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ABSTRACT 
 

Wearable and contactless sensing technologies increasingly quantify animal movement, 

posture, activity, temperature, facial characteristics, vocal or respiratory events, and other 

observable signals potentially relevant to pain, lameness, stress, disease, and behavioral 

change. However, technical recognition performance, biological interpretation, external 

validation, and clinical actionability are frequently treated as if they represent the same 

evidential stage. This evidence-mapping review examined sensor modalities, species 

coverage, target outcomes, validation maturity, and clinical readiness in peer-reviewed 

veterinary and animal-health literature published from 2017 to 2026. The verified search 

identified 105 result appearances; 10 duplicate appearances were removed, leaving 95 unique 

records for screening. Forty-five reports underwent detailed eligibility assessment and 36 

evidence units were included. The map comprised 26 primary empirical studies and 10 reviews 

or broader syntheses, with primary evidence concentrated in cattle. Wearable accelerometry, 

inertial sensing, computer vision, thermal imaging, bioacoustic monitoring, and multimodal 

systems addressed behavior, lameness, pain, health alerts, disease-related signs, and related 

states, but the evidence was uneven across species and endpoints. A proposed validation-

maturity classification separates proof-of-concept and internal validation from independent-

animal, external, multisite, and prospective implementation evidence; a complementary 

proposed clinical-readiness classification separates technical measurement from decision-

support and demonstrated outcome utility. The evidence indicates that strong within-study 

classification does not by itself establish transportability, diagnosis, or clinical readiness. 

Major boundaries concern reference standards, individual-animal leakage, case-mix shift, 

environmental variability, measurement stability, and reliance on behavioral or physiological 

proxies. Future progress requires prospective multisite validation tied to clinically meaningful 

reference standards and explicit evaluation of how sensor-derived alerts alter veterinary 

decisions and outcomes. 
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Introduction 
 

Automated animal monitoring now encompasses wearable, imaging, acoustic, and algorithmic systems intended 

to recognize lameness, health change, and behavior across veterinary and production settings [1–3]. Contactless 
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computer vision has further expanded observation without requiring a device on the animal, while introducing 

environmental and deployment dependencies [4]. The central problem is therefore no longer whether sensors can 

generate discriminative signals, but what those signals establish. This review separates measurement from 

interpretation, internal performance from transportability, and detection from clinical actionability, and maps how 

technology, species, outcome, validation maturity, and readiness intersect across the contemporary evidence base. 

Rationale for evidence mapping 

The literature contains fundamentally different evidential objects: validation of a behavioral sensor, classification 

of an observable state, prediction of a disease-associated event, and evaluation of an alert against clinical 

assessment. Treating these as one performance literature obscures where evidence is concentrated and where 

translation remains incomplete. Evidence mapping was therefore used to preserve modality, species, endpoint, 

setting, reference-standard, and validation differences while allowing cross-domain comparison. The resulting 

maturity and readiness classifications are proposed analytical tools for this review rather than externally validated 

grading systems. 

Review questions 

The review addressed five linked questions. Which wearable and contactless technology classes have been 

evaluated in animals? Which species, production or clinical settings, and target outcomes dominate the evidence? 

What reference standards and validation designs were used? How far has each evidence pattern progressed from 

technical recognition toward external validation and clinically interpretable use? Finally, where do gaps remain 

in species coverage, transportability, measurement stability, biological interpretation, and implementation? These 

questions intentionally distinguish sensor-observable signals from the clinical or welfare states that investigators 

may seek to infer from them. 

Materials and Methods  

An evidence-mapping review was conducted for literature published from 2017 through 2026. Searches were 

executed on 22 August 2026 through web-indexed scholarly retrieval, with PubMed and publisher records used 

to verify article identity, bibliographic metadata, and DOI information. Eligible journals were checked for Q1 

standing in a relevant recognized category. Records were screened for peer review, date, sensor relevance, species 

and outcome compatibility, methodological interpretability, DOI availability, and inferential fit. Study-level 

charting covered technology, species, outcome, comparator or reference standard, validation setting, external-

validation status, proposed maturity class, and proposed clinical-readiness class. 

