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Abstract

Ruminal acidosis is a prevalent metabolic disorder in dairy
cattle causing significant economic losses and animal wel-
fare concerns. Current diagnostic methods rely on invasive
pH measurement, limiting scalability for continuous moni-
toring. We present FUME (Fused Unified Multi-gas Emis-
sion Network), the first deep learning approach for rumen
acidosis detection from dual-gas optical imaging under in
vitro conditions. Our method leverages complementary car-
bon dioxide (CO2) and methane (CHy4) emission patterns
captured by infrared cameras to classify rumen health into
Healthy, Transitional, and Acidotic states. FUME employs
a lightweight dual-stream architecture with weight-shared
encoders, modality-specific self-attention, and channel at-
tention fusion, jointly optimizing gas plume segmentation
and classification of dairy cattle health. We introduce the
first dual-gas Optical Gas Imaging (OGI) dataset compris-
ing 8,967 annotated frames across six pH levels with pixel-
level segmentation masks. Experiments demonstrate that
FUME achieves 80.99% mloU and 98.82% classification
accuracy while using only 1.28M parameters and 1.97G
MACs—outperforming state-of-the-art methods in segmen-
tation quality with 10x lower computational cost. Ab-
lation studies reveal that CO+ provides the primary dis-
criminative signal and dual-task learning is essential for
optimal performance. Our work establishes the feasi-
bility of gas emission-based livestock health monitoring,
paving the way for practical, in vitro acidosis detection sys-
tems. Codes are available at https://github.com/
taminulislam/fume.

1. Introduction

Ruminal acidosis represents one of the most economically
significant metabolic disorders in modern dairy and beef
cattle production, affecting an estimated 19-26% of dairy
cows in intensive farming systems worldwide [28, 39]. This
condition, characterized by abnormally low rumen pH (typ-
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ically below 5.8), results from the accumulation of volatile
fatty acids, lactic acid in particular, during rapid fermen-
tation of high-concentrate diets. The consequences extend
beyond immediate digestive dysfunction: chronic acidosis
leads to reduced feed intake, decreased milk production
(losses of 1-3 kg/day), laminitis, liver abscesses, systemic
inflammation, and in severe cases, mortality [26]. Subacute
ruminal acidosis costs the North American dairy industry an
estimated $500 million to $1 billion annually, with per-cow
losses of approximately $400—475 per lactation [7], figures
that likely underestimate current losses given inflation and
increased production intensity [38].

Early detection of acidosis is critical for timely interven-
tion and prevention of irreversible health damage. However,
current diagnostic methods present significant practical lim-
itations. The gold standard—direct rumen pH measurement
via rumenocentesis or indwelling bolus sensors—is inva-
sive, expensive, requires veterinary intervention, and causes
animal stress [10]. Indirect indicators such as milk compo-
sition, fecal pH, and behavioral monitoring lack the sensi-
tivity and specificity required for reliable early-stage detec-
tion [4]. Consequently, acidosis often remains undiagnosed
until clinical signs become apparent, by which point sub-
stantial metabolic damage has already occurred. The agri-
cultural industry urgently needs real-time and cost-effective
tools for continuous rumen health monitoring at scale.

Rumen fermentation produces two primary gaseous
products: carbon dioxide (CO,) and methane (CH,4), whose
production rates and relative proportions are directly influ-
enced by rumen pH and microbial activity [15]. Under
acidotic conditions, methanogenic archaea activity is sup-
pressed, reducing CH4 production, while CO, generation
from acidic fermentation pathways increases [23]. These
characteristic gas emission patterns, captured by infrared
optical gas imaging (OGI) cameras, encode valuable in-
formation about underlying rumen health status. However,
translating raw thermal imagery into actionable health di-
agnostics requires sophisticated pattern recognition beyond
human visual interpretation—a challenge ideally suited to
deep learning.
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Figure 1. Efficiency vs. segmentation quality trade-off across all
compared methods including OGI-specific baselines. The upper-
left region represents optimal performance (high mloU, low com-
putational cost). FUME achieves the best trade-off, delivering
state-of-the-art segmentation quality while requiring significantly
fewer MACs than competing methods.

