection, this choice was justified by the absence of performance
gains when using larger versions, leading us to designate this model
as YOLO‐Chicken. For cow detection, while the extra‐large version
offered a slight improvement in performance, the difference was
marginal compared to the significant reduction in model size,
approximately one‐third of the extra‐large version. Therefore, we
opted for YOLOv11m, referred to as YOLO‐Cow.

4.2 | Distilled ARTEMIS: DARTEMIS

The student models we used had not previously been evaluated
on the Animal Kingdom data set and were only tested as video
encoders. To provide a fair comparison, we trained these
models using the same data augmentation strategies, optimizer,
and scheduler employed in ARTEMIS. Each model was trained
for 300 epochs. The results, summarized in Table 2, reveal
several insights.

VideoMamba performed poorly in its tiny and small configu-
rations, achieving a mAP of approximately 63. However, the
medium configuration demonstrated significant improvement,
reaching 70.6 mAP. Among the single‐modality models

(processing only video clips), TimeSformer achieved the highest
score, with an mAP of 72.8. While MSQNet slightly out-
performed TimeSformer with an mAP of 73.1, its architecture is
considerably more complex. MSQNet integrates TimeSformer
with the CLIP image encoder for extracting frame‐specific fea-
tures, and the CLIP text encoder for incorporating textual
information from class names. This marginal performance gain
suggests that MSQNet's added complexity was not entirely
justified. In contrast, Mamba‐MSQNet, which has complexity
comparable to TimeSformer achieved performance improve-
ment over its video encoder, VideoMamba‐Ti, increasing mAP
from 62.9 to 74.6. Here, we aimed to achieve similar improve-
ments without increasing model complexity by leveraging
knowledge distillation from the ARTEMIS (ensemble), which
achieved the highest mAP on the Animal Kingdom data set for
action recognition.

The distillation process was first conducted using the baseline
strategy described in the Methods section, where we varied the
temperature parameter to explore both hard and soft targets
( ∈T {1, 2, 5, 10}), while fixing the weighting factor at α = 0.5

(kept constant across all experiments). This simple strategy was
evaluated exclusively on VideoMamba‐Ti, as reported in
Table 5. Although performance improved marginally, reaching
63.7 mAP, the gains remained limited. To address this, we
employed more advanced strategies, namely, Dynamic Tem-
perature Distillation (Wen et al. 2021) and temperature
annealing (Malinin et al. 2019), both of which substantially

TABLE 3 | Object detection results for recognizing cows in terms

of mean Average Precision at different thresholds.

Model mAP 50 mAP 75 mAP 50‐95

LeYOLOSmall 0.76 0.55 0.51

LeYOLOMedium 0.77 0.56 0.51

YOLOv11n 0.78 0.60 0.55

YOLOv11s 0.80 0.67 0.60

YOLOv11m 0.82 0.68 0.61

YOLOv11l 0.83 0.69 0.61

YOLOv11x 0.86 0.74 0.67

Note: Best results are in bold.

TABLE 4 | Object detection results for recognizing chickens in

terms of mean Average Precision at different thresholds.

Model mAP 50 mAP 75 mAP 50‐95

LeYOLOSmall 0.84 0.55 0.51

LeYOLOMedium 0.84 0.54 0.52

YOLOv11n 0.84 0.57 0.53

YOLOv11s 0.85 0.60 0.55

YOLOv11m 0.86 0.61 0.56

YOLOv11l 0.86 0.61 0.56

YOLOv11x 0.86 0.61 0.56

Note: Best results are in bold.

TABLE 5 | Distillation results using ARTEMIS (ensemble) as

teacher model.

