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Figure 3.7. PLT flow units and seismic attributes scale matching. A) Nuclear magnetic resonance 

(NMR) porosity log at DST interval at Well H; B) Cumulative production curve obtained with 

production logging tool (PLT) at the same interval; C) Production apportionment obtained with 

the derivative of the previous curve: the steepest gradients at curve B are related to the main flow 

units that contribute to the cumulative production. Note that there are some zero flow intervals, 

where the production at curve B is flat; D) We modulated curve C by both DST values of FC and 

PI and used them for training dataset building; E) Hilbert transform of input amplitude (HTAM) 

seismic attribute at well H location: this attribute mimics a seismic bandwidth acoustic impedance. 

We can observe that the flow units (red polygons) identified through PLT have thicknesses that are 

compatible with the seismic resolution (40 m); F) Same attribute as in E but with spectral balancing 

which increased the seismic resolution to 25 m. We also have evaluated the impact of spectrally 

balanced inputs on our prediction modelséééééééééééé.ééééééééé..63 
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aspect is the very low correlation between each of the input features with FC, which indicates that 

with just one attribute at a time, it is impossible to predict FC. B) Seaborn pair plot of some of the 

normalized input seismic attributes and the flow capacity (hue) at the tested intervals of the training 

dataset wells. We can observe that most of the input features (except GLCM ones which are 

relatively highly correlated) are non-linearly separable. It is not possible to separate the hyper flow 

units (blue dots) from the other onesééééééééééééééééééééééé...69 
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Figure 3.9. Histograms of the ten normalized input seismic attributes and flow capacity values at 

tested intervals of the training dataset wells. Here we can observe strong overlapping of FC values 

for each input attribute. Again, with one attribute at a time, we cannot predict FC or PIéééé.71 

 

Figure 3.10. Some key aspects of the selected ML methods for this study. The illustrations here are 

simplified to 2D and 3D feature spaces. Keep in mind that in our case everything happens in an 

11-dimensioned space. A) Illustration of random forest regression (modified from Goyal, 2022); 

B) Illustration of KNN regression: Low values of K can lead to overfitting, whereas very high 

values of K may not capture all the variance. C) Support Vector Machine regression: using support 

vectors (data points) and an epsilon tube, a hyper plane that best fits the data is built. In the case 

of non-linearly separable data, the kernel trick is used (D), where a higher dimensional space is 

emulated, so the hyper plane can be built (modified from Rodriguez Perez and Bajortah, 2022). E) 

Architecture and main hyperparameters of the MLP used in this study. At the input layer we have 

10 seismic attributes at well tested intervals, 5 hidden layers with 600 neurons each (not all of them 

are shown in the figure), and the output layer with the prediction of flow capacity (FC)ééé....72 

 

Figure 3.11. FC prediction using random forest (RF) and 10 attributes. A) Geobodies 3D view of 

the hyper flow units (FC > 100,000 mD.m). Despite not being restricted to depositional facies, 

these hyper flow units are equivalent mainly to silicified build ups and mounds. At both higher and 

lower energy platform facies, they are related to hydrothermal vents and tiny mounds.  B) Plot of 
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measured versus predicted FC from random forest training, test R2 = 0.84. C) RF importance of 

the input attributes. D) SHAP explanation of this predictive model at training datasetéééé...75 

 

Figure 3.12. Six of the input attributes at a semi-blind test well location (X1) and RF regression 

models of FC and PI at BVE Formation. This well penetrated a very high porosity and permeability 

reservoir related to highly silicified stromatolitic build up. This feature and others can be observed 

at both input seismic attributes and predicted models of FC and PI. A) Average frequency; B) 

Maximum positive curvature; C) Maximum negative curvature; D) Energy ratio similarity; E) 

Hilbert transform of amplitude; F) GLCM entropy; G) Predicted flow capacity; H) Predicted 

productivity index. I) Composite log of the BVE interval with lithology, NMR porosity, and 

lithogeochemical spectroscopy log showing silicon concentration (Si). J) Illustration of Well X1 

position according to the BVE depositional model (modified from Mizuno et al., 2018). Geologic 

features acronyms: BU (Build ups), MO (Mounds), HEP (high energy platform facies), LEP (low 

energy platform facies), IB (igneous bodies), HV (hydrothermal vents)....ééééééééé80 

 

Figure 3.13. RF regression models of FC using six attributes (AVF, K1, K2, ERS, HTAM, GLET) 

as a transparent overlay on input seismic amplitude (full stack RTM in depth domain). A) EW 

vertical section passing through wells I (training), BT17 (blind test), and J (training). Close to 

wells I and BT17, there are image logs showing the cave system which is responsible for the 

observed very high productivity; OWC= oil water contact; B) Composite log of Well BT17 with 

lithology, NMR porosity and lithogeochemical spectroscopy; C) EW vertical section passing 
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through Well G (training); D) Composite log of Well G. This model was predicted using the same 

attributes as in Figure 13A, but after spectral balancing of original seismic dataéééééé.81 

 

Figure 3.14. 3D view of random forest regression of FC at Mero Field and CLAP area (geobodies) 

over the base of BVE surface. The hyper flow units related to sweet spot reservoirs (silicified build 

ups, mounds, and hydrothermal vents) are rendered with an opacity threshold of 100,000 mD.m. 

At the Central Libra area (CLAP), features like that drilled by Well X5 (sweet spot reservoir) that 

are above the oil-water contact identified only at the Mero Field (OWC- green plane) could be 

considered as future targets for oil exploration. Features below OWC can be considered as future 

injection targets. Hyper flow units away from structural highs are related to either minor mounds 

or higher permeability, altered platform facies close to hydrothermal vents. There is still a 

misprediction risk once at 4 out of 20 blind test wells (20%), the FC values were overpredicted 

(false anomalies)ééééééééééééééééééééééééééééééé84 

 

Figure 4.1- Location map of our studied areas in Brazilôs offshore Santos. As a training dataset, 

we used well and seismic data from the Mero field. As blind validation of transfer learning, we 

used seismic and well data from Bacalhau and Lapa fields (map source: 

https://geomaps.anp.gov.br). ééééééééééééééééééééééééé...101 

 

Figure 4.2 ï Schematic geological section showing the general similarities at the Barra Velha 

(BVE) reservoir between Mero, Lapa, and Bacalhau fields (modified from Zalan, 2024)ééé101 

 

https://geomaps.anp.gov.br/
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Figure 4.3 ï Illustration of production logging tool (PLT) flow unitsô distribution according to 

depositional and diagenetic facies in the Mero field. Wells drilled in the platform exhibit layered 

flow units related to strongly dolomitized intercalated grainstones, algal mats, and spherulites (low 

depositional energy). The original depositional porosity is obliterated by superimposed episodes 

of diagenetic events (dolomitization and silicification). In the build ups and mounds wells 

(stromatolitic shrubstones) the dolomite cement was almost totally dissolved by silica rich 

hydrothermal fluids due to very high depositional porosity (interelement), and karst porosity that 

concentrated corrosive fluids circulation, the overall result is a net permeability gain, sometimes 

permeability excess (modified from Mimoun and Fernandez-Ibanez, 2023 and Maas et al., 

2024)ééééééééééééééééééééééééééééééééééé102 

 

Figure 4. 4 ï a) DST flow capacity, productivity index and production data from the Mero field. 

The BVE reservoirs can be classified into three major groups: hyper producers silicified build ups 

and mounds that produce up to 48,000 bpd, good producers form high energy platforms that 

produce around 24,000 bpd, and mild to low productivity lower energy platform facies producing 

8,000 bpd on average (Maas et al, 2024). Second row: scatter plots of (b) flow capacity versus 

permeability (R2=0.90) and (c) flow capacity versus daily production (R2=0.83). Third row: scatter 

plots of (d) productivity index versus permeability (R2=0.97) and (e) flow capacity versus daily 

production (R2=0.80). Despite being acquired through short periods of either production or 

injections (transient flows), the flow capacity is an excellent proxy for reservoir permeability 

prediction at DST and seismic scale, as well as for production forecastingéééééééé...105 

 

Figure 4.5- General workflow of this researchéééééééééééééééééé..é109 
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Figure 4.6- First row: first eigenvector PCA of the nine seismic attributes common to the three 

different surveys at the BVE reservoir level. The PCA importance of the attributes for 

eigenvectorôs variability is persistent across the different surveys. Second row: box plots of the 

normalized attributes within the BVE zone. The general distribution and skewness are also 

persistent in the three different seismic surveys. Third row: the correlation heat map pattern is 

similar across the different seismic surveys. All this PCA and statistical analysis indicate high 

geological similarity between Mero field (source) and Bacalhau and Lapa fields (target 

datasets)ééééééééééééééééééééééééééééééééé....111 

 

