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Simple Summary: Automated animal activity recognition has achieved great success due to the
recent advances in deep learning, allowing staff to identify variations in the animal behavioural
repertoire in real-time. The high performance of deep learning largely relies on the availability of
big data, which inevitably brings data privacy issues when collecting a centralised dataset from
different farms. Federated learning provides a promising solution to train a shared model by coor-
dinating multiple farms (clients) without sharing their private data, in which a global server peri-
odically aggregates client gradients to update the global model. The study develops a novel feder-
ated learning framework called FedAAR to achieve automated animal activity recognition using
decentralised sensor data and to address, in particular, two major challenges resulting from data
heterogeneity when applying federated learning in this task. The experiments demonstrate the per-
formance advantages of Fed AAR compared to state-of-the-arts, proving the promising capability of
our framework for enhancing animal activity recognition performance. This research opens new
opportunities for developing animal monitoring systems using decentralised data from multiple
farms without privacy leakage.

Abstract: Deep learning dominates automated animal activity recognition (AAR) tasks due to the
high performance on large-scale datasets. However, constructing centralised data across diverse
farms raises data privacy issues. Federated learning (FL) provides a distributed learning solution to
train a shared model by coordinating multiple farms (clients) without sharing their private data.
Whereas directly applying FL to AAR tasks often faces two challenges: client-drift during local train-
ing and gradient conflicts during global aggregation. In this study, we develop a novel FL frame-
work called FedAAR to achieve AAR with sensor data. Specifically, we devise a prototype-guided
local update module to alleviate the client-drift issue, which introduces global prototypes as shared
knowledge to force clients to learn consistent features. To reduce gradient conflicts between clients,
we design a gradient refinement-based aggregation module to eliminate conflicting components
between client gradients during global aggregation, thereby improving the agreement between cli-
ents. Experiments are conducted on a public dataset to verify FedAAR’s effectiveness, which con-
sists of 87,621 2-s motion data. The results demonstrate that Fed AAR outperforms state-of-the-arts,
with precision (75.23%), recall (75.17%), F1-score (74.70%), and accuracy (88.88%), respectively. The
ablation experiments also show FedAAR’s robustness against various factors (i.e., different data
sizes, communication frequency, and client numbers).

Keywords: data privacy; animal behaviour; deep learning; distributed learning; client-drift; gradi-
ent conflicts

1. Introduction

Monitoring and assessing animal activities provide rich insights into their physical
status and circumstances, as activity is one of the most critical indicators of animal health
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and welfare [1]. Traditionally, animal activity monitoring largely relies on direct visual
and behavioural observation, which is time-consuming and labour-intensive [2]. Over the
past decade, automated animal activity recognition (AAR) with wearable sensors, which
allows staff to identify variations in the animal behavioural repertoire in real-time, has
attracted increasing attention and achieved great success. In the sensor-based AAR sys-
tems, wearable sensors are attached to a certain part of the animal body (e.g., ear, neck,
halter, back, and leg) to collect motion data (e.g., acceleration and angular velocity), which
are then used for classifying animal activities (e.g., feeding, drinking, and resting) with
suitable classification algorithms.

In recent years, deep learning has dominated the tasks in AAR due to the high per-
formance achievable with the help of large-scale training datasets [3,4]. For instance, con-
volutional neural networks (CNN5s) are widely used to automatically classify various an-
imal activities, such as walking and ruminating of cattle [4], trotting and cantering of eq-
uine [2], and eating and petting of canine [5]. However, collecting a large corpus of cen-
tralised datasets from different sources (e.g., farms) often raises data privacy issues. Fed-
erated learning (FL) has recently emerged as a distributed learning paradigm, providing
an attractive solution to this problem [6-8]. A standard FL system iterates two steps peri-
odically, i.e., local training in farms (clients) and global aggregation in a worth-truth cen-
tre (server), to train a global model. Specifically, during local training, each client down-
loads the parameters of the global model from the server-side to initialise its local model
and then exploits local data to calculate gradients, which are sent to the server in turn. The
server collects these client gradients and aggregates them to update the global model.
Such a training mechanism enables data owners to build a shared model collaboratively
without exchanging their private data, effectively promoting privacy preservation be-
tween clients [9-11].

Despite remarkable benefits provided by FL, directly applying FL to AAR tasks often
faces two major challenges: client-drift during local training and gradient conflicts during
global aggregation, which easily increases the difficulty in model convergence and causes
extreme degradation of performance [12]. First, the movement patterns of animal individ-
uals are often drawn from distinct distributions, which inevitably results in data hetero-
geneity between clients. Such data heterogeneity enlarges the inconsistency of learned
features across clients, easily raising drift concerns between client updates since each cli-
ent model is optimised towards its local objective instead of global optima during local
training [13-15]. To address this issue, some existing methods [14-17] impose constraints
on local optimisation by exploiting a model-level regularisation term, which aims to facil-
itate all local models to approach consistent views. For instance, FedProx restricted local
model parameters to be close to global parameters by adding a proximal term in local
train [16]. SCAFFOLD corrected for client-drift by using control variates to overcome gra-
dient dissimilarity in local training [15]. Both FedLSD and FedCAD regarded the distrib-
uted global model as a teacher and distilled its predictions on local data to guide local
optimisation [13,17]. However, these methods only emphasised constraints on local mod-
els instead of directly forcing clients to learn consistent features, consequently yielding
sub-optimal performance.