Before deploying gas emission monitoring systems in
complex farm environments with variable conditions, free-
moving animals, and multiple confounding factors, it is es-
sential to first validate the fundamental feasibility of pH pre-
diction from gas signatures under controlled conditions. In
vitro fermentation systems, such as the ANKOM RF Gas
Production System [6], provide precisely regulated pH envi-
ronments with continuous gas monitoring, enabling the es-
tablishment of ground-truth relationships between pH lev-
els and observable gas emission patterns. This controlled
validation is critical for several reasons: in vitro systems
eliminate confounding variables present in live animals—
diet variation, individual metabolic differences, stress re-
sponses, and environmental fluctuations—allowing isola-
tion of the pH-gas emission relationship. They also enable
systematic collection of data across the full pH spectrum,
including severe acidotic states (pH < 5.0) that would be
unethical to induce in live animals. Furthermore, they pro-
vide the labeled training data necessary for supervised deep
learning, as ground-truth pH measurements can be precisely
controlled and verified.

In this paper, we present the first deep learning approach
for rumen acidosis detection from dual-gas optical imag-
ing under controlled laboratory conditions. Our method
leverages the complementary information encoded in simul-
taneous CO, and CHy4 emissions to predict rumen health
status across three clinically relevant categories: Healthy,
Transitional, and Acidotic. We formulate this as a multi-
task learning problem, jointly optimizing pixel-level gas
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plume segmentation and image-level livestock health clas-
sification. The segmentation task forces the model to learn
spatially precise representations of gas distributions, which
in turn improves classification by focusing on emission-
specific features rather than irrelevant background or equip-
ment artifacts. Our dual-stream architecture processes CO,
and CHy channels independently before fusing them via
channel attention, enabling the model to learn gas-specific
patterns as well as their interactions. As illustrated in
Fig. 1, FUME achieves the best accuracy-efficiency trade-
off among all compared methods, occupying the optimal
upper-left region with highest segmentation quality at min-
imal computational cost.

The main contributions of this work are twofold: (1) we
introduce the first dual-gas OGI dataset for rumen health
assessment, comprising 8,967 annotated frame pairs (CO,
and CHy4) across six pH levels (Table 2), with pixel-level
segmentation masks and image-level health labels—a novel
resource for the agricultural computer vision community;
and (2) we propose a dual-stream multi-task deep learning
architecture that jointly performs gas plume segmentation
and health classification, establishing the feasibility of ru-
men pH inference from gas emission patterns under in vitro
conditions and paving the way for practical, scalable live-
stock health monitoring systems.

2. Related Work

Our work intersects three research areas: gas detection and
environmental monitoring, multi-modal fusion and multi-
task learning for vision tasks, and agricultural computer vi-
sion. We review recent advances in each domain and posi-
tion our contributions relative to the state-of-the-art.

Gas Detection and Environmental Monitoring. Recent
work has addressed gas plume segmentation in OGI do-
mains. Gasformer [32] proposes lightweight transformer
hybrids for CH4 detection with attention to boundary qual-
ity. GasTwinFormer [35] combines segmentation with clas-
sification in multi-task OGI. CarboFormer [14] addresses
COq plume segmentation. Other progress includes methane
leak detection [22], wildfire smoke detection [40], and at-
mospheric pollutant estimation [34]. While these meth-
ods target single-gas industrial scenarios, FUME addresses
dual-gas fusion for metabolic state inference—a fundamen-
tally different problem requiring cross-modal reasoning for
health assessment rather than binary presence detection.
Multi-Modal Fusion and Multi-Task Learning. Multi-
modal fusion has proven effective for tasks requiring com-
plementary information sources across diverse vision ap-
plications. Cross-modal attention mechanisms for RGB-
thermal fusion in semantic segmentation demonstrate that
learned attention outperforms fixed fusion rules [9]—a prin-
ciple we adopt for CO,-CHy4 fusion. Hierarchical fusion
approaches for RGB-D salient object detection show that
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Figure 2. FUME Architecture. Our dual-stream network processes paired CO2 and CH,4 thermal images through a weight-shared Fast-
SCNN encoder with depthwise separable convolutions. The Learning-to-Downsample module reduces spatial resolution to % X %, while
the Global Feature Extractor with Pyramid Pooling Module captures multi-scale context at % X % Modality-specific self-attention
modules refine each stream before channel attention fusion combines the representations. The fused features feed dual segmentation
decoders and a classification head.