Model
Teacher
noise Temperature mAP

VideoMamba‐Ti No 1 63.72

VideoMamba‐Ti No 2 63.48

VideoMamba‐Ti No 5 62.71

VideoMamba‐Ti No 10 62.82

VideoMamba‐Ti No Dynamic 72.07

VideoMamba‐Ti Yes Dynamic 71.88

VideoMamba‐Ti No Annealing 71.95

VideoMamba‐Ti Yes Annealing 71.91

VideoMamba‐S No Dynamic 73.16

VideoMamba‐S Yes Dynamic 73.66

VideoMamba‐S No Annealing 73.02

VideoMamba‐S Yes Annealing 73.23

VideoMamba‐M No Dynamic 74.23

VideoMamba‐M Yes Dynamic 73.45

VideoMamba‐M No Annealing 73.82

VideoMamba‐M Yes Annealing 73.73

Timesformer No Dynamic 76.87

Timesformer Yes Dynamic 77.04

Timesformer No Annealing 76.66

Timesformer Yes Annealing 77.30

Note: Best result is indicated in bold.
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enhanced performance. Under these methods, VideoMamba‐Ti
achieved 72.1 and 72.0 mAP, respectively, results comparable to
TimeSformer, while requiring 94% fewer parameters. Further
experimentation introduced Gaussian noise injection into the
teacher logits; however, this led to a slight performance
decrease, with both methods yielding 71.9 mAP.

Building on these findings, we performed an ablation study on
larger configurations of VideoMamba and TimeSformer, sys-
tematically testing DTD and temperature annealing, with and
without noise‐augmented teacher predictions. The results con-
firm that distillation consistently and substantially improves
model performance relative to their non‐distilled counterparts.
Across architectures, DTD typically outperformed temperature
annealing, though the benefit of teacher noise proved model‐
dependent. Specifically, Gaussian noise improved performance
for TimeSformer and VideoMamba‐S, while reducing mAP for
VideoMamba‐Ti and VideoMamba‐M. Importantly, when
improvements were observed, they applied consistently across
both DTD and annealing, and conversely, performance degra-
dation also manifested in both methods.

A comparison between Tables 5 and 2 further highlights the effi-
ciency of our approach. VideoMamba‐S, distilled with DTD and
teacher noise, achieved 73.66mAP, surpassing MSQNet while being
only 10% of its size and relying solely on the video modality. Scaling
up, VideoMamba‐M achieved a modest improvement, reaching
74.23mAP under DTD. Notably, TimeSformer distilled with tem-
perature annealing and teacher noise attained 77.3mAP, repre-
senting the highest performance among all distilled models. This
result not only matches ARTEMIS (single) but does so with slightly
fewer parameters than Mamba‐MSQNet, only 1% of the parameter
count of ARTEMIS (ensemble), and again using only a single
modality. Given this superior performance, coupled with a relatively
modest parameter increase over the next‐best architecture
(VideoMamba‐M) yet yielding nearly a 3‐point mAP gain, we
selected the distilled TimeSformer as our final action recognition
model. We designate this distilled variant of ARTEMIS as DAR-
TEMIS, denoting “Distilled ARTEMIS.”

4.3 | System Real‐Time Performance

For real‐time operation, the system must efficiently process infor-
mation with minimal delay. Therefore, we evaluated the perform-
ance of each component to assess potential latencies in our
predictions. The camera process is scheduled to capture an image
every 375 ms. Once an image is acquired, the object detection
module processes it in 50.1 ms, with 2.5 ms for preprocessing, 44 ms
for inference, and 3.6 ms for postprocessing. Subsequently, assum-
ing that 16 meaningful frames have been accumulated, DARTEMIS
processes the batch (consisting of a single sample) in 970 ms.

Using this approach, by the time a sample is fully processed,
two new frames will have been collected but remain
unprocessed. If this pattern continues, a cumulative delay of
approximately 2.5 frames per processed sample will be intro-
duced, compromising real‐time performance. To mitigate this
issue, we experimented with an alternative batching strategy to
ensure that the processing delay remains bounded. Instead of
processing a single sample at a time, we modified the approach

to create a batch containing all frames collected while the action
recognition module was running. This batch is then fed to the
network, allowing multiple samples to be processed simulta-
neously within the same time frame.

With this strategy, the system processes two or three samples
together, resulting in an upper bound delay of 1 s for obtaining
recognition results. This delay remains within an acceptable
range for real‐time analysis, ensuring the system's responsive-
ness while maintaining accurate action recognition.