Information sources 

The search deliberately included evidence addressing technical performance and the conditions that alter field 

interpretation. Extensive livestock systems, for example, introduce connectivity, range, power, and sampling 

constraints that influence automatic monitoring feasibility [5]. Validation scholarship was included because 

precision, bias, and reproducibility are inconsistently assessed across dairy behavior-sensor studies [6]. Computer-

vision literature was also searched beyond strictly diagnostic applications because cattle imaging systems 

increasingly span behavior, production, health, and management functions while still requiring real-farm 

validation [7]. This breadth was necessary to distinguish measurement capability from practical readiness. 

Search strategy 

Six targeted retrieval clusters were used: wearable accelerometry and inertial measurement; multimodal precision-

livestock sensing; computer vision and video; infrared thermography and contactless physiological sensing; 

acoustic or audio-visual monitoring; and validation, transportability, clinical-readiness, and implementation 

evidence. Searches combined veterinary or animal terms with technology terms and the outcomes pain, lameness, 

stress, disease, health alert, and behavior. Records were consolidated by article identity and DOI before screening. 

Search terms were intentionally broad enough to capture studies measuring precursor or proxy signals while 

eligibility assessment preserved the distinction between those signals and confirmed clinical states. 

Eligibility criteria 
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Eligible evidence comprised peer-reviewed journal articles published from 2017 to 2026 in journals meeting the 

prespecified Q1 criterion, with a verifiable DOI and direct relevance to at least one mapped technology, outcome, 

validation, or implementation domain. Species, setting, measurement process, and target construct had to be 

sufficiently described to bound interpretation. Conference abstracts, dissertations, preprints, noneligible journals, 

duplicate article versions, and topic-adjacent papers without an exact evidential role were excluded. Behavioral 

or physiological proxies were retained only when their relationship to the claimed health or welfare state could be 

represented without treating the proxy as equivalent to diagnosis. 

Technology taxonomy 

Technologies were charted into wearable accelerometry, inertial measurement technologies, location or proximity 

sensing, RGB or video computer vision, thermal or infrared imaging, bioacoustic sensing, contactless 

physiological sensing, and multimodal fusion. Classification followed the primary measurement architecture 

rather than the commercial purpose of the product. Systems integrating two or more independently informative 

streams could receive a multimodal designation while preserving their component modalities. This taxonomy is 

proposed for evidence mapping; it does not imply equivalent biological meaning, performance, invasiveness, or 

clinical utility across technology classes. 

Animal and species classification 

Species was treated as an analytical boundary rather than a descriptive label. Independent-animal validation of 

equine inertial sensing showed that performance differed markedly by target behavior within the same system [8]. 

In grazing dairy cows, collar accelerometry was validated for specific behaviors under a particular production 

setting, supporting setting-bounded rather than universal interpretation [9]. A sheep accelerometry proof-of-

concept further illustrated the danger of extending technically successful behavior recognition to biological stress 

inference when the stress-validation subset was very small [10]. Species, management context, phenotype, and 

target behavior were therefore charted jointly. 

Table 1 presents species, setting, and target behavior represented in the veterinary sensing evidence map. 

Table 1. Species, setting, and target behavior represented in the veterinary sensing evidence map 