Figure 4.7 ï Gross depositional environment (GDE) map of BVE reservoirs at Mero, Bacalhau 

and Lapa fields. All three areas have the same type of lithologies with different volumetric 

proportions. At the Mero and Bacalhau fields, the build ups and mounds are expressive. In the 

Lapa field, the most representative facies are the low depositional energy reservoirs. In the 

Bacalhau field, there are syn-BVE volcanoclastic mounds that do not occur in other areas. In the 

Mero field, we have Santonian age sill intrusions in BVE reservoirs that were not yet found in 

Bacalhau and Lapa fieldséééééééééééééééééééééé..ééééé113 

 

Figure 4.8- Seismic and well interpretation based geological sections of Lapa field (a), Mero field 

(b), and Bacalhau field (c). From Lapa to Bacalhau, there is an increasing fault density that affects 

the BVE reservoir. As a result, the build ups and mounds presence as well as their hydrothermal 

silicification is more prominent in Mero and Bacalhau fields. This reflects the higher productivity 

observed in these last two areasééééééééééééééééééééé..ééé..115 
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Figure 4.9 ï 3D view Mero field carbonate platform. The surface is the top of BVE reservoir co-

rendered with structural dip to enhance the faults (black shaded areas). Wells in purple are the 

highest productivity ones (silicified mounds and build ups), wells in blue are mild productive 

(dolomitized platform facies, locally enhanced near faults), and wells in green are the lowest 

productivity wells related to dolomitized distal facies. All these ten wells were used as training 

dataset where their DST flow capacity values were used to train supervised regression algorithms 

(Maas et al., 2024). At the bottom of the figure, we have the box plots of FC distribution in the 

Mero high (0 to 350,000 mD.m) and Mero low training subsets (0 to 37,500 mD.m)ééé...é118 

 

Figure 4.10- Composite log (left), PP synthetic seismogram and HTAM attribute vertical section 

at one of the Mero training wells location (Well C), which was drilled in the low energy platform. 

We used DST and PLT flow units from perforations at BVE reservoirs and seismic attributes along 

with the perforations. As can be seen, the PLT flow unitsô thicknesses are compatible with seismic 

resolution, which is 40 m. Because of its zero porosity and proximity to the other perforated zones, 

we inserted in our training dataset non-measured zero values of FC to counterbalance the biasing 

of the training dataset which is composed of mostly non-zero values. This can also help our 

supervised learning algorithms to recognize other types of igneous bodies as nonproductive 

intervalséééééééééééééééééééééééééééééééééé119 

 

Figure 4.11- Top: 3D view of the predictive model of flow capacity (FC) (using random forest 

regression- RFR) at the Mero field showing some of the training and blind test wells (Maas et al., 

2024). The purple geobodies are the predicted hyper flow zones mostly related to heavily silicified 
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build ups and minor mounds. Middle: same arbitrary seismic section of HTAM attribute with RFR 

predicted FC. Bottom: same arbitrary section showing SOM clustering unsupervised model and 

its interpretation. Note the coincidence of high FC zones with the clusters related to build ups and 

mounds and the low FC zones with clusters related to sill intrusions. For both RFR and SOM 

clustering, the input seismic attributes used were HTAM, AVF, K1, K2, ERS and GLETéé...121 

 

Figure 4.12 ï a) Random Forest regression model of FC using all 10 attributes in the Mero high 

training dataset (with hyper flow units). Both random forest and SHAP attributesô importance 

show that due to the presence of hyper productive build ups and mounds, the most important 

attributes are AVF, K1, K2 and ERS due to their convex shape, and frequency attenuation due to 

intense hydrothermal karstification. The hexagonal bins plot of predicted versus measured FC 

shows a good fit between the predictive model and the training data (median absolute error = 

2.67% and R2=0.83). b) the same as A but the training dataset is the low productivity Mero subset. 

In this case both SHAP and RFR attributes importances changed when compared to the Mero high 

dataset, due to the dominantly layered nature of the reservoir affected by strong dolomitization, 

leading to lower productivityéééééééééé...ééééééééééééééé.122 

 

Figure 4.13 ï Mero Field: SOM clustering model using SWEET, HTAM, ERS, K1 and GLEN 

seismic attributes as inputs.  At the blind test well BT8 position, we have the cumulative FC of the 

tested interval (black rectangle, 125 m thick DST interval, FC=23,500 mD.m). As this well was 

drilled far away from the major faults, the BVE reservoirs are strongly dolomitized low energy 

platform facies (higher impedance, red-pinkish clusters), intercalated with less dolomitized layers 

(lower impedance, green-yellowish clusters). The BT9 well was drilled close to a fault zone, here 
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the reservoirs are less dolomitized with more cement dissolution due to hydrothermal activity 

along faults. The FC values in the DST interval (black rectangle, 100 m thick) are the highest ones 

in the low platform energy (53,000 mD.m). The SOM clustering depicted these hydrothermally 

enhanced reservoirs as subvertical bluish clusters (fault controlled)éééééééééé..124 

 

Figure 4.14- Transfer learning from Mero to Bacalhau field: a) Predictive model based on random 

forest regression (RFR) of flow capacity (FC) at BVE reservoir at the Bacalhau field using local 

HTAM, AVF, ERS, K1, K2, and GLET seismic attributes inputs. We used the hyperparameters 

(400 regression trees, max depth=10) of the best RFR model that fitted the Mero field training 

dataset with hyper productive wells (Mero high) and built a predictive model of FC. At the seismic 

section passing through B4 and B5 wells from Bacalhau field, we co-rendered HTAM (seismic 

bandwidth pseudo impedance) and RFR flow capacity prediction. b) Same as A but the overlay is 

the SOM clustering using the same attributes. c) geobodies from SOM clusters related to the build 

ups and a vertical section of the RFR of flow capacity modelééééééé..éééééé.131 

 

Figure 4.15- Transfer learning from Mero to Lapa field: a) Predictive model based on random 

forest regression (RFR) of flow capacity (FC) at BVE reservoir at the Lapa field using local 

HTAM, SWEET, ERS, K1, and GLEN seismic attributes inputs. We used the hyperparameters 

(500 regression trees, max depth=12) of the best RFR model that fit the Mero field training dataset 

without hyper productive wells (Mero low) and built a predictive model of FC. At the seismic 

section passing through all studied wells from Lapa field (a), we co-rendered HTAM and RFR 

regression model. b) Same as 15a but the overlay is the SOM clustering model using the same 

seismic attributes. c) 3D view of the highest FC values (>10,000 mD.m) and SOM mounds 
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geobodies over the middle BVE surface co-rendered with the ERS attribute. Some of the higher 

FC blobs are associated with faults (dissolution) whereas others are faraway (original permeability 

remnants)éééééééééééééééééééééééééééééééé..é134 

 

Figure 4.16- Detailed results of RFR of FC and SOM clustering around two of the wells studied 

in the Lapa field. a) co-rendered HTAM and predicted FC along the perforated interval at Well L4 

with the NMR porosity log and PLT flow units. b) co-rendered HTAM and SOM clusters around 

the same well. c) co-rendered FC prediction and HTAM attributes around Well L2 perforated 

zones. d) co-rendered HTAM and FC prediction at the same welléééééééééé...é.135 

 

Figure 4.17- Map view of horizon probes of an intra BVE interval (middle of the reservoir) with 

random forest regression predicted FC values co-rendered with ERS attribute, one of the most 

important for FC prediction. At the Mero and Bacalhau fields, we can see that the hyper flow units 

(FC>100,000 mD.m) associated with strongly karstified mounds and build ups are closely 

associated with lower similarity anomalies (faults, fractures and karst), whereas the lower values 

are far away from these features. At the Lapa field, the higher FC values are also associated with 

the faults due to the higher degree of dissolution, but the overall flow capacity is very lowéé..138 

 

Figure AP1.1 - Crustal domains of the Santos Basin proposed by Zalan (2014) based on Stica 

(2014). The numbers indicate the: Mantle (1), Moho (2), Ductile Lower Crust (3), Conrad 

discontinuity (4), Brittle Upper Crust (5), Crystalline Basement top (6), Exhumed Mantle (7), and 

Oceanic Crust (8). Color code for the sedimentary units above the Crystalline Basement top are: 
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Barremian Syn-Rift (yellow), Early Aptian Syn- Rift (green), Late Aptian Pos-Rift (light blue), 

Late Aptian evaporite deposits (purple), Post Ryft Albian Carbonates (dark blue), siliciclastic Late 