multi-scale aggregation improves robustness to modality- itoring systems [16]. In crop and weed monitoring, re-
specific artifacts [2], while dual-stream architectures for searchers have developed precision agriculture systems us-
multi-modal tumor segmentation validate the effectiveness ing multi-spectral imagery for disease detection [25] and
of parallel encoders with late fusion for heterogeneous weed segmentation with hierarchical vision transformers
inputs [12]. Adaptive fusion networks that dynamically [13, 33]. While attention mechanisms have revolutionized
weight modality contributions based on input quality [3] computer vision through cross-modal learning [18] and im-
and comparisons of feature-level versus decision-level fu- proved transformer architectures for dense prediction [36],
sion [41] provide insights that inform our fusion module de- their data requirements make them less suitable for limited
sign. Concurrently, multi-task learning (MTL) has emerged annotated data—motivating our CNN-based approach with
as a powerful paradigm for leveraging task synergies, with targeted attention modules. Critically, all existing agricul-
end-to-end MTL frameworks for autonomous driving [42], tural vision methods observe external animal characteristics
task-balanced learning strategies addressing conflicting gra- and cannot directly assess internal metabolic states such as
dients [21], joint segmentation and classification of medi- rumen pH.
cal lesions demonstrating complementary supervision sig-
nals [19], multi-task attention networks for scene under- Research Gap. Despite significant advances in gas de-
standing [43], and efficient MTL architectures for resource- tection, multi-modal fusion, and agricultural computer vi-
constrained deployment [31]. Despite these advances, exist- sion, a critical gap remains: no existing work has explored
ing fusion and MTL approaches target RGB, depth, or ther- the use of gas emission imaging for livestock health as-
mal modalities rather than multi-gas emissions with distinct sessment. Industrial gas detection systems focus on binary
physical meanings, leaving the domain of gas-based health presence detection rather than physiological state inference.
inference unexplored. Agricultural vision systems monitor external observations
but cannot assess internal metabolic conditions. Our work
Agricultural Computer Vision. Computer vision for live- bridges this gap by combining dual-gas fusion with multi-
stock monitoring has focused primarily on external obser- task learning specifically for rumen health monitoring un-
vations, including deep learning for behavior recognition der in vitro conditions, demonstrating that CO, and CHy
[46], automated body condition scoring [1], lameness detec- emission patterns captured through OGI technology encode
tion from gait analysis [20], and vision-based health mon- sufficient information to distinguish healthy, transitional,
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Table 1. Quantitative comparison with state-of-the-art methods. t indicates best performance. For HD95, ASD, and Latency, lower is

better.
Model ‘ Classification ‘ Segmentation ‘ Boundary ‘ Efficiency
|  Acc(%) | mloU(%) Dice(%) | HD95 (px) ASD (px) | Params (M) MACs(G) Latency (ms)  FPS

