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Abstract. Milk yield prediction is a cornerstone of smart dairy farm-
ing, yet existing approaches remain limited by the scarcity of annotated
data, environmental variability, and the restricted capacity of traditional
models such as convolutional neural networks (CNNs). Although prior
work has applied CNNs or lightweight image-based approaches, no study
to date has systematically combined pretrained deep models with en-
semble regressors for image-driven yield prediction. To address this gap,
we propose a novel hybrid framework that integrates transfer learning
with tree-based regressors for robust and accurate milk yield estimation.
Pretrained architectures (ResNet50, EfficientNetB0, and MobileNetV2)
were employed as feature extractors for side, rear, and combined cow
images, followed by fine-tuning. To further enhance predictive power,
deep features were coupled with XGBoost and Random Forest regressors,
enabling the capture of complex nonlinear dependencies. Experimental
results demonstrate that transfer learning consistently outperforms base-
line CNNs. At the same time, the hybrid ResNet50-XGBoost achieves
the best overall performance, with an RMSE of 1327.87, 1355.56, and
1287.87 for side, rear, and combined views, respectively, and correspond-
ing R? values of 0.3648, 0.3146, and 0.3948. Compared with previously
reported benchmarks, our approach reduces RMSE by more than 110
units, establishing new state-of-the-art performance. The contributions
of this study are threefold: (1) a comprehensive evaluation of baseline,
transfer learning, and hybrid strategies for milk yield prediction; (2) a
demonstration of the effectiveness of pretrained CNNs in reducing depen-
dence on large labeled datasets; and (3) the introduction of a hybrid deep
feature—tree regressor framework that consistently enhances prediction
accuracy across multiple datasets. These results confirm the potential
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of the proposed framework as a scalable and reliable tool for precision
livestock farming.
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1 Introduction

In dairy farming, yield is a crucial performance metric that has a direct impact
on profitability as well as productivity |1]. The importance of the dairy sector in
terms of economic output lies mainly in two directions: its contribution to the
job market, and the production of food products and supplies [2]. Forecasting the
milk production of cows, particularly while they are still heifers, has gained the
interest of farmers and agricultural researchers. These forecasts can help farmers
with financial planning, feeding information, mating decisions, cow replacement
and culling, and identifying abnormal production trends that could be signs of
mastitis [2].

Dairy production plays a significant role in the Irish market. Family farming,
spanning multiple generations, forms the foundation of Ireland’s dairy industry,
with an estimated 16,000 family-run dairy farms across the country [3]. Irish ex-
ports of dairy products were estimated at €6.3 billion last year [4], with products
totaling more than 1.6 million tonnes transported to almost 140 markets around
the world [4]. Increased cow numbers, higher milk yields per cow, improved fat
and protein content, higher stocking rates, and more land entering the market
have all contributed to this strong performance. However, farmers must remain
committed to building a robust and successful long-term business, as the milk
industry still has much room to expand and improve its performance.

A well-known data-driven application in the field of farming is the forecasting
of milk yield, a strategically significant area being the primary source of revenue
for the dairy industry |5]. Nonetheless, milk yield prediction is a complicated
task, impacted by a number of diverse variables, such as the health of animals,
environmental circumstances, feeding habits, and genes [6]. Farmers face difficul-
ties in maximising production output while preserving sustainability, calling for
sophisticated prediction tools to improve decision-making processes. This call is
highlighted by the fact that variations in milk yield can lead to greater envi-
ronmental impact, wasteful resource use, and unstable financial situations |[7].
Farming has advanced with the incorporation of digital technologies, leading
to the development of more environmentally friendly, information-driven, and
effective systems. Computer vision models based on deep learning techniques,
through the use of CNNs [8], enable the utilisation of visual data for predictions.
Several visual features could be utilised in the prediction of milk yield: udder
traits, rump width, and angularity [2].

Although CNNs have achieved very strong performance in agricultural com-
puter vision tasks, their practical deployment in smart farming remains con-
strained by several key limitations. Conventional CNN architectures typically
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require large, well-annotated datasets to achieve strong generalisation. Yet, such
datasets are often difficult to obtain due to the high cost and the variability of
environmental conditions [9[10]. CNNs trained from scratch are prone to over-
fitting when data is limited, and may struggle to capture complex hierarchical
patterns without careful architectural optimisation [11,/12]. To mitigate these
challenges, transfer learning has emerged as a powerful paradigm. It enables
models to leverage feature representations learned from large-scale datasets such
as ImageNet and adapt them to domain-specific tasks. Pretrained architectures
such as ResNet50 [11], EfficientNet [12], and MobileNet [13] provide rich, general-
purpose features that can be fine-tuned to agricultural applications, significantly
reducing the need for extensive labeled data and accelerating convergence. These
pretrained models enhance resilience to environmental noise, image/video light-
ing variability, and heterogeneous data distributions, making transfer learning
a cornerstone technique for advancing deep learning applications in precision
agriculture [9,/10].