Second, gradients among clients often possess inconsistent directions and even have
conflicting components due to the inconsistency between local optimization objectives in
the context of data heterogeneity. Directly aggregating all client gradients in standard FL
methods easily leads to mutual interferences among clients” knowledge, further hamper-
ing the process of model convergence and exacerbating the risk of model divergence. To
alleviate this problem, most existing works [18-21] attempted to modify the global aggre-
gation mechanism by dynamically adjusting aggregation weights to client gradients un-
der different criteria. For example, IDA assigned each client weight based on the inverse
distance of its gradient to the averaged gradient across all clients [21]. Precision-weighted
FL aggregated client gradients by averaging gradients by the inverse of their estimated
variance [19]. ABAVG combined gradients over clients by accuracies of local models on
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the validation set at the server-side [18]. However, aggregating client gradients merely by
changing their weights still can not drastically remove conflicting components in gradi-
ents and may even lose important information in gradients.

In this study, we propose a novel FL framework, namely FedAAR, to achieve auto-
mated AAR by uniting decentralised data while tackling the abovementioned issues. To
alleviate the client-drift issue, we design a prototype-guided local update (PLU) module,
in which we introduce globally shared prototypes (class-wise feature representations) as
shared knowledge to constrain local optimisation. To reduce conflicts between client gra-
dients, we devise a new gradient refinement-based aggregation (GRA) module to con-
stantly recalibrate client gradients throughout the training process. The proposed Fe-
dAAR is trained based on a public dataset [22], and its generalisation performance is com-
pared with that of the state-of-the-art FL strategies and with the centralised learning algo-
rithm. In summary, the main contributions of this study are as follows:
® We propose a novel FL framework called Fed AAR to automatically recognise animal

activities based on distributed data. This gives it considerable potential that multiple

farms jointly train a shared model using their private dataset while protecting data
privacy and ownership. To the best of our knowledge, this is the first time the FL
method has been explored in automated AAR across multiple data sources.

® To alleviate client-drift issues, we devise a PLU module to replace the traditional local
training process. The PLU module forces all clients to learn consistent feature
knowledge by imposing a global prototype guidance constraint to local optimisation,
further reducing the divergence between client updates.

® Different from existing aggregation mechanisms, we design a GRA module to reduce
conflicts among client gradients. The GRA module eliminates conflicting compo-
nents between client gradients during global aggregation, effectively guaranteeing
that all refined gradients point in a positive direction to improve the agreement
among clients.

®  Our experimental results demonstrate that our proposed FedAAR outperforms the
state-of-the-art FL strategies and exhibits performance close to that of the centralised
learning algorithm. This proves the promising capability of our method to enhance

AAR performance without privacy leakage. We also validate the performance ad-

vantages of our approach compared to the baseline in different practical scenarios

(i.e., local data sizes, communication frequency, and client numbers), providing rich

insights into the appropriate future applications of our method.

2. Materials and Methods

2.1. Data description

The dataset used in this study is a public dataset created by [22]. This dataset is a
centralised dataset comprising 87,621 2-s samples that are collected from six horses with
neck-attached IMUs. The sampling rate is set to 100 Hz for both the tri-axial accelerometer
and gyroscope and 12 Hz for the tri-axial magnetometer. Table 1 illustrates the data dis-
tribution of the dataset. Six activities (i.e., eating, galloping, standing, trotting, walking-
natural, and walking-rider) are registered, and the number of activity samples of the six
individuals (i.e., Happy, Zafir, Driekus, Galoway, Patron, and Bacardi) is 23,625, 11,071,
10,127, 24,602, 12,849, and 5,347, respectively. As in our previous study set [23], we exploit
the tri-axial motion data from the accelerometer and gyroscope as our input samples,
which will be normalised before input into the network
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Table 1. Number of data samples per subject and activity.
Activity . . . . Walking- Walking-

E 11 T Total

Subje ating Galloping Standing rotting natural rider ota
Happy 5,063 696 1,186 7,038 746 8,896 23,625
Zafir 1,091 835 347 3,559 161 5,078 11,071
Driekus 2,496 323 341 2,673 270 4,024 10,127
Galoway 4,331 1,043 1,750 6,423 1,402 9,653 24,602
Patron 1,951 714 1,244 3,402 388 5,150 12,849
Bacardi 1,116 328 245 1,981 360 1,317 5,347

2.2. Preliminaries for federated learning

A federated learning (FL) system coordinates K clients to collectively train a global
model while keeping their data stored locally, effectively reducing the potential for vio-

k
lating data privacy. In each client k, the local dataset {(xf, yi")}?’:l is sampled from a dis-

tribution D¥, where y} € {1,:+-,C} corresponds to the ground-truth label of the data in-
stance xik, C is the number of label categories, and N k is the data number of the k-th
client. The training of the FL system mainly consists of T communication rounds between
a global server and clients, with the detailed procedure of each communication round
divided into the following three steps.

Step 1 All clients synchronously download a global model w9°?% from a global server.
Step 2 Each client k uses the global model w9°P% to initialise its local model w*, and
then conducts local training for E epochs by minimising the local optimisation objective
as follows:

. 1 Nk
min — 3Ly L (WE, xf, v, (1)

where L§; denotes the cross-entropy loss function of the k-th client.
Step 3 After local training, each client k uploads gradients g* back to the server, where
g* = VLF(W¥). These client gradients are aggregated by directly averaging:

1
gglobal — ;Zlk(:lgk/ (2)

and then the global gradient is used to further update the original global model. The above
steps are performed repeatedly until the global model achieves convergence.