BiSeNetV2 [44] 99,04 75.91 85.85 72.13 20.89 277 21.01 3.54 282.49
ENet [27] 97.86 46.67 54.13 101.16 34.24 0.26 3.18 271 369.00
DDRNetSlim [11] 94.98 56.97 70.55 140.50 46.13 3.39 16.66 1.66' 602.411
ESPNetV2 [24] 90.81 51.88 58.00 92.32 26.55 222 18.39 2.58 387.60
DANet [8] 48.50 47.23 54.49 103.85 34.65 1.43 5.92 2.99 334.45
RTFNet [30] 46.47 48.56 55.55 107.90 33.22 35.01 50.28 3.88 25773
MTINet [37] 46.37 44.53 52.27 113.11 39.20 1.80 3.32 3.18 314.47
CMX [45] 33.65 26.69 29.64 187.34 61.28 4.41 13.18 1.98 505.05
Gasformer [32] 89.56 62.09 74.31 42.51 10.56 3.65 5.11 5.63 177.50
GasTwinFormer [35] 86.27 47.80 55.77 47.77 14.18 3.35 451 6.32 158.20
CarboFormer [14] 87.92 54.95 65.04 41.14 10.37 3.81 3.09 9.31 107.40
FUME (Ours) | 98.82 | 80.99 89.23" | 46.587 14.007 | 1.28 1.97 3.06 326.80

and acidotic states—establishing proof-of-concept for gas-
based metabolic assessment. Specifically, we address the
efficiency limitations of existing multi-modal fusion ap-
proaches by proposing channel attention fusion instead of
computationally expensive cross-modal attention, achiev-
ing state-of-the-art segmentation quality with significantly
reduced computational cost suitable for real-time edge de-
ployment.

3. Method

We present FUME (Fused Unified Multi-gas Emission Net-
work), a lightweight dual-stream architecture for acidosis
detection from paired CO5 and CH, thermal emissions.
While individual components (Fast-SCNN, self-attention,
channel attention) are established, our key contributions
are: (1) novel problem formulation—first to demonstrate
that dual-gas emission patterns encode metabolic state, en-
abling non-invasive health inference; (2) physiologically-
motivated fusion—channel attention over cross-attention
based on our finding that CO, and CHy4 lack pixel-wise cor-
respondence but exhibit correlated aggregate statistics; and
(3) multi-task synergy—joint segmentation and classifica-
tion where spatial precision improves classification focus.

3.1. Problem Formulation

Given paired thermal imaging frames Xco,, Xch, €
RIXHXW capturing CO, and CH,4 gas emissions, our ob-
jective is to jointly predict: (i) pixel-wise segmentation
masks Mco,, Mcu, € {0,1,2}7>W identifying back-
ground, tube, and gas emission regions, and (ii) a global
classification label y € {Healthy, Transitional, Acidotic}
indicating the metabolic acidosis state. The fundamental
challenge lies in the cross-modal semantic gap: while
CO, and CH4 concentrations are physiologically corre-
lated, their spatial distributions differ substantially. We
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propose a solution that captures inter-modal dependencies
through efficient channel-wise attention while preserving
intra-modal spatial structure via self-attention.

3.2. Architecture Overview

FUME comprises four components: (1) a weight-shared
Fast-SCNN [29] encoder, (2) modality-specific self-
attention modules, (3) a channel attention fusion mecha-
nism, and (4) dual-task decoders. Fig. 2 illustrates the ar-
chitecture. The forward pass is:

FinV F?n = ga(Xm)V

F" = SelfAt,,(F!) (1)

2)

where F! € RE4X €% and Fi ¢ R128%37%37 denote
low-level and high-level features respectively.

Fiuse — Channel Attn( [Fgm? ﬁ‘glh])

3.3. Dual-Stream Encoder and Fusion

Shared Encoder. A critical design decision is weight shar-
ing between CO- and CH4 encoder streams. This is mo-
tivated by two observations: (i) both thermal modalities
share common low-level visual primitives (edges, textures,
intensity gradients) that benefit from joint representation
learning, and (ii) weight sharing reduces encoder parame-
ters by 50%, enabling deployment on resource-constrained
devices. We adopt Fast-SCNN [29] as our backbone, which
employs a learning-to-downsample module achieving 8x
downsampling through depthwise separable convolutions:

F! = DSConve,(DSConvyg(Convsy(X)))  (3)
The computational efficiency of depthwise separable con-
volutions provides approximately 8x reduction compared
to standard convolutions. The global feature extractor ap-
plies inverted residual blocks with expansion ratio 6 across



Table 2. Dataset distribution across pH levels, health classes, and
splits.