4.4 | Field Evaluation

We evaluated our system by deploying the robotic platform in real‐
world environments to perform behavior recognition on chickens
and cows. Figure 2 illustrates the robot in both scenarios, alongside
examples of visual observations processed by the system. These
include bounding boxes generated by YOLO‐Chicken and YOLO‐
Cow, and the top three predicted behaviors from DARTEMIS,
obtained by applying a softmax function to the model's logits. This
visualization effectively represents the robot's perception and
interpretation of its surroundings in real time.

During those field testing a data set was collected from the 6549
frames recorded by our robot, corresponding to approximately
40min of data. To assess the system's accuracy, we annotated the
collected video frames using the Animal Kingdom taxonomy, which
aligns with the label structure of our model. The videos were seg-
mented into nonoverlapping clips of 16 consecutive frames, the
input format required by DARTEMIS, and each clip was manually
labeled. Quantitative results are reported in Table 6, with separate
evaluations provided for chicken and cow observations.

For the chicken experiments, the robot was placed inside a hen
coop, allowing close‐range observations without risk of being
trampled, as chickens are approximately the same size as the robot.
The robot's presence initially triggered cautious behavior: the
chickens maintained a safe distance and fled when the robot moved
rapidly or approached directly. To minimize disruption, the robot
was kept mostly stationary or moved at slow speeds. Under these
conditions, the chickens resumed natural behaviors such as
“moving,” “standing still,” “eating,” and “sensing,” which were
effectively recognized by the model. DARTEMIS achieved a mAP of
82.9, demonstrating robust performance. Errors in prediction were
primarily caused by adverse lighting conditions. When the robot
was oriented toward the sun, camera artifacts such as lens flares,
color blooming, and localized overexposure degraded the visual
quality of the input frames, as reported in Figure 3a, negatively
impacting model performance.

In the cow experiments, the robot interacted with two breeds:
Holstein Friesian and Pisana, a rare and endangered breed native to
the Pisa region. Trials were conducted both in a barn and in an
open pasture. Unlike chickens, cows did not exhibit fear. Instead,
they demonstrated curiosity, often approaching the robot, sniffing it,
and observing it at close range. However, this interest waned over
time if the robot remained still. Once the robot resumedmotion, the
cows' attention was often re‐engaged. For safety reasons, all obser-
vations were conducted with the cows behind a protective fence to
prevent accidental damage to the robot.

8 Journal of Field Robotics, 2025
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Although the mAP achieved for cow action recognition was
lower at 46.9, DARTEMIS demonstrated impressive qualitative
performance. Accurate predictions were made when the cows
were fully or mostly visible in the frame. However, when
occlusions occurred, due to foreground haystacks or structural
elements like metal bars, prediction accuracy decreased, as
shown in Figure 3b. This can be attributed to the training dis-
tribution of DARTEMIS, which was based on documentary‐
style video clips that typically feature unobstructed and well‐
framed views of animals. Such conditions are not always met in
real‐world farm environments. Another challenge arose from
the robot's movement, which occasionally introduced motion
blur and camera shake. In these cases, the model sometimes
misclassified actions. For instance, stationary cows engaging in
behaviors such as “eating” or “sensing” were occasionally
labeled as “walking,” likely due to background motion being
interpreted as animal movement. After excluding frames with
significant occlusions or excessive motion from the evaluation
data set, the mAP improved to 61.8, highlighting the model's
potential under better observational conditions. Future work
could address these issues by incorporating head stabilization
control (HSC) (Manfredi et al. 2013) to mitigate camera shake
and developing automated systems to optimize the robot's po-
sitioning: ensuring that the camera consistently captures ani-
mals at an appropriate distance and with minimal occlusion
could further enhance detection accuracy and action
recognition performance.