The implementation of standard FL (e.g., FedAvg) heavily relies on the assumption
that no data heterogeneity issues occur across clients (i.e., data between clients follow a
uniform distribution). However, this assumption does not hold in AAR tasks because the
discrepancy of movement patterns among animal individuals often results in data heter-
ogeneity, thus giving rise to detrimental effects on the training of FL. Specifically, data
heterogeneity across clients inevitably enlarges the inconsistency of learned features be-
tween clients, thereby inducing drift between client updates as each client model is opti-
mised toward its local objective instead of global optima [17]. In addition, client gradients
may conflict with each other due to the inconsistent local objectives, resulting in
knowledge interference among clients when directly aggregating all client gradients.
Hence, there is a need to reformulate the above optimisation process to adapt to AAR
tasks.

2.3. Our proposed FL framework for AAR

In this study, we propose a novel FL framework called FedAAR to achieve auto-
mated AAR in the context of data heterogeneity between clients, as illustrated in Figure
1. Each client first downloads the global model and globally shared prototypes (class cen-
tres) from a global server, and inputs them into the prototype-guided local update (PLU)
module (Figure 1a) to conduct local training based on the private dataset. During local
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training, client gradients are generated to update the local models; meanwhile, local pro-
totypes are calculated based on the embedded features of correctly classified samples.
Then, client gradients are uploaded to the server and aggregated to further update the
global model in the gradient refinement-based aggregation (GRA) module (Figure 1b).
Local prototypes are also transmitted to the server for aggregation to generate new global
prototypes. The above processes are repeated until the global model achieves conver-

gence.
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Figure 1. Overall architecture of our proposed FedAAR framework. Intuitively, Each client first downloads the global model and
globally shared prototypes (class centres) from a server, and inputs them into the prototype-guided local update (PLU) module to

conduct local training based on

the private dataset. During local training, local prototypes are calculated and client gradients are

generated to update the local models. Then, client gradients are uploaded to the server and aggregated to further update the global
model in the gradient refinement-based aggregation (GRA) module. Local prototypes are also transmitted to the server for aggrega-
tion to generate new global prototypes.

2.3.1. Prototype-guided local update

To alleviate client-drift issues in the local training, we devise a PLU module, which
introduces global prototypes to serve as the shared feature knowledge to further guide
local optimization.

Given batch-wise samples {(xF,y¥ )}?:1 with C categories in client k, we first adopt

c

. B .
the feature extractor to extract feature representation {ef_i}izl for samples in each class c,

where B and B, represent the number of batch samples and the c-th categorial samples,
respectively. These features are then used to calculate the corresponding class-wise pro-
totypes {P¥}¢_,, where P¥ is the mean value of feature representations of samples in class
c, ie., Pk = ch ec k. /B.. Herein, we empirically use the network that removed the last
fully connected layer as the feature extractor.

Inspired by prototype learning, in which gathering the prototypes across heteroge-
neous datasets enables the incorporation of feature representations over various data dis-
tributions [24,25], we bring global prototypes aggregated across clients as consistent fea-
ture-level views to guide local training. We propose a new prototype guidance regulari-
sation (PGReg) loss L, as follows:

Ll}gGReg = ZCEC”PL!C - chlobal ”2/ 3)


https://doi.org/10.20944/preprints202206.0306.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 June 2022 d0i:10.20944/preprints202206.0306.v1

6 of 14

where P"%"* denotes the global prototype of the c-th category, and |||, denotes the 1.2

distance. As shown in Equation 3, the PGReg loss sufficiently encourages local prototypes
{P¥}S_; of each client to approach global prototypes {P? lObal}:zl, effectively keeping all

clients have a consistent direction of feature learning. The total loss function can be refor-
mulated as the linear combination of the original classification loss £¥; and PGReg loss

LIF‘;GReg:
LK = LE + 1% LEgregs )

where 4 is the weight coefficient of PGReg loss and its value equals 0 in the initial state.
Then, we conduct local training by minimising the new local objective £¥ and compute
new local prototypes {Pc’fnew}gzl based on the feature vectors of correctly classified sam-
ples using the latest feature extractor.

Afterward, each client k uploads newly generated local prototypes {Pc’fnew}gzl to

the server to update original global prototypes. To avoid the attack resulting from noise
components involved in the latest local prototypes, we devise a novel adaptive update

process. Instead of directly replacing global prototypes with the average values of local
prototypes over clients, we define the updated global prototypes {PIron j=1
combination of the weighted averaged local prototypes {P.}¢_; and original global pro-

Cc
totypes {PI"**} _ :

as a linear

PILob =y, « PIP% 4 (1—y,) %P, (5)

where Y, is an adaptively balanced coefficient controlling the updating degree of the
global prototype, and P, = YX_, nkP¥ ..,/ YK_ nk, where n¥ represents the number of
c-th categorial prototypes in client k. Considering that the updated prototypes may be
transferred close to prototypes of other classes due to noise components, inducing simi-
larity increases of inter-class feature vectors [26], we modulate y, according to the intra-

class and inter-class distance between local prototypes and global prototypes:

d(§C’Pglobal>
exp

— ‘Pg’lobal)l (6)

d(—C’PglobaZ) d(PC
exp +exp 4

Ye =

where d(-) denotes the Euclidean distance, and P5°** is the global prototype of class ¢’
that is the closest class to class c, i.e, ¢’ = argmin d(P? lobal. P].g lObal). Intuitively, when
jE€{1,2,...C}\c

the averaged local prototype P, is farther from the global prototype of the same class ¢
than the global prototype of its closest class (i.e., d(P,P**) > d(P,, P9°*"")), the con-

tribution of P, on update process (Equation 5) should be lower than that of PZ"***. Note

that when the value of P7"°"* is empty at the early training phase, we directly put the

updated averaged prototype P, to global prototype PZone.