Train  Val Test

pH Class Total CO2 CHy 10%) (15%) (15%)
6.5 Healthy 1,008 693 315 706 151 151
6.2  Healthy 1,050 721 329 735 158 157
5.9 Transitional 945 651 294 662 142 141
5.6  Acidotic 3,087 2,121 966 2,161 463 463
5.3 Acidotic 1,512 1,039 473 1,058 227 227
5.0 Acidotic 1,365 938 427 955 205 205

Total 8,967 6,163 2,804 6,277 1,346 1,344

three bottleneck stages, progressively extracting semantic
features at % and 3% resolution. A Pyramid Pooling Mod-
ule aggregates multi-scale context through adaptive pooling
at scales {1,2,3,6}, enabling the network to capture both
local gas emission patterns and global distribution charac-
teristics.

Self-Attention. At the deepest feature level (% X %), we
apply self-attention independently to each modality stream.
This addresses a fundamental limitation of convolutional
encoders: while convolutions excel at capturing local pat-
terns, gas emission analysis requires modeling long-range
spatial dependencies—a diffuse gas plume may span the
entire field of view, and its shape provides diagnostic in-
formation that local receptive fields cannot capture:

7n:[<—r -
A, = softmax <Qm> , B =F 44, VAL

en
“4)

where 7, is a learnable scalar initialized to zero for train-
ing stability. Critically, we apply self-attention separately
to each modality rather than cross-modal attention. This
decision is grounded in our empirical finding that CO5 and
CH, emissions, while correlated in aggregate statistics, do
not exhibit pixel-wise spatial correspondence—their rela-
tionship is better captured through channel-wise statistics.
Channel Attention Fusion. After self-attention refine-
ment, we concatenate modality-specific features and apply
channel attention to model inter-gas dependencies. Un-
like spatial cross-attention which asks “which CO; loca-
tions correspond to which CHy locations,” channel atten-
tion asks “which feature channels from CO5 should be com-
bined with which channels from CH,”—a more appropriate
inductive bias for our task:

z = GAP([F¢o,; Fty,]), W =0(Ws-ReLU(W - z))
®)

F™ = Convyys([Fo,; Fén,] © w)

(6)

where W1, W5 form a bottleneck MLP with reduction ra-
tio 16. Global average pooling aggregates statistics over the
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Table 3. Per-class F1 scores (%) and balanced accuracy.

Model | Healthy Trans. Acidotic | MacroF1 Bal. Acc
BiSeNetV2 [44] 99.04 94.59 99.32 97.65 99.24
ENet [27] 97.91 80.46 99.14 92.50 98.32
DDRNetSlim [11] 93.96 69.31 97.75 87.01 96.01
ESPNetV2 [24] 87.80 81.97 93.18 87.65 85.71
DANet [8] 55.90 75.61 33.99 55.17 68.41
RTFNet [30] 55.70 0.87 33.99 29.90 40.16
MTINet [37] 55.65 1.12 33.76 29.80 40.10
CMX [45] 50.36 1.23 1.45 16.79 33.33
Gasformer [32] 88.00 82.50 88.00 86.16 89.56
GasTwinFormer [35] 86.00 79.00 87.00 83.98 86.27
CarboFormer [14] 87.00 81.00 87.20 85.07 87.92
FUME (Ours) ‘ 98.72 94.59 99.15 ‘ 97.49 99.03

entire spatial extent, enabling the network to learn corre-
lations like “high mean CO; intensity combined with low
CH, variance indicates acidotic state.”