Species and 

setting 
Sensor target 

Data-generating 

conditions 

Biological  

meaning 

Clinical or 

screening role 
Transfer test 

Dairy cattle in 

managed 

housing 

Activity, 

locomotion or 

posture change 

Herd 

management, 

flooring, disease 

prevalence 

Signal may reflect 

behavior or health 

change 

Treat as screening 

or monitoring 

evidence 

Transfer limit: Farm and case-

mix dependence 

Revalidation: Recheck against 

animal examination or reference 

assessment 

Grazing dairy 

cattle 

Grazing and 

rumination 

pattern 

Pasture 

conditions, device 

placement, 

management 

Validity is behavior- 

and environment-

specific 

Use only for 

validated target 

behaviors 

Transfer limit: Intensive-

housing transfer not assumed 

Revalidation: Revalidate after 

major management change 

Stabled horses 

Recumbency, 

standing or 

weight-shifting 

behavior 

Behavior 

frequency and 

class imbalance 

Performance differs 

among behaviors 

Avoid one 

accuracy label for 

all states 

Transfer limit: Stable context 

and behavior set 

Revalidation: Reassess poorly 

recognized behaviors separately 

Sheep or lambs 

Activity or 

sickness-

associated 

behavior 

Small biological-

validation groups, 

environment 

Behavioral 

classification may 

exceed stress-state 

validation 

Interpret stress 

inference 

cautiously 

Transfer limit: Cohort and 

challenge context 

Revalidation: Require 

independent biological 

validation 

Cats in clinical 

populations 

Facial 

configuration 

associated with 

pain 

Individual 

appearance and 

clinical 

heterogeneity 

Individual variation 

may challenge 

generalization 

Use as adjunct 

rather than 

autonomous 

diagnosis 

Transfer limit: Dataset and 

patient mix 

Revalidation: Reassess in 

independent heterogeneous 

patients 

Dogs assessed 

thermally 

Ocular or facial 

thermal signal 

Acquisition 

conditions and 

measurement 

stability 

Temperature 

variation requires 

technical 

contextualization 

Confirm before 

clinical attribution 

Transfer limit: Camera, 

environment and anatomical site 

Revalidation: Repeat or 
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standardize acquisition when 

unstable 

Pigs or poultry 

under 

camera/acoustic 

monitoring 

Movement, 

posture or 

respiratory-event 

signal 

Housing, 

occlusion, 

background noise 

Observable event 

may not identify 

underlying disease 

Escalate to 

confirmatory 

assessment when 

warranted 

Transfer limit: Facility and 

endpoint specificity 

Revalidation: Revalidate after 

deployment-context shift 

Note: The interpretive and reassessment categories constitute a proposed synthesis of the mapped evidence and are not validated clinical 

scoring rules. 

Outcome classification 

Outcomes were coded according to the level of inference required. Directly observable behavior, posture, 

movement, temperature, facial configuration, or acoustic events were distinguished from composite states such as 

lameness, pain, stress, sickness, and diagnosed disease. A further distinction separated detection or classification 

from prediction and from sensor-generated alerts intended to prompt action. This hierarchy prevents a technically 

accurate proxy from being presented as a confirmed clinical state. Multi-label coding was allowed when a study 

genuinely evaluated more than one level, but the strongest inference permitted by its reference standard remained 

explicit. 

Study selection 

The verified search produced 105 result appearances. Ten duplicate article or DOI appearances were removed, 

leaving 95 unique records for title/abstract-equivalent screening. Fifty records were excluded at that stage and 45 

reports advanced to detailed eligibility assessment; none was unavailable for assessment. Nine detailed reports 

were excluded, leaving 36 included evidence units. Detailed exclusions comprised four redundant records, three 

records with outcome or unit-of-analysis mismatch, one surrogate cough record with unresolved eligibility for the 

final evidence set, and one record providing insufficient sensing-specific contribution. The numerical transitions 

reconciled exactly. 

Data charting 

Each included primary study was charted for technology class, species or population, setting, sample where 

reported, target state, comparator or reference standard, analytical method, temporal design, validation procedure, 

external-validation status, and limitations. Reviews were charted for their methodological or synthesis role rather 

than treated as primary validation units. Data not explicitly reported were retained as not reported rather than 

inferred. Particular attention was given to whether validation separated animals, herds, sites, or time periods, 

because apparent performance can change when information from the same individuals or environment influences 

both model development and evaluation [6]. 

Validation-maturity classification 

A proposed six-level maturity structure was used to prevent internal technical performance from being conflated 

with translation. V0 denotes synthesis without new validation; V1, proof-of-concept or internal validation; V2, 

independent-animal or reference-standard validation; V3, temporal, herd, site, or heterogeneous-population 

transportability testing; V4, prospective multisite field validation in realistic workflow; and V5, implementation 

or impact validation. Multi-farm camera evaluation illustrates a higher evidential state than a single internal 

dataset while remaining short of impact evidence [11]. Thermal measurement stability [12] and internally 

validated accelerometer classification [13] further show that validation concerns differ by modality. 