Recent research has explored hybrid transfer learning approaches in which the
final layer of a pretrained CNN is replaced by a strong machine learning regressor
to boost predictive accuracy. In this strategy, deep networks such as ResNet50,
EfficientNet, or MobileNet act as feature extractors, while gradient boosting
models like XGBoost or ensemble methods such as Random Forests learn from
the extracted features |[141/15]|. This combination exploits the rich representations
of deep models and the robustness of tree-based learners, often outperforming
purely deep or traditional methods, especially with limited labeled data [16].
Hybrid deep feature—tree ensemble frameworks have shown gains in tasks such
as crop yield estimation, livestock monitoring, and plant disease detection [16].
However, to the best of our knowledge, no existing work has applied a pretrained
CNN with an XGBoost regressor for milk yield prediction, revealing a clear
research gap that is addressed in this study. Less research has utilised images
with deep learning models for milk yield prediction. Only a modest number of
studies have utilized images with deep learning models for milk yield prediction.
For example, Jembere et al. |2] deployed a dataset that includes 1238 images of
side-view and rear-view images of 743 Holstein cows in their first or second parity,
along with their corresponding first lactation and 305-day milk yield values.
Different augmented methods, such as flipping, stretching, and adding Gaussian
noise were applied to the training set. They applied CNN models to side-view,
rear-view, and combined view images. The results showed that CNN models
recorded the best results with the combined view. Using the same dataset, Allan
et al. [17] applied YOLOv11 models to classify dairy cows into low, medium, and
high based on the milk yield. According to the authors, misclassifications mostly
happen close to class boundaries, building on the results of qualitative analysis,
and indicating the need for reliable picture acquisition settings. These results
show how vision-based models can be used to assist in decision-making in such
systems, especially in situations where conventional data collection techniques
are impractical or unavailable. These two studies did not use hybrid models
that combined transfer learning with machine learning to enhance the results
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of milk yield prediction. In our research, the contributions of the paper can be
summarised as follows:

— We propose a novel deep learning framework that integrates pretrained
CNN feature extractors (ResNet50, EfficientNetB0, and MobileNetV2) with
a powerful XGBoost regressor to predict milk yield from cow images.

— The study leverages transfer learning to minimise the need for large labeled
datasets while maintaining high predictive accuracy and robustness.

— We conduct extensive experiments, comparing multiple pretrained CNN
backbones and machine learning regressors, to identify the most effective
architecture for milk yield prediction.

The remainder of this paper is arranged as follows: the proposed framework
is introduced in Section [2] The experimental results are discussed in Section ??.
Finally, conclusions are given in Section [4]

2 Methodology

This section describes the proposed image-based milk-yield prediction framework
following the processing flow shown in Fig. [I} The pipeline is organised into six
phases: (1) data acquisition; (2) image pre-processing and augmentation; (3)
dataset splitting; (4) baseline deep learning models; (5) model optimisation; and
(6) model evaluation.

2.1 Phase 1: Data acquisition

The dataset |2| comprises images from four farms containing 228, 151, 241, and
123 cows, with 360, 260, 394, and 224 images, respectively. The dataset includes
two CSV files: training and testing. Each file contains milk yield values and
the path of images (side-view and rear-view) for the caw in either their first or
second lactation. It also includes a CSV file that contains milk yield values with
the corresponding 305-day milk yield. Images include both side and rear views
and depict cows in either their first or second lactation; milk-yield records are
prospective for first-lactation cows and retrospective for second-lactation cows.

2.2 Phase 2: Image pre-processing and augmentation

Pre-processing is the deterministic mapping P : X ¥ X that standardises raw
images prior to feeding them to a backbone network. Components of P include:

— Resizing: rescale input images to a fixed resolution (Hg;Wy) appropriate
for the chosen backbone (e.g., 224  224);

— Cropping: center or content-aware cropping to emphasise anatomically rel-
evant regions (e.g. udder, rump);
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