A noteworthy ambiguity emerged between the classes “sensing”
and “attending.” According to the Animal Kingdom definitions,
“attending” refers to an animal fixating on a specific stimulus
while remaining still, whereas “sensing” implies nonspecific
scanning behavior, often involving head movement. In practice,
cows frequently transitioned from one behavior to the other
within the same sequence, initially focusing intently, for ex-
ample, on the robot, and later displaying more general ex-
ploratory head movements. This dynamic made annotation and
classification challenging and suggests that these categories
might be better unified under a broader behavioral class in
future work. We also observed occasional confusion between
the actions “moving” and “walking,” although these cases were
rare. The “moving” label, being more general, may be applied in
cases where movement was inferred but not explicitly detected

FIGURE 2 | Evaluation of our system in two environments, interacting and analyzing actions of cows (a) and chickens (b). In the observations,

the action labels correspond to the three most probability actions detected by DARTEMIS. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 6 | Field performance of DARTEMIS using the observa-

tions collected by the robot.

mAP

All 54.0 (65.3)

Only chickens 82.9

Only cows 46.9 (61.8)

Note: In parenthesis the results after removing clips with significant occlusions or
excessive motion.

FIGURE 3 | Cases with adverse lighting, occlusions, or motion blur.

Illustrating common challenges encountered in real‐world deploy-

ments. [Color figure can be viewed at wileyonlinelibrary.com]
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in one of the specific action labels, introducing ambiguity.
Despite these challenges, DARTEMIS demonstrated strong
performance when animals were well‐framed and clearly visi-
ble. Notably, the model successfully identified complex behav-
iors, such as a cow “manipulating” a metal bar for extending its
head through to investigate the robot. This indicates that the
model not only captures common locomotor behaviors but can
also identify fine‐grained, context‐dependent actions, even in
uncontrolled outdoor settings.

5 | Conclusion

This paper presents a real‐time behavior recognition system for
animal–robot interaction, leveraging a Unitree Go2 robotic dog
to analyze the actions of two animal species: cows and chickens.
Our system seamlessly integrates three key components, the
RealSense camera, an object detection module, and an action
recognition module, to enable robust and efficient behavioral
analysis in real‐world settings.

The robot is equipped with a RealSense camera that captures
frames at 0.375 s intervals. These frames are then processed by
YOLOv11x, which has been specifically trained for cow and
chicken detection using the COCO data set and a public data set
from RoboFlow, respectively. Our object detection model
achieves a high mAP@50 of 0.86 for both species, demonstrating
its reliability in identifying animals in diverse environments. To
facilitate real‐time processing, the camera module communicates
with a Redis container, publishing frame path information to a
Redis Stream upon capturing a new frame. Once object detection
is performed, results are published to a separate Stream, which
the action recognition module subsequently reads. This module
employs DARTEMIS, a distilled version of ARTEMIS that we
developed to simplify its multimodal processing into unimodal.
Unlike its predecessor, DARTEMIS operates solely on video
input, significantly reducing computational complexity and en-
abling real‐time inference on edge devices like the robotic dog.
Despite its smaller footprint–99% smaller than ARTEMIS,
DARTEMIS achieves an impressive mAP of 77.3, nearly match-
ing the performance of the original model.

In conclusion, our system represents a significant step forward
in the field of animal–robot interaction, equipping a robotic
agent with the capability to recognize and analyze animal
behavior autonomously. While our approach achieves strong
detection and recognition performance, some limitations
remain. The object detection module, though highly accurate,
may occasionally fail to detect all animals in a given frame or, in
rare cases, mistakenly classify nonanimal objects. Similarly, the
action recognition model, trained on the Animal Kingdom data
set, provides a broad understanding of animal behaviors but
lacks species‐specific specialization. While we see value in a
generalized model capable of recognizing actions across mul-
tiple species, certain applications may benefit from species‐
specific models for enhanced accuracy. As another possible
direction for future work, extending the current multilabel AAR
paradigm to assign actions to entire video clips rather than
treating them independently for each animal could provide
deeper insights into which animals are performing specific ac-
tions and enable more accurate assessments of their welfare.

Overall, our work lays the foundation for intelligent, real‐time
animal behavior monitoring using robotic systems. By further
refining detection accuracy and expanding species‐specific
adaptations, this technology has the potential to revolutionize
precision livestock farming, wildlife conservation, and etholo-
gical research.
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