3.4. Dual-Task Decoding and Training

Segmentation. Separate decoding heads for COs and CHy
employ Feature Fusion Modules combining high-level fea-
tures with low-level encoder features via skip connections:

S, = Classifier(FFM(F.  F" )) 7)

The classifier consists of depthwise separable convolutions
followed by a 1 x 1 projection to K = 3 classes.
Classification. Global pH state prediction aggregates Fus
via adaptive average pooling through a two-layer MLP with
dropout.
Training Objective. We jointly optimize through multi-
task loss:

L=L2+ L + AL,

seg seg

®)

where each L, combines Focal loss and Dice loss (0.5 -
Liocal + 0.5 - Lgice) to handle class imbalance and boundary
precision, L is Focal loss with class weights, and A =
0.5. Self-attention uses single-head with dj, = C/8 = 16
and learnable +y initialized to zero; channel attention uses
reduction ratio 16. FUME achieves 1.28M parameters and
1.97G MAGC:s as seen in Fig. | through weight sharing and
efficient fusion.

4. Experiments

4.1. Dataset

Rumen fluid was collected from fistulated cattle following
protocols, and fermentation substrates were prepared using
standard in vitro rumen fermentation procedures with the
ANKOM [5]. Samples were maintained at six controlled
pH levels (6.5, 6.2, 5.9, 5.6, 5.3, and 5.0), representing the
spectrum from severe acidosis to healthy rumen conditions.
We captured gas emissions using two specialized FLIR OGI
cameras: the FLIR GF343 for CO5 detection (4.2-4.4 yum
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Figure 3. Comparison with state-of-the-art methods. (A) Mean IoU comparison showing FUME substantially outperforms both general
segmentation baselines and OGI-specific methods (Gasformer, GasTwinFormer, CarboFormer). (B) Per-class F1 radar chart demonstrating
balanced classification performance across Healthy, Transitional, and Acidotic classes, where FUME maintains consistent high perfor-
mance while several baselines exhibit severe degradation on challenging classes.

mid-wave infrared) [14], and the FLIR GF320 for CH, de-
tection (3.2-3.4 pum) [35]. Both cameras were co-located
at 20 cm from the gas source, recording simultaneously
at 256256 resolution; frames are bilinearly upsampled to
512x512 for training.

We map pH levels to three clinically relevant health
classes based on established rumen physiology [28]:
Healthy (pH > 6.0), Transitional (5.8 < pH < 6.0), and
Acidotic (pH < 5.8). Since gas emissions are intermittent,
we extracted only frames containing visible gas plumes and
applied data augmentation. Each frame was manually an-
notated with pixel-level masks (K=3 classes: background,
tube, gas), with gas plumes occupying only 5.3% of pixels.
Table 2 shows the dataset distribution with stratified 70-15-
15 splits; data was partitioned by pH level to prevent tem-
poral leakage. Additionally, frames from the same fermen-
tation session were kept within a single split to ensure inde-
pendence between training and evaluation sets. The unequal
CO; vs CH4 counts reflect physiological differences: CH,
emissions are less visible at acidotic pH. Unpaired samples
use zero-padding with a modality mask indicating available
inputs.

4.2. Baseline Models and Implementation Details

We compare FUME against state-of-the-art efficient
segmentation architectures including BiSeNetV2 [44],
ENet [27], DDRNetSlim [1 1], ESPNetV2 [24], DANet [8],
RTFNet [30], MTINet [37], CMX [45], and OGI-specific
methods: Gasformer [32], GasTwinFormer [35], and Car-
boFormer [14]. Single-stream baselines receive 2-channel
concatenated inputs (CO2+CHy); multimodal and OGI
baselines use dual-stream configuration matching FUME.
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All models are implemented in PyTorch and trained on
NVIDIA A6000 GPU using AdamW optimizer (Ir=0.001),
batch size 16, 20 epochs with cosine annealing. Data aug-
mentation includes random flipping, rotation (+15°), and
color jittering. Latency is measured with batch size 1, FP32
precision, CUDA synchronized timing (100 warmup + 1000
iterations), cudnn.benchmark=True. mloU is com-
puted per-modality across 3 classes and averaged over COq
and CH, heads.

4.3. Evaluation Metrics

Classification: Accuracy and per-class F1 scores (Macro
F1 averaged across classes).