2.3.2. Gradient refinement-based aggregation

To reduce conflicts among client gradients during global aggregation, we design a
new GRA module, which eliminates the conflicting components between client gradients,
ensuring all refined gradients point in a positive direction to improve the agreement
across clients.

Given a set of client gradients {g*}X_;, we first characterise any two of these gradi-
ents as conflicting when their directions point away from one another (i.e., having a neg-
ative cosine similarity). Herein, we aim to reconstruct consensus vectors by refining the
conflicting gradients and keeping the non-conflicting gradients invariant. Figure 2 visual-
ises the main step of the gradient refinement process. Specifically, supposing g’ is the i-
th client gradient, and g’ is selected in random order from the rest of the client gradients,
where i €{1,2,...,K} and j€{12,..,i —1,i + 1, .., K}. The cosine similarity between g
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and g’/ can be denoted as cos6; j, where 6;; is the angle between g' and g’. As shown
in Figure 2a, if g' conflicts with g’ (i.e., cosine similarity cos6; ;<0), we remove the com-
ponent of g' in the direction fully opposite to that of g/ and altered g‘ by its projection
g' onto the normal plane of g’:

;99

J (7)
gz 9™

g'=y
If g' and g/ are not in conflict (i.e., cosine similarity cos 6; ;>0), we retain the original
gradient g' unchanged (i.e., §' = g'), as shown in Figure 2b. Afterward, the updated g
is further selectively updated according to the condition of whether there are conflicting
components compared to other gradients. This process is repeated until all of the client
gradients are compared.
Supposing {gk..,, }%_, is a collection of refined client gradients, we then aggregate
them using Equation 2 to further update the global model.

g' gimg
0, _ refine _
™ ¢ <% g
(a)
g' gt
. _ refine _
g T g
(b)

Figure 2. Process of gradient refinement. Here 6;; represents the angle between two client gradi-
ents g and g/, and gt represents the refined gradlents in client i. (a) When gradlents g' and g’
are conflicting (i.e., cos ; ;<0), the gradlent g' is replaced with its projection g' onto the normal
plane of g/. (b) When gradients g' and g/ are non-conflicting (i.e., cos6; ,;i>0), gradient gt is un-
changed (i.e., ' = gb.

2.4. Evaluation methods

Precision, recall, F1-score, and accuracy are measured to indicate the comprehensive
performance of the classification model. They are defined as follows:

TP
IS = ———— X 0 8
Precision TP T FP 100%, 8)
Recall = — 1 % 100% ©)
= ———— X
CC = TP Y FN o

F1 L (10)

50T = TP+ FP+FN o

TP+ TN

Accuracy = x 100%, (11)

TP+TN+FP+FN

where TP, FP, TN, and FN are the number of true positives, false positives, true negatives,
and false negatives, respectively.

2.5. Implementation details

In our previous work, we established a cross-modality interaction network (CMI-
Net) for equine activity recognition based on accelerometer and gyroscope data [23]. The
CMI-Net consists of a dual CNN trunk architecture and a joint cross-modality interaction
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module, effectively improving the classification performance for equine activities. Herein,
we use CMI-Net as the global classification model to achieve our proposed FedAAR.

During training, we use softmax cross-entropy loss with L2 regularisation (a weight
decay of 0.15). An Adam optimiser with an initial learning rate of 5 x 105 is used, and the
learning rate decreases by 0.1 times every 20 epochs. The communication rounds T and
batch size are set to 100 and 256, respectively. If not specified, the value of local training
epochs E is set to 1, and the weighting coefficient A in PLU is set to 0.05 by default. The
global model is initialised randomly before being downloaded to clients in the first round.
Over the communication rounds, the best global model with the highest testing accuracy
is saved as the optimal model. To verify the model’s generalisation abilities, we perform
the leave-one-out-based validation method, with one individual’s samples serving as the
testing set and the data of the remaining subjects divided into each client as the individual
training set. We randomly select three individuals and each individual’s data is used as a
testing dataset in each run. Three repeated runs are conducted for each experiment, and
the final results are presented in the format meanztstd from the three trial runs. All exper-
iments are executed using the PyTorch framework on an NVIDIA Tesla V100 GPU. The
source code is available at https://github.com/Max-1234-hub/Fed AAR.

3. Results and Discussion

Overall, the experimental results demonstrate that our proposed FedAAR outper-
forms the state-of-the-art FL strategies from both quantitative and qualitative perspectives
while exhibiting performance close to that of the centralised learning algorithm. Ablation
studies are then carried out to evaluate the effectiveness of the PLU and GRA module on
the classification capability. In addition, a comprehensive investigation of FedAAR’s per-
formance is conducted at different levels of three practical conditions (i.e., dataset sizes
on local clients, communication frequency between local clients and the global server, and
client numbers). The experimental results of Fed AAR are compared with that of its corre-
sponding baseline, further validating the performance advantages of our method. In the
end, some possible future research directions are proposed. The details are described as
follows.