Clinical-readiness classification 

Clinical readiness was coded independently of validation maturity. The proposed classes are C0, exploratory 

signal or technical feasibility; C1, research-use recognition or measurement; C2, a decision-support candidate 

requiring confirmatory assessment; C3, a field-deployable adjunct embedded in a defined confirmatory workflow; 

and C4, a prospectively validated integrated system with demonstrated decision or outcome utility. Review articles 

were not assigned a primary-study readiness level. A system can therefore be technically mature for a narrow 

measurement task without being ready to diagnose disease or direct treatment. The classification is interpretive 

and does not represent a regulatory or professional accreditation scheme. 

Evidence-mapping approach 
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The final map crossed five principal dimensions: technology, species or production context, target outcome, 

validation maturity, and clinical readiness. A study could occupy more than one technology or outcome category 

when justified, but each maturity and readiness judgment was anchored to the evidence actually reported. Counts 

were generated from the study-level coding ledger rather than inferred from narrative prominence. The approach 

was designed to expose asymmetry—for example, abundant technical recognition evidence but little external 

validation—without converting heterogeneous designs into a pooled performance estimate or implying that a 

numerically larger evidence cluster is necessarily stronger. 

Results and Discussion 

Thirty-six evidence units met the eligibility criteria: 26 primary empirical studies and 10 reviews or broader 

syntheses. Among primary studies, cattle predominated, with 17 units; sheep or lambs and cats contributed two 

each, pigs two, and horses, dogs, and goats one each. Poultry was represented principally through review-level 

computer-vision evidence rather than an included primary validation study. The mapped literature spanned 

wearable, imaging, thermal, acoustic, and multimodal sensing, but distributions were uneven across species, 

outcomes, and validation depth. The most consequential result was therefore not a single performance estimate, 

but the recurrent separation between signal-recognition capability and evidence for external transportability or 

clinically actionable use. 

Table 2 presents what evidence density, behavior recognition, external testing, disease proxies, and impact studies 

each establish. 

Table 2. What evidence density, behavior recognition, external testing, disease proxies, and impact studies each 

establish 

Mapped evidence 

cluster 
Unit of evidence Generalisability dimension 

Closest legitimate 

use 
Missing validation layer 

Dense cattle 

evidence 

Multiple sensing 

approaches 

studied in cattle 

Population/system: Dairy and 

production-system concentration 

Interpretation: Strongest evidence 

density is species-specific 

Prioritize cattle-

specific conclusions 

Unresolved: Transfer to other 

species uncertain 

Needed next: Replicate in 

underrepresented species 

Successful 

behavior 

recognition 

Sensors can 

classify defined 

behaviors 

Population/system: Behavior 

frequency, setting, device 

placement 

Interpretation: Technical 

measurement evidence 

Use for validated 

behavior task 

Unresolved: Clinical meaning 

may remain indirect 

Needed next: Link to 

independent biological 

reference 

High internal 

model 

performance 

Algorithm 

separates study-

defined classes 

Population/system: Dataset 

composition and individual overlap 

Interpretation: Internal 

discrimination, not transportability 

Do not infer 

deployment 

accuracy 

Unresolved: Leakage and case-

mix shift 

Needed next: External-animal 

or external-site testing 

Multi-farm or 

heterogeneous 

testing 

Model evaluated 

across broader 

populations 

Population/system: Herd, site and 

patient heterogeneity 

Interpretation: Stronger evidence 

of transportability 

Consider as adjunct 

if reference standard 

is adequate 

Unresolved: Geographic and 

workflow limits remain 

Needed next: Prospective field 

confirmation 

Disease-

associated proxy 

or alert 

Behavior, 

temperature or 

another signal 

changes near 

disease 

Population/system: Timing, 

specificity, background prevalence 

Interpretation: Screening or 

escalation signal 

Trigger confirmatory 

assessment 

Unresolved: Signal may have 

alternative causes 

Needed next: Clinical 

adjudication 

Evidence short of 

impact validation 

Technical or 

field validity 

reported without 

outcome study 

Population/system: Workflow and 

user response 

Interpretation: Readiness remains 

conditional 

Avoid claims of 

improved health or 

welfare 

Unresolved: Action-effect 

chain untested 

Needed next: Prospective 

implementation evaluation 

Note: Response and reassessment categories are proposed interpretations derived from the evidence map; they are not validated clinical 

directives. 