Cretaceous and Tertiary drift sequences (light yellow). The blue rectangle indicates the crustal 

segment of the Mero Field area, (modified from Zalan, 2014)ééééééééé.éééé.157 

 

Figure AP1.2 - Santos Basin chronostratigraphic chart. The Barra Velha Fm reservoirs are 

highlighted by the red rectangle (Modified from Carvalho and Fernandes, 2021 and Moreira et al., 

2007)ééééééééééééééé..ééééééééééééééééééé..158 

 

Figure AP1.3 - Early Aptian plate reconstruction of South Atlantic margins showing the extent of 

the pre-salt Aptian Lacustrine Carbonates and the position of the first two wells which drilled these 

reservoirs. (Modified from Pietzsch et al., 2018)éééééééé..éééééééééé160 

 

Figure AP1.4 - Regional scale well correlation of the Aptian pre-salt carbonates of Santos Basin 

(Tupi well) and Campos Basin (Whales Park well), see Figure. 3. (Modified from Carminatti et 

al., 2018)ééééééééééééééééééééééééé...éééééééé161 

 

Figure AP1.5- Third order sequence proposal for Campos Basin Late Aptian carbonates (Dias et 

al., 2005). A) Dendritic bush shaped stromatolites; B) Dendritic stromatolites; C) Bush shaped 

stromatolites. This classification used the terminology proposed by Grotzinger and Knoll (1999): 

D) Outcrop photograph of dendritically branching tufa (light) which forms stratiform sheets on the 

scale of1ï2 cm. Branching structures are infilled with marine cement and micritic sediment. E) 

Photomicrograph of a single dendrite structure with thin central stalk and numerous broad 
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branches, both formed of micrite (dark). Lighter material is void-filling marine cement. Note arrow 

indicating growth orientation. (Modified from Dias et al., 2005 and Grotzinger and Knoll, 

1999)ééééééééééééééééééééééééééééééééééé161 

 

Figure AP1.6 - Depositional model for Barra Velha Fm carbonates at Santos Basin. The deposition 

of the ñmicrobialitesò was strongly controlled by the substrate paleo reliefééééééé.é.163 

 

Figure AP1.7- Late Aptian plate reconstruction showing that the Barra Velha carbonates were 

deposited in a Continental paleo lake (Tupi Lake) which was isolated from Proto South Atlantic 

Ocean (SSA) by the Walvis Ridge. No marine fossils were found within the Tupi paleo lake. 

(Modified from Arai, 2014)ééééééééééééé..ééééééééééééé165 

 

Figure AP1.8- Abiotic induced precipitation model proposed by Wright and Barnett (2015)é...166 

 

Figure AP1.9- Depositional model proposed by Souza et al., (2018). The deposition of BVE 

carbonates was dominantly controlled by abiotic factorséé...éééééééééééé..166 

 

Figure AP1.10- CO2 concentrations in the Santos Basin pre-salt accumulations (Santos Neto et al., 

2012)ééééééééééééééééééééééééééééééé..ééé..168 

 

Figure AP1.11- Hydrothermal silicification al the Pao de A­ucar Field at Campos Basin. A) 

Geological section showing the main reservoir units; B) Thin section photo of silicified deep lake 

spherulitites; C) Silicified hydraulic vein; D) Late dolomitization of a hydraulic breccia; E) 
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Heavily silicified microbial carbonate with opal vugs; in all thin section images the scale bar is 

200 micrometers. (Modified from Vieira de Luca et al., 2017)éééééééé...éééé..169 

 

Figure AP1.12- Pore size distribution after hydrothermal silicification at the Pao de A­ucar 

carbonates. The pore throat sizes were augmented at the (A) micro, (B) meso and (C) Giga-pore 

(crystal caves) scales at image log. (Modified from Vieira de Luca et al., 2017)ééééé..é.170 

 

Figure AP1.13- A) Hydrothermal silicification model and B) Diagenetic history proposed by Poros 

et al., (2017) for the Kwanza basin Aptian lacustrine carbonateséééééééééééé..171 

 

Figure AP1.14- Hydrothermal events sequence at northern Campos Basin lacustrine carbonate 

reservoirs.  (A) Syngenetic crust of coalesced fascicular calcite aggregates covering syngenetic 

Mg-clay matrix. B) Microcrystalline and blocky dolomite partially replacing the Mg-clay matrix, 

calcite spherulites, and fascicular aggregates. C) Microcrystalline quartz and chalcedony 

spherulites partially to fully replacing preexisting constituents, and filling primary and secondary 

porosity. D) Silicification of some dolomitized fascicular and spherulitic aggregates. E) Intense 

silicification, fracturing and dissolution. Saddle dolomite partially filling fracture and vugular 

pores. F) Macrocrystalline calcite, radiated Sr-barite and celestine, fibro-radiated zeolite, euhedral 

to subhedral pyrite, chalcopyrite, galena and sphalerite, and massive bitumen filling the secondary 

pores. The numbering is in accordance with the paragenetic sequence in Figure. AP1.15ééé173 

 

Figure AP1.15- Sequence of diagenetic and hydrothermal events affecting the lacustrine carbonate 

reservoirs at northern Campos Basin. (Lima et al., 2020)éééééééééééé.ééé174 
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Figure AP1.16- Proposed model (Lima et al.,2020) for the origin of the hydrothermal alteration of 

the Aptian lacustrine carbonate reservoirs at northern Campos Basin. The fault-focused 

hydrothermal system probably involved mixing of fluids derived from several sources: (B) Pre-

Cambrian basement (mainly granitic-gneissic felsic rocks), (C) volcanic rocks from the Cabi¼nas 

Formation (mainly basaltic), (R) rift deposits from the Atafona and Coqueiros formations, and (S) 

serpentinization of the upper mantle. Note the intrusive magmatic (mafic) rocks (M) in the 

Coqueiros (rift interval) and Macabu (sag section) formations; hydrothermal alteration (H) 

comprising extensive dolomitization, silicification, and dissolution, with the paragenesis including 

saddle dolomite, macrocrystalline calcite, mega-quartz, Sr-barite, celestine, fluorite, dickite, 

sphalerite, galena, and other metallic sulfides filling fractures and dissolution porosity; and 

anhydrite thick layer (A) at the top of the sag reservoir affected by the hydrothermal alteration 

(base of evaporites)ééééééééééééééééééééééééééééé..175 

 

Figure AP1.17- Petrographic classification scheme proposed by Gomes et al., (2021) for the Barra 

Velha lacustrine carbonateséééééééééééééééééééééééééé..177 

 

Figure AP1.18- Depositional model proposed for the BVE carbonates at Mero Field based on well 

and seismic data (modified from Sartorato et al., 2018)éééé..ééééééééééé..178 

 

Figure AP1.19- Travertine towers at the Lake Abhe, Djibouti (Awaleh et al., 2015)éééé.....180 

 

Figure AP1.20 ï Outcrop study of Eocene carbonates from Green River Fm (Cupertino, 2023). 

Bioherm facies succession: A) Individuals bioherms, west of Rosewood Section, showing 
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distinctive domical shape. B) distinctive facies succession within bioherms: fine-grained domical 

stromatolite facies (M3), followed by arborescent (M4) and branched minicolumnar stromatolites 

(M5), columnar stromatolites (M6), and Chlorellopsis (M7) facies at the top. Non-microbialite 

facies: Intraclastic conglomerate facies (NM1) and Ostracodal grainstone facies (NM4)ééé181 

 

Figure AP1.21- The link between tectonic evolution and fluid migration along the Alpine Tethyan 

margin. The Grosina and Bernina detachments record a fluid with a continental composition (about 

190-185 Ma). Between 185 and 165 Ma, the ED fault rocks and the supradetachment basin record 

mantle-related fluids that are produced by initial serpentinization under thinned continental crust. 

Serpentinization and fluid flow evolve with the progressive mantle exhumation toward the 

seafloor. (Extracted from Pinto,2014)ééééééééééééééééé.ééééé.183 

 

Figure AP1.22 - Numerical modeling results of Aptian evolution of Santos-Kwanza conjugate 

margins. (Araujo et al., 2022)ééééééééééééééééé.éééééééé..184 

 

Figure AP2.1 ï Random Forest composed of multiples decision trees; the maximum depth is the 

one composed of only leaf nodes. The final prediction is done by averaging the leaf nodes of each 

decision tree. Very shallow trees tend to underfit whereas too deep trees tend to overfit the data 

(modified from Goyal, 2022)éééééééééééééééééééééééééé193 

 

Figure AP2.2- Max depth =1 decision tree (light blue line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of y. In this 
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kind of scatterplot, the data density (color coded, white for low density and purple for high density) 

is shown within each one of the regularly spaced hexagonal bins over the 5000 datapoints. It is an 

interesting way to see regression results with such a high number of datapointsééééé...é194 

 

Figure AP2.3- Max depth =2 decision tree (mustard line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yé....195 

 

Figure AP2.4- Max depth =3 decision tree (mustard line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yé....195 

 

Figure AP2.5- Max depth =5 decision tree (red line) fit to data (5000 datapoints, gray dots). On 

the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yéé.é.196 

 

Figure AP2.6- Max depth =10 decision tree (orange line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yé.196 

 

Figure AP2.7- K =10 KNN regression model (blue line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yéé197 
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Figure AP2.8- K =50 KNN regression model (blue line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yé....198 

 

Figure AP2.9- K =100 KNN regression model (purple line) fit to data (5000 datapoints, gray dots). 