3.1. Comparisons with state-of-the-art methods

Quantitative Comparison. We compare the performance of our proposed Fed AAR with
the state-of-the-art FL approaches (i.e., FedAvg, FedPorx, IDA, SiloBN, FedBN, and pre-
cision-weighted FL) and with centralised learning. As illustrated in Table 2, our proposed
framework outperform all of the selected state-of-the-art FL. methods, with the highest
average values of 75.23%, 75.17%, 74.70%, and 88.88% in precision, recall, F1-score, and
accuracy, respectively. These results demonstrate the promising capabilities of the Fe-
dAAR for animal behavioural classification. Particularly, compared with the precision-
weighted FL [19], which obtains relatively good performance among the selected state-of-
the-art FL methods, our proposed approach achieves remarkable increments of 3.75%,
9.39%, 8.34%, and 4.22% in the average values of precision, recall, F1-score, and accuracy,
respectively. This can be ascribed to the ability of our architecture to effectively alleviate
client-drift concerns in local training and conflicts of client gradients during global aggre-
gation. Compared with centralised learning, which provides the upper bounds, the per-
formance of our method is close, with 3.64%, 3.26%, and 3.49% lower average values of
recall, Fl-score, and accuracy, respectively. This further reveals the favourable perfor-
mance of our method. It is also worth noting that the proposed approach demonstrates
smaller variances than the state-of-the-art works, with 1.01%, 3.92%, 2.49%, and 1.36%
variance in precision, recall, F1-score, and accuracy, respectively, indicating the good sta-
bility and robustness of our approach.

Table 2. Comparative results (mean+std) of our proposed FedAAR with state-of-the-art federated
learning (FL) methods. The best two results for each metric are highlighted in bold.
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Method Precision (% ) Recall (%) F1-score (%) Accuracy (%)
Centralised learning [23] 83.34+10.81 78.8112.40 77.9612.28 92.3713.84
FedAvg [6] 71.10+4.42 64.9619.81 65.401+8.93 84.311+3.05
FedProx [16] 71.10+4.42 64.93+9.83 65.3718.96 84.30+3.06
IDA [21] 70.6715.45 64.35+10.68 64.27410.02 84.3613.33
SiloBN [27] 71.15%2.73 64.571+9.41 64.96+7.94 83.181+2.64
FedBN [28] 70.90+2.84 65.45+8.81 65.8217.14 83.7212.16
Precision-weighted FL [19] 71.48+3.78 65.78149.15 66.3618.03 84.6612.68
Fed AAR (ours) 75.23+1.01 75.17+3.92 74.701+2.49 88.88+1.36

Qualitative Comparison. To qualitatively verify our proposed approach, we visualise
the feature vectors of the test set before the last fully connected layer within the FedAAR
and the state-of-the-art FL. models, with the help of t-distributed stochastic neighbour-
embedding (t-SNE) [29]. As illustrated in Figure 3, the two-dimensional embeddings can
reflect the distribution of the network features in the feature space and indicate the gen-
eralisation ability of models, in which each point corresponds to a sample and different
colours represent different category labels (ground truth). Better generalisation means
that the feature points of samples belonging to the same class cluster closer to each other,
whereas the points between different classes locate far from each other. From the embed-
ding visualisation, we can observe that the proposed FedAAR displays more compact
clusters within the same categories and larger distances between different categories com-
pared to the selected state-of-the-art methods. This reflects the success of our approach in
improving the consistency of update directions across clients from both local optimisation
and global aggregation perspectives, which is beneficial to the generalisation performance
promotion of the global model.
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Figure 3. t-SNE visualisation of the feature vectors produced by our proposed FedAAR and other FL approaches.
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3.2. Ablation studies
3.2.1. Evaluation of PLU and GRA module

Quantitative Analysis. To investigate the effectiveness of PLU and GRA on classifica-
tion performance, we design four different experimental settings as follows. (1) Baseline:
we apply FedAvg as our baseline for the ablative comparison; (2) Baseline + PLU: we use
the PLU module instead of the original optimisation process in baseline during local train-
ing; (3) Baseline + GRA: we replace the original weighted average mechanism in baseline
with our proposed GRA module during global aggregation; and (4) Fed AAR: we use our
proposed framework involving both PLU and GRA modules simultaneously. The quan-
titative results are shown in Table 3. It is remarkable that the two modules individually
yield desirable performance improvements over the baseline, which proves that each of
the PLU and GRA modules plays an important role in AAR tasks with data heterogeneity
issues. In particular, the GRA module contributes to the tremendous performance im-
provements, with increases of 3.07%, 9.23%, 8.34%, and 3.47% in average values of preci-
sion, recall, F1-score, and accuracy, respectively. The variances also significantly decline,
by 3.47%, 6.85%, 7.63%, and 2.27% in precision, recall, F1-score, and accuracy, respec-
tively, when the GRA module is used separately. These experimental results validate the
significance of the GRA module in the model’s performance and robustness improve-
ments. The inclusion of the PLU module in addition to the GRA module enables all clients
to possess consistent guidance directions of feature learning and further obtain relative
gains of 1.06%, 0.98%, 0.96%, and 1.10% in the average values of precision, recall, F1-score,
and accuracy, respectively.

Table 3. Evaluation results (mean+std) of GRA and PLU modules on classification performance. The
best results for each metric are highlighted in bold.