Study-selection map 

The selection flow preserved a distinction between retrieval volume and the final evidence map. The 45 detailed 

reports contained studies and syntheses spanning poultry computer vision, predictive infrared thermography, and 

audio-visual cough monitoring, illustrating the breadth of technologies considered before final synthesis [14–16]. 
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Nine were excluded at detailed assessment using the prespecified inferential and eligibility boundaries, leaving 

36 mapped evidence units. Figure 1 is therefore an accounting figure rather than a conceptual model: its scientific 

role is to make every transition, exclusion stage, and final inclusion count visible without implying that selection 

volume measures evidential strength. 

Figure 1 provides the auditable pathway from search retrieval to the final technology–species evidence map while 

keeping screening exclusions separate from scientific classification. 

 
Figure 1. Arithmetic path from 105 retrieved result appearances to 36 mapped wearable and contactless 

animal-sensing evidence units 

Species distribution 

Primary empirical evidence was strongly concentrated in cattle: 17 of 26 primary studies involved cattle, whereas 

sheep or lambs and cats contributed two studies each, and pigs, horses, dogs, and goats were represented by 

smaller numbers. This distribution is scientifically important because species differences in anatomy, behavior, 

husbandry, clinical presentation, and sensor placement can alter both measurement and interpretation. Review-

level poultry evidence broadened the technological landscape but did not compensate for the scarcity of primary 
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non-cattle validation. Cross-species transfer should therefore be treated as an empirical question rather than 

assumed from shared sensor architecture. 

Wearable accelerometry 

Accelerometry provides continuous, relatively low-burden measurement of movement and behavior, but its 

strongest evidence concerns recognition of defined activity states rather than direct diagnosis. Grazing-collar 

validation demonstrates that device performance can be credible for specified behaviors within a defined 

production context [9]. Likewise, machine-learning classification from body-mounted accelerometers supports 

automated posture and behavior recognition while remaining primarily an internal measurement-validation 

problem [13]. The evidence map therefore treats accelerometer-derived activity change as an observable layer that 

may contribute to lameness, sickness, stress, or welfare assessment only when an appropriate biological or clinical 

reference establishes the additional inferential step. 

Inertial measurement technologies 

Inertial measurement units extend accelerometry by combining movement signals that can characterize posture, 

orientation, and transitions. Independent-animal testing in stabled horses demonstrated that recognition quality 

differed substantially among behaviors, with some states captured more reliably than others [8]. This variation is 

analytically important: additional sensor channels do not remove dependence on behavior frequency, placement, 

reference annotation, or species-specific movement patterns. IMU evidence should therefore be interpreted at the 

level of the validated behavior and population rather than as a general measure of animal state. 

Location and proximity sensors 

Location and proximity technologies occupy a less densely validated region of the mapped primary evidence than 

accelerometry or imaging. Wearable-sensor reviews nevertheless identify spatial sensing as part of the expanding 

animal-monitoring ecosystem [3]. Extensive production systems create particular constraints because 

communication range, connectivity, power availability, and sampling architecture may determine whether spatial 

data can be collected consistently [5]. Location therefore provides context about movement and interaction rather 

than direct proof of pain, disease, or welfare state; its clinical value depends on how spatial change is linked to 

independent biological evidence. 

Computer vision 

Computer vision spans visible lesion recognition, locomotor analysis, and automated behavioral measurement. 

Comparative algorithms have been evaluated for real-time digital-dermatitis detection, demonstrating that model 

choice matters within a defined disease-imaging task [17]. A single side-view camera has also supported 

automated cattle lameness classification under study conditions [18]. Top-view keypoint extraction can quantify 

movement features against visual mobility scores [19]. Conversely, strong internal classification of lameness from 

back-shape characteristics does not establish external farm performance or clinical utility [20]. The mapped 

evidence therefore separates image-derived measurement, classifier validation, transportability, and actionability. 

Thermal imaging 

Infrared thermography offers non-contact measurement of surface temperature patterns, but interpretation depends 

on acquisition stability and biological specificity. Repeated canine measurements show that ocular thermal 

readings can vary with technical and contextual factors [12]. In dairy cattle, thermal imaging has also been used 

with artificial intelligence to detect or anticipate digital-dermatitis-associated changes within a defined study 

setting [15]. These studies occupy different evidential positions: one addresses measurement reliability and the 

other disease-related prediction. Neither justifies a universal thermal threshold for pain, stress, inflammation, or 

disease across species or environments. 