On the right we have the hexagonal bin (hexbin) plot of actual versus predicted values of yé....198 
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Abstract 

 Even almost 20 years after the discovery of the prolific pre-salt oil province in SE Brazil 

offshore, seismic characterization of these complex reservoirs is still a challenging task. In the oil 

and gas fields, where dozens of wells are available, the seismic inversion-based workflows are 

proven to be the best for reservoir characterization. However, in exploratory stage areas the 

reduced number of wells makes seismic inversion non-viable. As a result, solely seismic 

amplitude-based workflows are strongly affected by ambiguity pitfalls, which delay the appraisal 

phase, postpone commercial production, and, thus, erode the economic value of the project. As a 

solution, I propose a machine learning approach that leverages the big amount of dynamic reservoir 

data in  a known field (Mero field in Santos Basin) and easy-to-obtain post-sack 3D seismic 

attributes, which are common to both production and exploration areas and are available as soon 

as the seismic processing is done, without requiring wells for calibration like seismic inversion 

does. Well dynamic data, mainly drill stem tests, are the most reliable information on reservoir 

productivity before the commercial production and are available during the upstream phase.  In 

this sense, my doctoral research was structured in three main projects: the first one (Chapter 2) on 

qualitative reservoir modelling using post-stack seismic attributes and unsupervised learning 

techniques. I used combinations of ten different seismic attributes (interval velocity, amplitude 

versus offset, complex traces, geometric and voxel-based texture) as inputs for self-organizing 

maps, generative topographic mapping and k-means clustering algorithms for seismic facies 

discrimination in the Barra Velha reservoir of the Mero field. The seismic facies models were 

validated using information from 13 wells which were not used for any training. The best models 

were obtained with self-organizing maps. 
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 The second project (Chapter 3) is on quantitative interpretation using the same attributes 

and drill stem test data to train supervised learning algorithms for prediction of reservoir 

productivity of the Barra Velha carbonates in the Mero field. I tested classic supervised learning 

algorithms (shallow learning) of random forest, support vector machines and K-nearest neighbors 

for supervised regression of flow capacity and productivity index. I also tested a deep learning 

algorithm (multi-layer perceptron) to compare its cost-effectiveness to the shallow learning 

algorithms. For the validation of my predictive models, I used information from 20 blind test wells. 

The best results were obtained with random forest regression of flow capacity (85% blind test 

performance). 

In the third project, I studied how transfer learning techniques can leverage the machine 

learning training using Mero field data to accurately predict reservoir facies and productivity in 

other seismic surveys 200 km distant from Mero field: the Bacalhau and Lapa fields, which have 

production data to validate my predictive models. Using self-organizing maps and random forest 

algorithms trained with Mero field data, I could accurately predict (80% average performance) the 

facies distribution and flow capacity values observed in the blind test wells in Bacalhau and Lapa 

fields. Transfer learning using Mero training proved effective for reservoir de-risking and upstream 

optimization even when working with multiple seismic surveys. 

As I used post-stack seismic attributes, well test productivity, and injectivity data from 

subsurface reservoirs to train our models, this approach can be used in any kind of project such as 

CCUS, geothermal, and hydrogen storage projects in the context of the energy transition.
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Chapter 1: Introduction 

 

In deep water settings, where all operations are more complex and expensive, the state of art 

of reservoir characterization assisted with 3D seismic data is the application of seismic inversion 

for accurate facies distribution and reservoir property modelling (Mitra and Khara, 2001; Taboada 

et al., 2001; Raeesi et al., 2012; Alfarraj and Alregib, 2018; Abdulaziz et al., 2019; Anifowose et 

al., 2019; Hosseini et al., 2019, Penna and Lupinacci,2020). However, accurate seismic inversion 

cubes require dozens of wells for a more robust wavelet estimation and low frequency information. 

Moreover, in deep water settings, this can take more than ten years to be available and will be 

useful only for field development, whereas during exploration phases there is limited or even no 

well information. The most common type of seismic data available are post stack seismic attributes 

and, in some cases, amplitude versus offset (AVO) data.  In these operationally challenging 

environments, increased time spent between field discovery and commercial oil production, 

decreases the economic value of the project. These drawbacks can be overcome by leveraging the 

fact that the petroleum industry has a huge amount of data from a plethora of different production 

assets (big data), that could be used for reservoir characterization during the upstream phase in 

virgin areas (greenfield exploration).  

In this sense, I propose that we can use production information (well test data and daily 

production rates) of well-known assets, post stack seismic attributes, and machine learning (ML) 

techniques to bypass the seismic inversion process and make accurate predictive models of facies 

distribution and reservoir productivity. This is all to optimize and accelerate the upstream phase 

by reducing risk and, thus, adding economic value. The main work hypothesis is that the observed 
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seismic trace is a result of the interactions of the wavefront and different kinds of lithologies and 

even different permeability-porosity domains within a reservoir. As a result, seismic attributes 

enhance these reservoir heterogeneities that are not obvious in the amplitude volume. Furthermore, 

these heterogeneities must be observable at the seismic scale (bigger than seismic resolution). In 

this sense, seismic attributes and well dynamic data should be suitable for machine learning 

assisted reservoir characterization (lithology and productivity modeling). The main research 

question that motivates my PhD research is: ñDo post-stack seismic attributes significantly 

predict reservoir facies distribution and well productivity during upstream phases?ò 

To answer this broad research question, this dissertation is structured as follows: 

Chapter 2 ï The secondary research question that motivates this chapter is: ñCan unsupervised 

clustering analysis of post-stack seismic attributes effectively characterize reservoir facies 

distribution and productivity?ò.  

To address this issue, I used seismic attributes (interval velocity, instantaneous, geometric, 

texture, and AVO) and three different unsupervised clustering methods (self-organizing maps-

SOM, generative topographic mapping-GTM, and K-means) to build a predictive facies and 

productivity model of a well-known carbonate reservoir from a producing oilfield in Brazil 

offshore deepwater (Mero field). I used information from existing wells that were not used for any 

training to validate the unsupervised clustering models. 

Chapter 3 - The secondary research questions that motivates this chapter are: ñCan a supervised 

learning model using multiple seismic attributes and well dynamic data accurately predict 

inter-well reservoir productivity, and does deep learning outperform traditional supervised 

methods in this prediction task?ò. 
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To answer these questions, I used drill stem test (DST) data from ten wells of the Mero field 

and post stack seismic attributes (instantaneous, geometric, and voxel-based texture) to train 

supervised regression algorithms for prediction of carbonate reservoir flow capacity (FC) and 

productivity index (PI), two important DST parameters. I focused on the most classic supervised 

regression methods: random forests (RF), k-nearest neighbors (KNN), and support vector 

machines (SVM). Additionally, I tested a deep learning algorithm (multilayer perceptron ï MLP) 

to investigate its cost effectiveness when compared to the classic methods. My FC and PI 

predictive models were validated using information from 20 wells that were not used for any 

training (blind test validation). 

Chapter 4 - The secondary research question that motivates this chapter is: ñCan machine 

learning models trained on Mero field data be effectively transferred to areas with limited 

well control, and does this transfer learning approach demonstrably reduce risk and 

optimize upstream project outcomes? 

From previous research described in chapter 3, I chose the best ML algorithms trained and 

validated with Mero field data and tested them in two other oil fields of the Santos basin hundreds 

of kilometers distant from Mero and covered by different seismic surveys acquired and processed 

in different times and using different technologies. The transfer learning in this case consists of 

using the same seismic attributes combination and same SOM and RFR hyperparameters of Mero 

field to make predictions in other areas distant from the Mero Field and with roughly similar 

geology (same depositional system, same geological age, same basin). I show how I used SOM 

clustering and RFR trained with Mero field data and transferred it to make accurate predictions in 

the Lapa and Bacalhau oil fields that also have blind test wells that were used for my transfer 

learning models validation. The main challenges are the different seismic surveys and local 
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geology discrepancies such as non-productive volcanoclastic mounds in the Bacalhau field that 

are not present in the training dataset. 