Method Precision (% ) Recall (%) F1-score (%) Accuracy (%)

Baseline 71.10+4.42 64.9619.81 65.40£8.93 84.31+3.05
Baseline + PLU 73.0412.89 65.981+9.34 67.1018.02 84.9243.00
Baseline + GRA 74.1710.95 74.1942.96 73.74%+1.30 87.7810.78

FedAAR 75.23+1.01 75.17+3.92 74.70+2.49 88.8811.36

Analysis of the hyper-parameter A in PLU. The hyper-parameter 1 in Equation 5 rep-
resents the weight of newly added PGReg loss, corresponding to the constraint degree of
global knowledge on local training. We conduct experiments to evaluate the performance
of our approach with different A values (i.e., 0.01, 0.03, 0.05, 0.07, and 0.09), with the re-
sults shown in Table 4. The Fed AAR achieves clearly the best average values in recall and
F1-score when A is set to 0.05, while obtaining performance in precision and accuracy
comparable to the model with 4 set to 0.09. Although the precision and accuracy arrive
at the highest average values when 1 is set to 0.09, the model exhibits poor recall and F1-
score. In addition, the average recall and F1-score values first increase and then decrease
as A varied from 0.01 to 0.09, which illuminates the likely benefit of properly choosing
the value of 4 for the improvement of overall classification performance.

Table 4. Experimental results (mean+std) of Fed AAR with different weighting coefficients 4 of the
prototype guidance regularization loss. The best two results for each metric are highlighted in bold.

A Precision (%) Recall (%) F1-score (%) Accuracy (%)
0.01 74.391+1.07 74.5612.81 74.08+1.07 88.1710.61
0.03 75.1040.82 74.8713.39 74.53+1.93 88.55+0.80
0.05 75.23+1.01 75.17+3.92 74.70+2.49 88.88+1.36
0.07 74.97+1.08 74.661+4.07 74.1842.59 88.88+1.65
0.09 75.9412.14 72.5045.21 72.8013.85 88.89+1.67

Visualisation of refinements in GRA. To provide further insights into the enormous con-
tributions of the GRA module, we visualise the counts of gradient refinement operations
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during the training process over three runs in Figure 4. It can be observed that various
numbers of gradient modulation operations occur in each communication round, which
confirms that conflicts among client gradients arise continuously during the training pro-
cess. In addition, this observation implies that our framework can constantly and steadily
recalibrate the gradients across clients, effectively enhancing the model’s performance.
This finding also reinforces the suitability of the proposed GRA module for AAR tasks in
the context of data heterogeneity.

16/ 161
14/
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Counts of refinement
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Figure 4. Counts of refinement operations during the training process over three runs.

3.2.2. Analysis of local dataset size

To observe the behaviour of our proposed method over different data capacities, we
presentin Figure 5a the average testing accuracy of Fed AAR and the baseline under var-
ious local dataset percentages (i.e., 20%, 40%, 60%, 80%, and 100%). The test accuracies of
both FedAAR and the baseline decrease gradually as the number of training samples re-
duce, but the accuracy of Fed AAR continues to exceed that of the baseline, validating the
performance advantages of our method under scenarios with a small amount of data. In
addition, Fed AAR conducted on 60% local data still obtains higher accuracy than the base-
line performed on full-size local data, which reveals that our approach can effectively mit-
igate the performance degradation due to the reduced data amount.

3.2.3. Analysis of communication frequency

The communication frequency between local clients and the global server may influ-
ence learning behaviour. We decrease the communication frequency by increasing the lo-
cal updating epochs, and present in Figure 5b the average testing accuracy of FedAAR
and baseline on various local updating epochs (i.e., E =1, 2, 4, 8, 16). As expected [28],
both FedAAR and baseline achieve higher testing accuracy under smaller local updating
epochs, because aggregating at lower frequencies (i.e., larger local updating epochs) easily
results in the models’ divergence, especially in the early training stages [6]. Notably, the
Fed AAR with a local epoch of 16 still exhibits higher accuracy than the baseline with one
local epoch, demonstrating the superiority and reliability of our approach.
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(a) (b)
Figure 5. Testing accuracy of FedAAR and its baseline over varying (a) local dataset sizes and (b)
local updating epochs.

3.2.4. Analysis of client numbers

A larger number of clients may bring more conflicts among client gradients, which
poses a great challenge to the practical application of FL. To probe the impact of client
numbers on the performance of our method, we simulate different settings of the Fed AAR
and baseline with varying client numbers. We separately parcel each client dataset into 2,
3,4, 5, and 6 subsets, each serving as the data of a single client, thus forming five settings
with total client numbers of 10, 15, 20, 25, and 30, respectively. As shown in Figure 6, the
testing accuracy consistently decreases as client numbers increase, but FedAAR drops
more slowly than the baseline, indicating the robustness and scalability of our approach
under scenarios with more clients.
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Figure 6. Testing accuracy of FedAAR and its baseline over various client numbers.

3.3. Limitations and implications

Due to its privacy-preserving nature, FL has been increasingly adapted to various
applications, including mobile edge devices, industrial engineering, and health care [30-
32]. As far as we know, no previous work has developed FL frameworks tailored for au-
tomated AAR applications based on decentralised data. Our method is the first to exploit
FL to achieve animal behavioural recognition using distributed data without privacy leak-
age, opening up new opportunities for developing animal monitoring systems with
strong robustness and generalisation capabilities.

Our method additionally requires the transmission of prototypes between clients and
the server, increasing the dissemination of client information and communication over-
head. However, this does not raise privacy concerns because prototypes only represent
the average statistics across all already compressed local features [33]. In addition, the
transmitted prototypes between the server and each client occupied 3 KB, which is only
2.35% of the communication cost of model parameters/gradients. This further reinforces
the suitability of our proposed algorithm in practice.