Bioacoustic monitoring 

Bioacoustic sensing can convert vocal or respiratory events into continuously detectable signals without attaching 

hardware to the animal. Audio-visual multimodal monitoring in pigs demonstrated automated cough-event 

recognition, supporting the technical feasibility of combining acoustic and visual information [16]. The clinically 

important boundary is etiological: cough is an observable event with multiple possible causes rather than a 
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diagnosis. Acoustic systems are therefore most defensible as surveillance or escalation tools unless disease 

attribution is independently adjudicated. 

Table 3 presents acoustic respiratory-event evidence from isolated cough detection to synchronized audio–visual 

confirmation. 

Table 3. Acoustic respiratory-event evidence from isolated cough detection to synchronized audio–visual 

confirmation 

Respiratory-event 

question 
Isolated detected cough 

Recurrent cough 

pattern 

Audio–visual 

concordance 

Deployment-context 

change 

Signal actually observed Classified acoustic event 
Repeated detected 

events 

Cough plus compatible 

visual event 

Shift in acoustic 

environment 

Veterinary meaning 

permitted 
Respiratory signal only Possible health concern 

Stronger event 

verification 

Model reliability 

uncertain 

Acoustic or housing 

dependency 

Noise, overlap, 

microphone position 

Group density and 

background acoustics 

Camera visibility and 

synchronization 

Housing, equipment, 

stocking 

Escalation use Continue surveillance Escalate observation Prioritize assessment 
Withhold strong 

inference 

Confirmation boundary 
Recheck persistence and 

context 
Confirm at animal level 

Disease cause remains 

unconfirmed 

Revalidate after context 

shift 

Note: The escalation and reassessment logic is a proposed synthesis; it is not a validated clinical decision rule. 

Contactless physiological sensing 

Contactless physiological sensing is attractive where attachment is impractical or itself alters behavior, yet 

absence of physical contact does not eliminate measurement error. Thermal-eye measurements in dogs illustrate 

how acquisition stability, camera conditions, and anatomical targeting can influence recorded physiological 

signals [12]. Such measurements should therefore remain conceptually separate from the state they are intended 

to represent. A change in temperature, movement, respiration, or another remote signal becomes clinically 

interpretable only after the measurement process is sufficiently stable and alternative physiological or 

environmental explanations have been addressed. 

Pain detection 

Pain recognition demonstrates particularly clearly why validation design matters. Reviews and video-based 

studies show technical promise while identifying ground-truth, dataset, and individual-animal generalization 

constraints; in goats, performance was notably more demanding under subject-wise validation [21–23]. 

Explainable modeling in a heterogeneous population of client-owned cats provides a more clinically realistic test 

of facial-pain recognition than narrowly homogeneous datasets, but it still does not establish prospective clinical 

benefit [24]. The evidence therefore supports pain-recognition assistance as an investigational measurement 

problem rather than an autonomous diagnostic replacement for veterinary assessment. 

Lameness detection 

Lameness has one of the broadest technology portfolios in the mapped literature, including camera, locomotor-

feature, and wearable approaches. Reviews emphasize continuing heterogeneity in reference standards [1]. Multi-

farm camera evaluation moves beyond purely internal model development but remains distinct from intervention-

effect evidence [11]. Single-camera classification [18], keypoint-derived mobility measurement [19], and back-

shape analysis [20] illustrate complementary visual strategies. Crucially, locomotion scoring, automated 

classification, and identification of underlying painful foot pathology are different endpoints. Clinical 

interpretation should retain that distinction rather than equating a mobility signal with lesion diagnosis. 

Stress detection 

Stress was less directly validated than observable behavior. Sheep accelerometry showed that behaviors could be 

classified while the biological stress component rested on a very small validation subset [10]. Contactless thermal 

measurement likewise introduces acquisition and physiological variability that must be resolved before 

temperature changes are attributed specifically to stress [12]. Accordingly, the evidence map treats stress as a 
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higher-inference state than movement, posture, or temperature itself. Robust stress detection would require 

independent biological or behavioral reference standards capable of separating stress responses from disease, 

exertion, handling, environment, and normal individual variation. 