Segmentation: Mean IoU and Dice coefficient, where
IoU = |[PNG|/|PUG]| and P, G denote predicted and
ground-truth masks.

Boundary Quality: Hausdorff Distance 95 percentile
(HD95) [17] and Average Surface Distance (ASD) [17];
lower values indicate better boundary delineation.
Efficiency: Parameters (M), MACs (G), FPS, and GPU la-
tency (ms).

5. Results
5.1. Comparison with State-of-the-Art Methods

Table 1 presents comprehensive quantitative comparisons
including OGI-specific methods. FUME achieves the
best segmentation quality with 80.99% mloU, outperform-
ing both general segmentation baselines and OGI-specific
methods: Gasformer [32] (62.09%), CarboFormer [14]
(54.95%), and GasTwinFormer [35] (47.80%). FUME also
achieves the best boundary metrics (HD95: 46.58, ASD:
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Figure 4. Qualitative segmentation results across Acidotic, Transitional, and Healthy classes for both CO2 and CH4 modalities. FUME
achieves precise boundary delineation of gas plumes with predictions closely matching ground truth annotations, demonstrating robustness

to varying plume morphologies and emission intensities.

14.00) and high classification accuracy (98.82%), substan-
tially higher than OGI methods (86-90%), while using
fewer parameters (1.28M vs 3.3-3.8M) and lowest MACs
(1.97G). At 326.80 FPS, FUME is 1.8-3x faster than OGI
baselines, making it suitable for real-time edge deployment.

Fig. 3 provides visual comparison. The bar chart (A) il-
lustrates the mIoU gap between methods, showing FUME
achieves 80.99% while others fall short by 5.08-54.30 pp.
The radar chart (B) compares per-class F1 scores across
all methods, demonstrating FUME’s balanced performance
across Healthy, Transitional, and Acidotic classes, while
several baselines exhibit severe degradation on challenging
classes. Detailed per-class metrics in Table 3 show FUME
achieves 97.49% macro F1 and 99.03% balanced accuracy,
with the highest Acidotic class F1 (99.15%), critical for aci-
dosis detection.

5.2. Efficiency Analysis

Fig. | visualizes the efficiency-quality trade-off. FUME oc-
cupies the optimal upper-left region (highest mloU, mini-
mal MACs). OGlI-specific methods (Gasformer [32], Car-
boFormer [14], GasTwinFormer [35]) cluster in the mid-
range with 3-5G MACs and 47-62% mloU, demonstrat-
ing that single-gas architectures struggle with dual-modality
fusion. BiSeNetV2 [44] achieves good mloU but requires
10x more computation. FUME uniquely achieves state-of-
the-art segmentation at 326.80 FPS with lowest computa-
tional cost.

5.3. Ablation Studies

To validate our architectural design choices, we conduct
systematic ablation studies. Table 4 and Fig. 5 present the
results of removing or modifying key components.

Effect of Attention Mechanisms. A counter-intuitive
finding is that adding attention mechanisms—whether full
cross-modal attention or self-attention only—degrades seg-
mentation quality (—1.68 pp and —0.63 pp mloU re-
spectively) while significantly increasing inference latency
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Table 4. Ablation study results. A denotes change relative to

FUME.

Variant | Acc (%) mloU (%) Dice(%) Latency | A mloU
+ Full Cross-Modal Attn | 99.25 79.31 88.15 4.55 —1.68
+ Self-Attention Only 98.82 80.36 88.81 3.55 —0.63
w/o CH4 (CO Only) 98.61 80.52 88.92 1.78 —0.47
w/o CO3 (CHy4 Only) 48.29 - - 1.81 -
Classification Only 97.86 - - 3.23 -
Segmentation Only 33.65 71.21 82.67 2.95 —9.78
FUME (Proposed) | 98.82 80.99 89.23 306 | -

(+48% and +16%). This challenges the common assump-
tion that attention always benefits multi-modal fusion. We
hypothesize that for tasks where modalities lack pixel-wise
spatial correspondence, direct feature concatenation may
provide sufficient alignment; however, this finding may be
sensitive to attention design choices and hyperparameter
tuning, warranting further investigation across different at-
tention variants.