Chapter 5 ï I summarize the main conclusions based on the results described in the Chapters 2, 3, 

and 4 of this dissertation. 

Appendix 1 ï It is a study of the state of art of the geological knowledge evolution on the main 

reservoir unit described in this dissertation: the unique Aptian lacustrine carbonates of the Barra 

Velha Formation (BVE) of southeastern Brazil offshore (Pre-Salt). I describe how the geological 

understanding of the BVE reservoir has evolved from the first wells drilled in the early 2000ô to 

the present day. It is a good opportunity for the reader to get up to date about the main geological 

aspects of these unique high yield reservoirs. 

Appendix 2 ï I present toy examples of supervised regression of one of the simplest nonlinear 

functions (y = sin (x) + 20% noise). I show how the main hyperparameters of decision trees (the 

building blocks of random forests), k-nearest neighbors, support vector machines, and multilayer 

perceptron affect the modelsô mean absolute error and R2
. The main purpose of this appendix is to 

show to the reader how these algorithms work, for the sake of simplicity, on low dimensional, 

nonlinear separable data. The way they work with real world problems is similar, as data are mostly 

nonlinear separable but with high dimensionality (multiple features as inputs). 
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Chapter 2: Seismic identification of carbonate reservoir sweet 

spots using unsupervised machine learning: A case study from 

Brazil deep water Aptian pre-salt data* 
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Abstract 

 The pre-salt high-yield carbonate reservoirs of Brazil are responsible for about 75% of 

national oil production. Still, seventeen years since its discovery, detailed seismic characterization 

of these reservoirs remains challenging, with producing and nonproducing lithologies often 

exhibiting the same amplitude response. Those reservoirs are complex, composed of high 

productivity lacustrine carbonates (stromatolites and grainstones), mixed with non-producing 

mudstones, clays, and igneous intrusions. To address this heterogeneity, we evaluate unsupervised 

machine learning clustering techniques including Self Organizing Maps (SOM), Generative 

Topographic Maps (GTM), and K-means and apply them to a suite of instantaneous, geometric, 

interval velocity, and AVO seismic attributes. We use both static and dynamic reservoir data from 

13 wells at the Mero field that penetrated lacustrine carbonates from Barra Velha Formation to 

validate the accuracy of our unsupervised learning models. These wells are excellent blind tests as 

they were not used for any algorithm training. In this pioneer work, the first done using machine 

learning in the Mero field, we find that SOM, GTM, and K-means models provide clusters that 

can be linked to sweet spots associated with fracturing, karstification, and hydrothermal alteration. 

Additionally, clusters related to sill intrusions, platform facies and distal fine grained non-

https://doi.org/10.1016/j.marpetgeo.2023.106199
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reservoirs were identified. The results can be extrapolated to the adjacent Central Libra Area (still 

in exploration phase), where we have identified the same clusters of the sweet spots reservoirs in 

Mero Field and, thus, they can be considered as future targets. For accuracy assessment, the same 

attribute combination SOM clustering was performed in another of Petrobrasô pre-salt confidential 

dataset and the results were satisfactory. So, for exploration optimization purposes, the new 

proposed workflows can also be applied to other areas with geological similarity to the Mero Field.  

 

Introduction 

 

Seventeen years after its discovery, seismic prediction of Brazilian pre-salt carbonate 

reservoirs remains a difficult task, with the primary challenge related to the ambiguous response 

between producing and non-producing lithologies. For instance, one interpretation pitfall is the 

very similar amplitude signature observed from permeable grainstones and laminites of the 

platform facies and in non-reservoir mudstones of the embayment facies when both are under 

superimposed tectonic deformation. Furthermore, high productivity facies do not always have a 

clear amplitude response due to seismic imaging issues. This can be observed in the excellent 

reservoirs (shrubby stromatolites) of the carbonate build ups and mounds, which are poorly 

illuminated beneath overlying complex salt bodies. These limitations often postpone commercial 

production if they lead to suboptimal well location during the appraisal and development phases. 

In deep water E&P projects, the increased time spent, and extra wells drilled during the 

appraisal and development phase decreases the final economic value of the project.  In this context, 

machine learning (ML) assisted seismic interpretation promises to speed up all the phases by 

helping to more rapidly identify not only the reservoir sweet spots, but also other features of 
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interest, like igneous bodies which can give rise to both drilling and flow problems. When seismic 

multi-attributes are derived and analyzed together, these features become more easily detectable 

(Chopra and Marfurt, 2007). However, for human interpreters, it is very time consuming to analyze 

each one of these attributes separately for facies classification. Unsupervised clustering techniques, 

in turn, can analyze multi-attributes in a high dimensional space and, thus, identify different 

clusters that have similar characteristics which can be extrapolated to carbonate and other 

lithologies. Unsupervised clustering also accelerates exploratory data analysis, highlighting 

seismic facies even in areas affected by seismic noise.ШAlthough attribute selection has strong 

human interaction and thus bias, these techniques provide a relatively unbiased view of the 

subsurface. 

 This paper describes the first work on machine learning in the Mero field and adjacent areas. 

We explored Self Organizing Maps (SOM) (Kohonen, 1982 and Matos et al., 2010), Generative 

Topographic Maps (GTM) (Bishop, 1998 and Zhao et al., 2015), and K-Means (Forgy,1965; 

Lloyd,1982; and Zhao et al., 2015). Seismic facies characterization with similar methodology has 

been attempted in deep water turbidites (La Marca & Bedle, 2022). We also enhance the analysis 

by comparing SOM, GTM and K-means results as well as the variations among these methods 

when different sets of input attributes are employed. 
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Area Location and Geological Background 

 

The studied area is the Mero Field in Santos Basin deep waters (Southeastern Brazil) (Figure 

2.1). It is a world class asset that was discovered in 2010 by Petrobrasôs wildcat drilling for 

Brazilian Petroleum Agency. In 2013, a joint venture composed of Petrobras (operator), Shell, 

TotalEnergies, CNPC, CNOOC, and PPSA companies carried out the operation. Since then, 

thirteen appraisal and twenty-five development wells have been drilled and commercial production 

started in April of 2022.  The Mero field is adjacent to the Central Libra Appraisal Plan, where 

only two exploratory wells have been drilled to date. This configuration is interesting because any 

pattern detected by machine learning at Mero Field can be immediately extrapolated to Central 

Libra once they are covered by the same seismic dataset (Figure 2.2). 

The Santos Basin is a passive margin basin that evolved from a continental rift that began in 

the Early Cretaceous (Neocomian/Barremian) (Figures 2.3 and 2.4). The basin started after mantle 

plume-driven lithospheric stretching with the rift phase half grabens concentrated in the stretched 

and thinned continental crust domains during the Barremian until the Early Aptian (Zalan, 2014., 

Stica, 2014) (Figure 2.4).  In these grabens, there are, from bottom to top: basic volcanic rocks, 

talc-stevensite sequences, lacustrine source rocks, and coquina deposits. In the Late Aptian, after 

the rift phase dominated by mechanical subsidence, a sag basin was developed with the deposition 

of lacustrine carbonate reservoirs of the Barra Velha Formation (BVE ï Figure2.3) mainly in flat 

platforms over basement horsts and build ups and mounds related to deep faults. At the end of the 

Late Aptian, when the oceanic stage began, a thick evaporite sequence was deposited, followed by 

a typical transgressive marine drift sequence during the Late Cretaceous and Tertiary. During the 
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Santonian, an alkaline magmatic event is responsible for the intrusion of mainly sills within BVE 

reservoirs and overlying evaporites (Moreira et al, 2007 and Carvalho and Fernandes, 2021). 

 

        
Figure 2.1. Location map of the Mero Field and Central Libra Appraisal Plan. 

 

                                     
Figure 2.2. Location map of the Mero Field and Central Libra Appraisal Plan with the wells and seismic dataset used in this study. 

Wells A to H have drill stem test (DST) data. Wells X1 to X5 were drilled for appraisal purposes. Wells A and C were selected as 

an injector-producer pair to support an anticipated production system test. 
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In the Mero field, the main reservoirs are Late Aptian post rift lacustrine carbonates of BVE 

(Figure 2.3), that is the main object of this paper. Secondarily, syn-rift coquinas from Itapema 

Formation (Figure 2.3) are also hydrocarbon producers (Carlotto and Silva, 2018). Within BVE, 

the main producing facies are carbonate build ups (BU) and mounds (MO) made by shrubby 

stromatolites and minor travertines related to deep faults over basement horsts. Other important 

producing lithologies are their associated platform facies (PF) where they are reworked as 

grainstones and rudstones intercalated with algal laminites and spherulitites. In the structural lows, 

there are embayment facies (EM) composed mainly of distal mudstones and magnesium rich clays 

which are non-reservoirs. All these units are commonly intruded by Santonian alkaline igneous 

bodies (IB) (mostly sills and minor dykes) (Sartorato et al., 2018) (Figure 2.5). Table 2.1 

summarizes the key elements of the Mero Field reservoirs.  