Disease detection 

Disease-related sensing ranged from lesion imaging to symptom-event recognition. Infrared thermography has 

been investigated for early digital-dermatitis-associated changes [15], while computer-vision algorithms have 

been compared for direct visual detection of digital dermatitis [17]. Audio-visual systems can detect cough events 

[16], but such events remain nonspecific unless linked to an appropriate diagnostic reference. These examples 

support a layered interpretation: sensors may identify lesions, physiological deviations, or disease-associated 

behaviors, yet the inferential distance between measured signal and confirmed disease differs materially across 

tasks and should remain explicit. 

Behavioral monitoring 

Wearable behavioral monitoring constitutes a comparatively mature technical application, although biological 

interpretation remains contextual. Ear-tag accelerometry demonstrates that cattle activity patterns vary with 

management and environmental conditions [25]. Grazing lamb studies show that sickness can generate detectable 

behavioral changes without making those changes etiologically unique [26]. Deep-learning models can classify 

defined dairy-cow behaviors from accelerometer data [27]. Sensor-generated rumination alerts around parturition 

have also been evaluated against standardized clinical monitoring [28]. Together, these studies support continuous 

observation while reinforcing the distinction between recognized behavior, health alert, and confirmed clinical 

condition. 

Validation maturity 

Across modalities, maturity was constrained less by the existence of algorithms than by the independence and 

realism of validation. Reviews identify inconsistent attention to precision, bias, and reproducibility [6]. Subject-

wise pain validation shows how performance can weaken when the test animal is genuinely independent of 

development data [23]. Multi-farm camera evaluation provides stronger ecological evidence than internal 

validation while remaining short of prospective impact assessment [11]. The proposed V0–V5 structure therefore 

treats independent animals, temporal separation, external sites, realistic workflow, and outcome evaluation as 

progressively different evidential questions rather than a single accuracy continuum. 

Table 4 presents validation layers from internal discrimination to sensor-guided outcome impact. 

Table 4. Validation layers from internal discrimination to sensor-guided outcome impact 

Validation 

layer 

Population separation 

achieved 

Strongest 

sensor claim 

Remaining transport or workflow 

threat 
Deployment role 

V1 internal 
Within-dataset 

discrimination 

Technical 

feasibility 

Threat: Leakage, imbalance 

Next boundary: Independent-animal test 
Research use 

V2 

independent-

animal 

Performance on separated 

animals/reference data 

Individual-level 

validity 

Threat: Reference quality 

Next boundary: External site or time 

Candidate decision 

support 

V3 

transportability 

Herd, site, temporal, or 

heterogeneous testing 

Broader 

generalizability 

evidence 

Threat: Case mix, management 

Next boundary: Prospective workflow 

test 

Conditional field use 

V4 prospective 

field 

Realistic multisite 

workflow validation 
Field validity 

Threat: User response, prevalence 

Next boundary: Outcome evaluation 

Defined adjunctive 

use 

V5 impact 

Sensor-guided action 

linked to meaningful 

outcomes 

Implementation 

utility 

Threat: Workflow and intervention 

fidelity 

Next boundary: Ongoing surveillance 

Strongest readiness 

claim 

Note: V1–V5 constitute the proposed review classification and are not regulatory categories. 

Clinical-readiness distribution 

The evidence map places most primary systems below the level required to demonstrate clinical outcome utility. 

Some technologies have progressed from technical recognition toward external or field validation, but many 



 

 

 
177 

remain best understood as research measurements or decision-support candidates. Health-alert evaluation against 

standardized clinical monitoring demonstrates the importance of preserving a confirmatory step between sensor 

output and clinical interpretation [28]. Clinical readiness therefore depends not only on discrimination 

performance but also on reference-standard quality, transportability, alert consequences, workflow integration, 

and evidence that users can act on outputs without introducing unacceptable error. 