Modality Contributions. Each gas modality contributes
distinct information: removing CO; (CH4 Only) causes
catastrophic classification failure (48.29% accuracy), con-
firming CO, as the primary discriminative signal for aci-
dosis detection. Conversely, removing CH4 (CO5 Only)
degrades segmentation quality (—0.47 pp mloU, —0.31 pp
Dice), indicating that CH,’s spatial diffusion patterns en-
hance boundary delineation. This asymmetric yet comple-
mentary relationship—COs for discriminative power, CHy
for spatial refinement—validates our dual-modality design.

Task Interaction. Both classification and segmentation
branches are necessary for optimal performance. Us-
ing only the classification branch achieves high accuracy
(97.86%) but has no segmentation capability (no segmenta-
tion head), while the segmentation-only variant fails at clas-
sification (33.65% accuracy) despite maintaining reason-
able segmentation (71.21% mloU). This validates our dual-
task learning framework where both tasks provide comple-
mentary supervisory signals.
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Figure 5. Ablation study results. (A) Dice coefficient comparison across architectural variants, demonstrating that the proposed FUME
configuration achieves optimal segmentation performance. (B) Multi-metric radar chart visualizing the critical importance of the CO2
modality and dual-task learning framework for achieving balanced performance across accuracy, segmentation quality, and classification

metrics.

Fig. 4 shows qualitative results across all three classes.
FUME achieves excellent boundary delineation across
varying morphologies—irregular acidotic patterns, inter-
mediate transitional states, and larger healthy regions—
maintaining sharp plume boundaries even with diffuse
emissions and low contrast.

5.4. Discussion

Design Trade-offs. Our results reveal a trade-off be-
tween classification accuracy and segmentation quality in
attention-based fusion. Attention mechanisms boost clas-
sification (+0.43% accuracy) but degrade segmentation
(—1.68 pp mloU). For applications requiring precise bound-
ary delineation, FUME without attention provides superior
performance.

Modality Importance. CO5 and CH,4 encode physiolog-
ically distinct metabolic signals: CO; reflects fermenta-
tion rate while CH, indicates methanogenic activity, which
is suppressed under acidotic conditions. Our ablation
confirms this complementarity—COs-only achieves strong
classification but CH, fusion improves segmentation qual-
ity (+0.47 pp mloU, +0.31 pp Dice), particularly for bound-
ary delineation where CH,’s diffusion patterns provide ad-
ditional spatial cues. Crucially, CHy-only fails entirely
(48.29% accuracy), validating that both modalities con-
tribute non-redundant information: COg provides discrim-
inative power while CHy refines spatial precision. This
dual-gas framework also establishes a foundation for future
multi-modal livestock monitoring systems.

Limitations. This study validates FUME under controlled
in vitro conditions; translating to in vivo settings will re-
quire addressing animal motion, environmental variability,
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and intermittent plume visibility. Future work will explore
temporal modeling, domain adaptation, and validation with
live animals under farm conditions.

6. Conclusion

We presented FUME, a lightweight dual-stream architec-
ture for rumen acidosis detection from dual-gas optical
imaging that jointly performs gas plume segmentation and
health classification through weight-shared encoders and
channel attention fusion. Our experiments demonstrate
state-of-the-art segmentation quality and classification ac-
curacy with exceptional computational efficiency, outper-
forming both general segmentation baselines and OGI-
specific methods. Key findings reveal that COs serves as the
primary biomarker for acidosis detection, dual-task learning
provides essential complementary supervision, and channel
attention fusion outperforms expensive cross-modal atten-
tion while maintaining real-time inference capability. Our
work establishes proof-of-concept for gas emission-based
livestock health monitoring, with future directions includ-
ing in vivo validation and temporal modeling. The dataset
and code will be released upon acceptance to facilitate fu-
ture research.
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