Another peculiarity of this area is the pervasive hydrothermal alteration of the reservoir 

characterized by moderate to strong silicification mainly within the build ups and mounds close to 

deep faults. Lima et al., (2020) showed petrographic and geochemical evidence of hydrothermal 

alteration of pre-salt lacustrine carbonate reservoirs in the Northern Campos Basin (Figure 2.6A). 

Tritla et al. (2013) identified the same kind of hydrothermal alteration within these carbonates in 

the Southern Campos Basin. Poros et al., (2017) identified the same processes at the conjugate 

margin in Kwanza Basin, offshore Angola (Figure 2.6B). It seems that these hydrothermal 

processes occured at a regional scale at both South Atlantic conjugate margins. It will be shown in 

the subsequent sections that, at Mero Field, this hydrothermal alteration has a strong positive effect 

on the reservoir productivity. The most productive wells are located in strongly silicified and 

karstified carbonate build ups and mounds. It will also be shown that hydrothermal vents, silicified 
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build ups and mound-like features are often seen in some seismic attributes and unsupervised 

clustering models. 

 
 

               
Figure 2.3. Santos Basin chronostratigraphic chart. The Barra Velha Fm (BVE) reservoirs are highlighted by the red rectangle 

(Modified from Carvalho and Fernandes, 2021 and Moreira et al., 2007). 
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Figure 2.4. Crustal domains of the Santos Basin proposed by Zalan (2014) based on Stica (2014). The numbers indicate: Mantle 

(1), Moho (2), Ductile Lower Crust (3), Conrad discontinuity (4), Brittle Upper Crust (5), Crystalline Basement top (6), Exhumed 

Mantle (7), and Oceanic Crust (8). Color code for the sedimentary units above the crystalline basement top are: Barremian Syn-

Rift (yellow), Early Aptian Syn-Rift (green), Late Aptian Pos-Rift (BVE-light blue), Late Aptian evaporite deposits (purple), Post 

Ryft Albian Carbonates (dark blue), siliciclastic Late Cretaceous and Tertiary drift sequences (light yellow). The blue rectangle 

indicates the crustal segment of the Mero Field area, (modified from Zalan, 2014). 

 
 

 
Figure 2.5.  Barra Velha Formation main depositional facies at Mero Field (modified from Sartorato et al, 2018). The intrusive 

igneous bodies are of Santonian age and alkaline signature. 
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Table 2.1 ï Key metrics of the Mero Field (after Carlotto and Silva, 2018). 

 

 
 
Figure 2.6. A) Proposed model by Lima et al., (2020) for pre-salt reservoirs of Northern Campos Basin. B) Hydrothermal alteration 

model proposed by Poros et al., (2017) for Kwanza Basin, Angola. 

 
 

Dataset 

 

We used marine 3D seismic data and reservoir parameters from 13 wells drilled at Mero 

Field and Central Libra (Figure2. 2) that will be described in the next subsections.  

 

Seismic Data 

 

The seismic dataset  comprises a Reverse Time Migration (RTM) full stack, angle stacks, 

and an interval velocity model obtained by Full Waveform Inversion (FWI). The acquisition is a 
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3D marine, broadband, narrow azimuth streamer towed survey acquired in 2012 (before any test 

or production had started) and reprocessed in 2016 (Figure 2.2). Due to its size (17 GB), the 

original dataset was cropped around the study area (Figure 2.2), and the final volume is 2 GB for 

each calculated seismic attribute and the velocity model (Figure 2.7). 

Seismic inversion data (both acoustic and elastic) provides one of the best means for facies 

discrimination and decameter flow unit identification (Penna and Lupinacci, 2020). However, such 

data are rarely available during early exploration phases (wildcat and appraisal drilling). When 

available, they may be unreliable due to lack of wells for more accurate wavelet estimation. As the 

main objective is to identify reservoir sweet spot as soon as possible in the E&P project timeline, 

in this work, we focus on the classical attributes described by Chopra and Marfurt (2007). They 

can be calculated in AASPI (Attribute Assisted Seismic Interpretation- http://mcee.ou.edu/aaspi/) 

and also in almost all of the seismic interpretation commercial software by using a full stack 

amplitude volume as input. In addition to these classical attributes, we also used as input the 

interval velocity model obtained via full waveform inversion (FWI), using higher frequency 

models (Castiello et al. ,2022), and Fattiôs AVO (Fatti et al., 1994) volumes using angle stacks. 

This seismic input suite is available for most modern exploration projects, even in frontier areas. 

Although more computationally expensive than the post stack attributes, these seismic velocities 

and AVO volumes commonly form part of modern deep water exploration workflows.

 

http://mcee.ou.edu/aaspi/
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Figure 2.7. 3D view of the input seismic cube after cropping around the area of interest. 

 

                     
Table 2.2 ï A) Seismic acquisition parameters; and B) Geometry of the cropped version of the velocity and reverse time migrated 

depth volumes. 
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Well data 

 

We used data from one wildcat and twelve appraisal wells drilled between 2010 and 2018. 

Wells A to H have both electric logs, rock and fluid samples and drill stem test data (DST), a 

temporary well completion technique for reservoir productivity data acquisition by measuring the 

reservoir pressure behavior during oil production and static periods (Bourdet, 2002). Wells X1, 

X2, X3, X4, and X5 have only electric logs and rock/fluid samples. Wells A (injector), C, H, and 

X3 (producers) were part of an anticipated production system (long term DST), during which they 

were put in production from 2017 to 2021 (44 months) for field scale measurements of productivity 

parameters (Figure 2.8).  

 

                         
Figure 2.8. 3D view of the base of the Barra Velha reservoir surface (and fault gaps) at Mero Field (left) and Central Libra Appraisal 

Plan area (right) showing the wells used in this study. 
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Figure 2.9. Workflow used in this study. (RTM = Reverse Time Migration, DST = Drill Stem Test), GLCM = Gray Level Co-

occurrence Matrix, K1 and K2 = maximum positive and negative curvatures, HT = Hilbert Transform, SOM = Self Organizing 

Maps, GTM = Generative Topographic Models). 

 

 

Method 

 

Seismic data conditioning, interpretation and attribute extraction 

 

Figure 2.9 shows the workflow applied in this study, and each step is detailed below. Each 

of the seismic data volumes described previously is 17 GB. For this reason, they were cropped 

about the area of interest (AOI) in the Mero Field and Central Libra Appraisal Plan area (Figures 

2.2 and 2.7). After cropping, each seismic volume became 2 GB and all of them were analyzed 

and interpreted in the depth domain. Table 2.2A summarizes the seismic acquisition parameters, 

and Table 2.2B describes geometry of the cropped seismic dataset. After seismic-well correlation, 

the top and base of the main reservoir unit (Barra Velha-BVE) were interpreted in the full stack 
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RTM volume. From this input volume, for the BVE reservoir, we calculated the following 

attributes which are thoroughly described in Chopra and Marfurt (2007): 

¶ Hilbert transform of the amplitude (HTAM): it is a complex trace attribute that mimics 

a seismic bandwidth acoustic impedance by ninety degrees phase rotation of the input 

amplitude volume (Taner et al., 1979). Any other kind of relative acoustic impedance 

attribute could be used instead. 

¶ Energy Ratio Similarity (ERS): it is a geometric attribute based on the eigenstructure 

of the covariance matrix formed from the traces in the analysis cube. It is good for 

identification of faults, fractures, and cavities (Gersztenkorn and Marfurt,1999). 

¶ Average frequency (AVF): it is another complex trace attribute computed using the 

Hilbert transform. The frequency values are close to the dominant frequency at the 

strongest reflection events (Taner et al., 1979). Lower frequency response can be 

attributed to intrinsic attenuation associated with higher permeability and geometric 

attenuation due to scattering related to fracturing and karstification (Zhang et al., 2008). 

¶ Gray Level Co-occurrence matrix (GLCM):it is a voxel-based texture attribute good 

for faults and fractures detection that has three main types (Haralick et al., 1973 and 

Matos et al., 2011):  

Á GLCM Energy (GLEN): measures the uniformity of lateral amplitude 

response. 