Considering real-world applications, it is impossible for the client data to be fully
labelled due to the time-consuming and costly process of data annotation. Thus, promis-
ing solutions are required for integrating FL. with potential techniques (e.g., semi-super-
vised learning) for exploiting the unlabeled data sufficiently. In addition, our method can
be extended to AAR tasks with other forms of data (e.g., visual) and different kinds of
production management systems that need to use cross-silo data, further promoting the
development of agriculture.

4. Conclusions
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In this study, we develop a novel FL framework called FedAAR involving a PLU
module and a GRA module to achieve automated AAR by uniting decentralised sensor
data while avoiding privacy leakage. The PLU module forces all clients to learn consistent
class-wise feature representations in local training, effectively reducing drift among client
updates. The GRA module eliminates the conflicting components between client gradi-
ents during global aggregation, which ensures that all refined gradients point in a positive
direction to improve the agreement among clients. The experimental results reveal that
our approach outperforms the state-of-the-art FL. methods and achieves performance that
is close to that of the centralised learning algorithm. Ablation studies further illuminate
the effectiveness of the PLU and GRA modules. In addition, comparative analyses of the
performance of FedAAR and the baseline at different levels of three practical conditions
(i.e., local data sizes, communication frequency, and client numbers) confirm the perfor-
mance advantages of our algorithm. These analyses also provide rich insights into the
appropriate future applications of our method.

Author Contributions: Conceptualization, A.M. and K.L.; methodology, A.M.; software, A.M.; val-
idation, A.M., E.H. and H.G,; formal analysis, A.M.; investigation, A.M.; resources, K.L.; data cura-
tion, A.M.; writing —original draft preparation, A.M.; writing—review and editing, A.M. and K.L;
visualization, A.M.; supervision, K.L.; project administration, K.L.; funding acquisition, K.L. All au-
thors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the new research initiatives at the City University of Hong
Kong.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Acknowledgments: We would like to thank Jacob W.Kamminga et al., at the pervasive systems
group, the University of Twente for providing the public dataset. Funding for conducting this study
was provided by the new research initiatives at the City University of Hong Kong.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

Uenishi, S.; Oishi, K.; Kojima, T.; Kitajima, K.; Yasunaka, Y.; Sakai, K.; Sonoda, Y.; Kumagai, H.; Hirooka, H. A novel acceler-
ometry approach combining information on classified behaviors and quantified physical activity for assessing health status
of cattle: a preliminary study. Appl. Anim. Behav. Sci. 2021, 235, 105220. d0i:10.1016/j.applanim.2021.105220.

Eerdekens, A.; Deruyck, M.; Fontaine, J.; Martens, L.; Poorter, E. De; Plets, D.; Joseph, W. A framework for energy-efficient
equine activity recognition with leg accelerometers. Comput. Electron. Agric. 2021, 183, 106020. doi:10.1016/j.com-
pag.2021.106020.

Lin, H; Lou, J.; Xiong, L.; Shahabi, C. SemiFed: Semi-supervised federated learning with consistency and pseudo-labeling.
arXiv preprint arXiv:2108.09412, 2021.

Li, C,; Tokgoz, K.; Fukawa, M.; Bartels, J.; Ohashi, T.; Takeda, K.I; Ito, H. Data augmentation for inertial sensor data in CNNs
for cattle behavior classification. IEEE Sensors Lett. 2021, 5, 1-4. d0i:10.1109/LSENS.2021.3119056.

Chambers, R.D.; Yoder, N.C.; Carson, A.B.; Junge, C.; Allen, D.E.; Prescott, L.M.; Bradley, S.; Wymore, G.; Lloyd, K;; Lyle, S.
Deep learning classification of canine behavior using a single collar-mounted accelerometer: Real-world validation. Animals
2021, 11, 1-19. d0i:10.3390/ani11061549.

Brendan McMahan, H.; Moore, E.; Ramage, D.; Hampson, S.; Agiiera y Arcas, B. Communication-efficient learning of deep
networks from decentralized data. In Proceedings of the 20" International Conference on Artificial Intelligence and Statistics,
Fort Lauderdale, Florida, USA, 9-11 May 2017; pp. 1273-1282.

Huang, Y.; Chu, L.; Zhou, Z.; Wang, L.; Liu, J.; Pei, J.; Zhang, Y.; Canada, H.T. Personalized cross-silo federated learning on
non-iid data. In Proceedings of the 35" AAAI Conference on Artificial Intelligence, Virtual, 2-9 Feb 2021; pp. 7865-7873.
Acar, D.A.E.; Zhao, Y.; Navarro, R.M.; Mattina, M.; Whatmough, P.N.; Saligrama, V. Federated learning based on dynamic
regularization. In Proceedings of the 9t International Conference on Learning Representations, Virtual, 3-7 May 2021; pp. 1-
43.

Deng, Y.; Kamani, M.M.; Mahdavi, M. Distributionally robust federated averaging. Adv. Neural Inf. Process. Syst. 2020, 33,
15111-15122.


https://doi.org/10.20944/preprints202206.0306.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 June 2022 d0i:10.20944/preprints202206.0306.v1

14 of 14

10.

11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Lin, T.; Kong, L.; Stich, S.U.; Jaggi, M. Ensemble distillation for robust model fusion in federated learning. Adv. Neural Inf.
Process. Syst. 2020, 33, 2351-2363.

Durrant, A.; Markovic, M.; Matthews, D.; May, D.; Enright, J.; Leontidis, G. The role of cross-silo federated learning in facili-
tating data sharing in the agri-food sector. Comput. Electron. Agric. 2021, 193, 106648. d0i:10.1016/j.compag.2021.106648.