Evidence gaps 

Four gaps dominate the map. First, primary evidence is heavily concentrated in cattle, limiting cross-species 

inference. Second, lameness reviews continue to identify reference-standard and pathology-linkage weaknesses 

[1]. Third, poultry computer-vision synthesis highlights continuing challenges in real-farm generalization despite 

growing technical capability [14]. Fourth, pain-recognition literature remains constrained by ground truth and 

heterogeneous individual expression [21]. Across these domains, the largest missing step is often not another 

internally optimized classifier but independent, multisite validation connecting measurable signals to clinically 

meaningful and explicitly adjudicated animal states. 

Figure 2 condenses these gaps into a layered evidence architecture showing where a sensor signal can legitimately 

support interpretation and where additional validation or reassessment is required. 

 
Figure 2. Evidence discontinuities that separate animal-sensor signals from defensible veterinary action 

The evidence map indicates that generalization is a distinct scientific problem rather than an automatic 

consequence of good internal performance: lameness-model precision declined when evaluation expanded to a 

broader deployment population [29]. Multimodal thermal and behavioral information can provide complementary 

disease-related signals, as illustrated in bovine respiratory-disease assessment [30]. Controlled-environment pig 

vision studies demonstrate technical capability while leaving environmental transfer uncertain [31]. Pain-

recognition research similarly remains dependent on species-specific expression, labeling, and reference standards 

[32]. Together, these findings support validation architectures that test where models fail, not only where they 

discriminate successfully. 

Translational barriers 
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Translation is constrained simultaneously by infrastructure, environment, workflow, and population shift. 

Extensive systems may limit communication range, power, and data continuity [5]. Computer-vision deployment 

introduces lighting, occlusion, data-integration, and real-time operational requirements [7]. Even after technical 

deployment, broader farm populations can alter model performance [29]. These barriers operate at different levels 

and should not be collapsed into a single “implementation” problem. A system may be technically reliable yet 

operationally fragile, externally valid yet clinically ambiguous, or clinically informative while still lacking 

evidence that its use improves an outcome. 

Minimum validation requirements 

The review therefore proposes a minimum sequence before strong readiness claims: clearly define the target 

construct; use an appropriate independent reference standard; separate animals during validation when individual 

identity can leak information; test temporal or site transportability; and prospectively evaluate performance within 

intended workflow. Existing validation reviews support stronger attention to precision, bias, and reproducibility 

[6]. Subject-wise pain testing demonstrates why independent-animal evaluation matters [23]. Broader-population 

lameness testing shows why external deployment can reveal performance loss [29]. These requirements are 

proposed evidential safeguards, not regulatory standards. 

Research priorities 

Research should move from repeated demonstrations of internal classification toward questions that determine 

veterinary usefulness. Priority areas include pathology-grounded lameness reference standards, prospective non-

cattle validation, heterogeneous clinical pain datasets, and real-farm computer-vision replication. Lameness 

synthesis identifies persistent reference-standard limitations [1]. Poultry computer-vision evidence emphasizes 

the need for generalization beyond controlled or study-specific environments [14]. Pain-recognition literature 

likewise requires stronger ground truth and external testing [21]. Future studies should also document false-alert 

consequences, clinician responses, animal-level escalation pathways, and whether sensor-guided decisions 

improve outcomes compared with existing assessment. 

Limitations 

The map itself inherits limitations from its evidence base. Six-farm longitudinal accelerometer research improves 

ecological relevance but remains geographically and production-system bounded [33]. Metritis prediction 

demonstrates that preprocessing choices and model selection can materially change results [34]. Sensor-based 

welfare work shows weaker performance when models encounter unseen herds and cautions against stand-alone 

interpretation [35]. Feeding-behavior classification illustrates a broader scope limitation: accurate recognition of 

one behavior does not validate disease, pain, stress, or welfare inference [36]. The search was targeted rather than 

a native export from every subscription bibliographic database, so completeness beyond the executed retrieval 

scope cannot be assumed. 

Conclusion 

Wearable and contactless technologies can measure increasingly diverse animal signals, but signal recognition, 

biological interpretation, external validation, and clinical actionability remain distinct evidential stages. The 

proposed maturity and readiness classifications make those boundaries explicit. Current evidence supports 

substantial measurement and decision-support potential, especially in cattle, while multisite validation, stronger 

reference standards, cross-species testing, and prospective evaluation of sensor-guided decisions remain necessary 

before stronger claims of clinical or welfare benefit. 
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