Á GLCM Entropy (GLET): measures the randomness of lateral amplitude 

response. 
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Á GLCM Homogeneity (GLEH): measures overall smoothness of an 

image. Highly contrasting voxels lead to low homogeneity values. For 

this reason, it is also good for reflector continuity assessment. 

¶ Maximum positive (K1) and negative (K2) curvatures: they are measurements of 

reflectors convexity (K1) and concavity (K2) by fitting circlesô curvatures. The 

reflectorsô curvatures are inversely proportional to the radius of the mentioned circles 

(Chopra and Marfurt, 2007). 

Additionally, we used a velocity model and an amplitude versus offset (AVO) attribute as inputs: 

¶ Interval velocity (VEL): It is the velocity model built via FWI during seismic 

processing. These velocity models have more frequency content than those obtained 

with tomography (Castiello et al.,2022) 

¶ Hilbert transform of Fattiôs Lambda-rho attribute (HTLR): It was obtained after 

computing the A and D terms of Fattiôs approximation of Zoepritzôs equation by using 

near and far angle stacks. According to Fatti et al (1994), the sum 2A + D is proportional 

to the sum of P and S reflectivity. When the Hilbert transform is applied to the Fattiôs 

Lambda-rho attribute, it mimics a seismic bandwidth P impedance minus S impedance 

volume (Ip-Is). 

 

Well data compilation 

 

For reservoir quality assessment, we used petrophysical totalization reports which contain 

the main reservoir parameters (porosity, gross pay, net pay, fluid type and water saturation). We 

also use the lithogeochemical spectroscopy log to identify hydrothermal zones identification by 
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measuring relative concentration of major chemical elements (Ca, Fe, Mg, Si, H and Cl) (Griffiths, 

2010). In wells with DST data, we compiled data of productivity index (flow rate divided by 

pressure drop times skin factor) and flow capacity (hydraulic transmissibility times fluid viscosity, 

known as kh). These two are the main parameters used for decision making for future production 

wells completion (Bourdet, 2002). For wells used in the anticipated production system, plateau oil 

production flow rates and gas injection rates values were compiled. In Table 2.3, we have all 

reservoir quality parameters for the BVE reservoirs at the Mero Field and Central Libra appraisal 

plan area. 

 
     

 
Table 2.3 ï Reservoir quality data compilation for wells (wildcat and appraisal) drilled at Mero Field and Central Libra appraisal 

plan area for the Barra Velha Formation (BVE). Wells in blue are those drilled in the sweet spot reservoirs: silicified shrubby 

stromatolites within build up facies. 
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Carbonate facies and related seismic attributes 

 

The reference reservoir facies model adopted for the Mero Field in this work is the one 

proposed by Sartorato et al. (2018) and modified in Figure 2.5. It is a well data based (logs and 

rock samples) simplistic but intuitive model that shows the distribution of the main facies observed 

at Barra Velha Formation across the field: build ups, mounds, platform facies, hydrothermal vents, 

embayment facies, and Santonian age igneous intrusions. The main reason for choosing the 

attributes described above is their availability at all phases of any E&P project and the very low 

correlation between the chosen attributes shown by their correlation matrix (Table 2.4). The lower 

the correlation among these, the higher the individual contribution of the attributes for facies 

discrimination (non-redundant attributes). For example, as the GLCM attributes have very high 

correlation among them (redundant attributes), a test with SOM after removing both entropy and 

homogeneity was undertaken. Based on the authorsô experience in carbonate facies seismic 

identification (Maas et al., 2019), each facies were associated with a seismic signature observed at 

each one of the seismic attributes and are summarized in Table 2.5. 

In Figure 2.10, we can observe different attribute signatures of the carbonate facies. I focus 

here on the main features of interest: silicified carbonate build ups and mounds (main producers 

sweet spot reservoirs) and igneous intrusions (they act as drilling and flow barriers). The carbonate 

build ups (BU) and mounds (MO) are often characterized by: 

¶ negative HT anomalies (amplitude and FattiËs Lambda-Rho), due to acoustic impedance 

drop after hydrothermal silica precipitation (lower density than calcite). 

¶ low energy ratio similarity, GLCM energy and homogeneity anomalies related to 

faults/fractures/karstification. 
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¶ high K1 anomalies related to its convex up geometry. 

The igneous intrusions (IB) have the following signatures: 

¶ positive HT anomalies (amplitude and FattiËs Lambda-Rho), due to their intrinsic high 

acoustic impedance. 

¶ high energy ratio similarity, GLCM energy and homogeneity anomalies related to their 

massiveness, continuity and lack of faults, fractures and caves. 

¶ near zero K1-K2 values related to its flat geometry. 

 
                        

 
Table 2.4 ï Correlation matrix of selected attributes within the Barra Velha Formation at the studied area. The closer to 1 or -1, the 

higher the correlation. The values shown in red are the high correlation among the redundant GLCMËs attributes. 
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Table 2.5 ï Attributes signatures related to each facies of the Barra Velha Formation at the studied area. 
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Figure 2.10. 3D view of different seismic attributes used in this study. All of them were extracted within the Barra Velha Formation 

using its top and bottom horizons. A) Conceptual depositional model for the Barra Velha Formation of the Mero Field proposed by 

Sartorato et al., (2018). (BU= Build Up, PF= Platform facies, MO= Mounds, EM= Embayment facies, IB= Igneous bodies); B) 

Depth map of top of Barra Velha surface; C) Hilbert Transform of Amplitude; D) Hilbert Transform of FattiËs Lambda-Rho; E) 

Interval velocity; F) Energy Ratio Similarity; G) GLCM Energy; H) GLCM Entropy; I) GLCM Homogeneity; J) Average 

frequency; K) Maximum positive curvature; L) Maximum negative curvature. 
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Unsupervised clustering basic theory 

 

Among the unsupervised clustering techniques, there are some that can cope with seismic 

multi-attributes. They are cross plotted in a n-D space where n is the number of input attributes 

and, thus, detect clusters with similar attributes responses and subtle variations that are not 

perceptible for human interpreters (La Marca, 2020). As it is unsupervised, nothing but 

normalization is done with the input attributes, and the output models are then interpreted 

according to the geology of the area. The theoretical aspects of each clustering technique will not 

be detailed here. A very good explanation of SOM can be found in the works of Kohonen (1982), 

Matos et al. (2010), and La Marca (2020). Zhao et al., (2015) have done a good explanation on 

GTM and K-means clustering techniques.  

After the outlier removal, each input attribute is normalized to avoid problems with different 

ranges of the inputs. The normalization method used here was z-score, in which all the inputs have 

a distribution with mean equal zero and standard deviation equal one. After this, covariance 

matrices were computed, normalized inputs were cross plotted in a high dimensional space (one 

dimension per attribute) and distances from the prototype vectors to each data point were 

calculated. In K-means, clustering is performed using the mean values of each one of the optimal 

number of clusters (in this case, eight). In SOM, this is done by competition of the prototype 

vectors when their distances to the data points are calculated. In GTM, the distances are better 

calculated using probability density functions. The final clusters are then projected onto a lower 

dimensional manifold using the eigenvectors (Zhao et al, 2015).  In AASPI, both SOM and GTM 

algorithms calculate a maximum number of 256 clusters after projection onto the latent space 

(Figure 2.11). This leads to a high capability of subtle variations identification among the clusters. 
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The interpreter can use his geological reasoning to merge the output clusters according to a priori 

knowledge. In the K-means algorithm, the number of clusters is limited to a much lower value 

(eight in our case after testing a range between four and twelve). This led to some limitations that 

will be further detailed. 

For comparison purposes, unsupervised clustering was performed using three different 

methods and two attribute combinations: 

 1) SOM1, GTM, and K-means (six attributes): using Hilbert transform of FattiËs Lambda-Rho, 

interval velocity, energy ratio similarity, GLCM energy, and K1-K2 curvatures.  

2) SOM2 (eight attributes): using Hilbert transform of amplitude, average frequency, energy ratio 

similarity, GLCM (energy-entropy-homogeneity), and K1-K2 curvatures. 

The objective of this comparison is to evaluate which clustering technique produces a more 

geologically reasonable result and the impact of different attribute number and combinations on 

the clustering performance in terms of computation time.  

The final clustered volumes (four models) were converted to SEG-Y format and exported to 

a commercial seismic interpretation software, where vertical sections and 3D opacity techniques 

were applied to better visualize the features of interest as the most productive carbonate buildups 

(and non-drilled similar structures which can be considered as appraisal candidates) and intrusive 

igneous bodies. 
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Figure 2.11. A) Hyperdimensional cross plotting: The number of dimensions of clustering is equal to the number of input attributes, 

in our case from 6 to 8.  B) illustration of the basic theory of the clustering algorithms. SOM= Self Organizing Maps, GTM= 

Generative Topographic Maps. (Modified from Zhao, 2015).  