Yu, B.; Lv, Y. A survey on federated learning in data mining. 2022, 1-20, doi:10.1002/widm.1443.

Mustaqeem; Kwon, S. CLSTM: Deep feature-based speech emotion recognition using the hierarchical convlstm network.
Mathematics 2020, 8, 1-19. d0i:10.3390/math8122133.

He, Y.; Chen, Y,; Yang, X.; Zhang, Y.; Zeng, B. Class-wise adaptive self distillation for heterogeneous federated learning. In
Proceedings of the 36" AAAI Conference on Artificial Intelligence, Virtual, 22 Feb — 1 Mar 2022.

Karimireddy, S.P.; Kale, S.; Mohri, M.; Reddi, S.J.; Stich, S.U.; Suresh, A.T. SCAFFOLD: Stochastic controlled averaging for
federated learning. In Proceedings of the 37t International Conference on Machine Learning, Virtual, 12-18 Jul 2020; pp. 5132-
5143.

Li, T.; Sahu, A.K.; Zaheer, M.; Sanjabi, M.; Talwalkar, A.; Smith, V. Federated optimization in heterogeneous networks. In
Proceedings of the 3 Machine Learning and Systems Conference, Austin, TX, USA, 2-4 Mar 2020; pp. 429-450.

Lee, G.; Shin, Y.; Jeong, M.; Yun, S.-Y. Preservation of the global knowledge by not-true self knowledge distillation in feder-
ated learning. arXiv preprint arXiv:2106.03097, 2021.

Xiao, J.; Du, C.; Duan, Z.; Guo, W. A novel server-side aggregation strategy for federated learning in non-iid situations. In
Proceedings of the 20" International Symposium on Parallel and Distributed Computing, Cluj-Napoca, Romania, 28-30 July
2021; pp. 17-24.

Reyes, J.; Di Jorio, L.; Low-Kam, C.; Kersten-Oertel, M. Precision-weighted federated learning. arXiv preprint
arXiv:2107.09627, 2021.

Xia, Y.; Yang, D.; Li, W.; Myronenko, A.; Xu, D.; Obinata, H.; Mori, H.; An, P.; Harmon, S.; Turkbey, E.; et al. Auto-FedAvg:
Learnable federated averaging for multi-institutional medical image segmentation. arXiv preprint arXiv:2104.10195, 2021.
Yeganeh, Y.; Farshad, A.; Navab, N.; Albarqouni, S. Inverse distance aggregation for federated learning with non-iid data. In
Domain Adaptation and Representation Transfer, and Distributed and Collaborative Learning, 2020; pp. 150-159.
Kamminga, ].W.; Janflen, L.M.; Meratnia, N.; Havinga, P.].M. Horsing around — A dataset comprising horse movement. Data
2019, 4, 1-13. doi:10.3390/data4040131.

Mao, A.; Huang, E.; Gan, H.; Parkes, R.S. V; Xu, W. Cross-modality interaction network for equine activity recognition using
imbalanced multi-modal data t. Sensors, 2021, 21, 5818.

Tan, Y.,; Long, G; Liu, L.; Zhou, T.; Lu, Q.; Jiang, J.; Zhang, C. FedProto : Federated prototype learning across heterogeneous
clients. In Proceedings of the 36t AAAI Conference on Artificial Intelligence, Virtual, 22 Feb — 1 Mar 2022; p.3.

Snell, ].; Swersky, K.; Zemel, R. Prototypical networks for few-shot learning. In Proceedings of the 31t Conference on Neural
Information Processing Systems, Long Beach Convention Center, Long Beach, USA, 49 Dec 2017.
do0i:10.12783/dtetr/mcee2017/15746.

Kim, H.; Joung, S.; Kim, 1].; Sohn, K. Prototype-guided saliency feature learning for person search. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Virtual, 19-25 Jun 2021; pp. 4863-4872.
doi:10.1109/CVPR46437.2021.00483.

Andreux, M.; du Terrail, J.O.; Beguier, C.; Tramel, E.W. Siloed federated learning for multi-centric histopathology datasets.
In Domain Adaptation and Representation Transfer, and Distributed and Collaborative Learning, 2020; pp. 129-139.
doi:10.1007/978-3-030-60548-3_13.

Li, X,; Jiang, M.; Zhang, X.; Kamp, M.; Dou, Q. FedBN: Federated learning on non-iid features via local batch normalization.
In Proceedings of the 9 International Conference on Learning Representations, Virtual, 3-7 May 2021.

Maaten, L. van der; Hinton, G. Visualizing data using t-SNE. . Mach. Learn. Res. 2008, 9, 2579-2605, d0i:10.1007/s10479-011-
0841-3.

Li, T.; Sahu, A.K,; Talwalkar, A.; Smith, V. Federated learning: Challenges, methods, and future directions. IEEE Signal Process.
Mag. 2020, 37, 50-60. doi:10.1109/MSP.2020.2975749.

Li, L.; Fan, Y.,; Tse, M.; Lin, K.Y. A review of applications in federated learning. Comput. Ind. Eng. 2020, 149, 106854.
doi:10.1016/j.cie.2020.106854.

Li, Q.; He, B.; Song, D. Model-contrastive federated learning. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, Virtual, 19-25 Jun 2021; pp. 10713-10722. d0i:10.1109/cvpr46437.2021.01057.

Michieli, U.; Ozay, M. Prototype guided federated learning of visual feature representations. arXiv preprint arXiv:2105.08982,
2021.


https://doi.org/10.20944/preprints202206.0306.v1