 
 

Results 

 

In terms of computational time for clustering, SOM and GTM took 1.5 hours and K-means 

took 0.35 hours using 32 processors of a 64 GB RAM, 2.8 GHz central processing unit. 

Figure 2.12 shows the four different models generated by the clustering algorithms with 

different attribute combinations. These models are compatible with the published ones made by 

human interpreters (Figures 2.5 and 2.6) but with the advantage that they took much less time to 
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be built. In Figure 2.13A, we have a structural map of the top of BVE reservoir with the studied 

wells and one of the identified leads (possible appraisal candidates). It also shows the paths of the 

vertical sections of Figure 2.14. In Figure 2.13B, the 2D color bar of the four final clustering 

models are shown.  

 

Vertical sections 

 

Figure 2.14 shows four vertical sections passing through three of the studied wells (with their 

composite logs) and one of the identified leads. The model SOM2 was omitted due to page space 

limitations and its high similarity to the SOM1 model.  For each one of the wells and the lead, the 

figure shows the seismic input (RTM full stack), SOM1, K-means, and GTM models. At the Well 

C location, all of the clustering algorithms identified the igneous body at the BVE reservoir top. 

At this well, BVE is represented by platform facies mainly composed of spherulitites, grainstones 

and laminites with medium to high reservoir quality parameters (Table 2.3). These platform facies 

(PF) were better highlighted by the GTM model probably due to its probabilistic approach of 

clustering. In SOM1 model, they are less evident, but the clusters are more prone to interpreted as 

platform facies. In K-means model, both platform end embayment facies (EM) related clusters 

were merged into one, which represents a limitation due to the much lower number of clusters 

(eight) of the K-means algorithm compared to the 256 clusters of both SOM and GTM. But even 

with this drawback, the igneous bodies were clearly detected by the K-means model. Nearby Well 

C location, mounds (MO) and hydrothermal vents (HV) features can be observed. This can be an 

explanation for the above average productivity parameters (both productivity index and flow 
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capacity compiled at Table 2.3) when compared to other platform facies wells (Wells D, F, G, and 

H).  At Well X4 location, the worst well in the area in terms of reservoir quality, all models detected 

the very low porosity and permeability mudstones of the embayment facies (EM) (non-reservoirs) 

intruded by the igneous bodies (IB). At Well X3, the most productive well drilled so far in the 

Mero Field, the porous and permeable carbonates of BVE (Table 2.3) related to shrubby 

stromatolitic build ups are strongly silicified and karstified due to a pervasive hydrothermal event 

which is well documented by Petrobras internal reports. Due to net porosity gain, this hydrothermal 

silicification is responsible for the excellent reservoir parameters and productivity shown at Table 

2.3. At this well location, all the four models detected the build up feature. At the lead location at 

the Central Libra Area (close to Well X5), all clustering models identified a likely carbonate build 

up feature very similar to that drilled by wells A, X1, X2, X3, and X5. For this reason, it is as a 

good candidate for future drilling.  

 

3D view of the clustering models 

 

 Next, geobodies of the main features of interest were extracted: the carbonate sweet spot 

reservoirs (mainly build ups and mounds) and the intrusive igneous bodies. Secondarily, platform 

facies and hydrothermal vents were also highlighted. An opacity mask was applied for each model, 

through which only desired clusters related to the interpreted feature are visible. In Figure 2.15, 

we can observe the four final clustering 3D models with opacity to the best feature detected by 

each model. In Figure 2.15A, the SOM1 model detected with a high degree of precision the 

Santonian intrusive igneous bodies (pink geobodies- mostly sills). The wells B, C, D, X3, and X4 

have penetrated those sills. In Figures 2.15B and 2.15D, we can note the geobodies of sweet spot 
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reservoirs, mainly the build ups and mounds composed of highly fractured, karstified and silicified 

shrubby stromatolites. Secondarily, we can see, mainly in the structural lows, subvertical dyke-

like features that are interpreted as hydrothermal vents that are probably responsible for the 

pervasive silicification observed in this area. In Figure 2.15C, we applied opacity to both buildups, 

mounds, hydrothermal vents and platform facies-related clusters. In this 3D view, we can see at 

the structural highs (above the oil water contact- OWC), the lateral continuity of the platform facies 

connecting the build ups and mounds, this is an explanation to the hydraulic connection observed 

at Mero field and its disconnection related to Central Libra Area. In Figures 2.15B, 2.15C, and 

2.15D, we can observe undrilled features that are very similar to those penetrated by highly 

productive wells (X3 and C) and very high-quality BVE reservoirs wells (A, X1, X2, X3, and X5). 

The features identified around Well X5 are likely thick (> 300 m) carbonate build ups with very 

high porosity, permeability and also very high productivity index and flow capacity values. 
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Figure 2.12. 3D view (Inline, Crossline and base of Barra Velha reservoir surface) of four final clustering models for BVE reservoir 

at the studied area. A) SOM1 using six attributes: HTLR, VEL, ERS, GLEN, K1, and K2. B) SOM2 using eight attributes: HTAM, 

AVF, ERS, GLEN, GLET, GLHO, K1, and K2. C) GTM using six attributes: HTLR, VEL, ERS, GLEN, K1, and K2. D) K-means 

using six attributes: HTLR, VEL, ERS, GLEN, K1, and K2. E) 2D color bar of the unsupervised clustering models, use this color 

bar when examining Figure2.14. 

 

                                            
 
Figure 2.13. Seismic structural map of top of Barra Velha (BVE) reservoir with the studied wells and one lead. The horizontal 

white lines are the vertical sections paths shown in Figure 2.14.  
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As they were not used for any training, the wells are very good blind tests. When they are 

plotted over the clustering results, one can realize that the build ups and mounds sweet spot 

reservoirs (excellent producers), platform facies (mild producers), sill intrusions and embayment 

facies (non-reservoirs) are coincident with distinct clusters that are mappable in three dimensions. 
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Discussion 

 

The attribute combination used in this work has a high geological significance as most 

of them have a high individual contribution for facies discrimination (very low correlation 

between attributes). Furthermore, as seen in Figures 2.12 and 2.14, at each clustering model, 

we can see the signature of certain attributes. For example, at the build ups and their vicinity, 

it is clearly seen that vertical features are highlighted by the ERS attribute, which has great 

impact on the delineation of the build ups, mounds, and hydrothermal vents due to their high 

degree of fracturing, karstification and silicification (Figure 2.10F). In Figure 2.10K, we can 

see the positive values of K1 aligned over the main build up crests. The combination of these 

two attributes with the others presented here seems to be enough to avoid ambiguity.  

From the four final models, SOM1, SOM2, and GTM are very similar, where GTM 

showed better facies discrimination probably due to its probabilistic approach during the 

clustering. The K-means limitations regarding the low number of output clusters affected the 

discrimination between the platform and embayment facies as their related clusters were 

often merged, which represents a drawback for this purpose. On the other hand, the build 

ups, mounds and hydrothermal vents were very well delineated by the K-means algorithm, 

and it took one third of the computational time. For this reason, K-means seems to be an 

effective build up detector. The combination of these three clustering techniques was very 

opportune since it showed that some worked better than others for platform facies 

identification (GTM). For build ups, mounds and hydrothermal vents all of them worked 

appropriately. Build up like features were spotted in the NE and SE area of X5 well at Central 
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Libra Area and could be considered as future targets for appraisal drilling for either oil 

production or CO2 injection. 

It is very important to mention that seismic identification of most productive reservoirs 

is vital for project optimization. For example, targets like the Well X3 can produce up to 

48,000 barrels per day (bpd). Only four pairs of production-injection wells are required to 

fulfill the capacity of a 180,000 bpd Floating Production, Storage and Offloading unit 

(FPSO). For wells like D, E, F, G, and H (that can produce up to 20,000 bpd), nine pairs of 

wells are necessary to fulfill the capacity of the same FPSO. 

The attribute combination used in this work is available for any of the Brazilian pre-

salt exploration blocks and their geology is roughly similar to the Mero Field area (mainly 

for the BVE reservoirs). If working with other geological settings, other attribute 

combinations should be tried. Because the input attributes are normalized, and covariance is 

the main metric for high dimensional clustering projections, this methodology can be applied 

to other seismic surveys. We tested the same attribute combination and SOM clustering in 

another Petrobrasô confidential dataset and the same results were observed: the sweet spot 

reservoirs drilled and tested by wells were identified within the SOM clusters. So, the same 

combination can be used in unsupervised clustering for reservoir de-risking in future 

exploration projects for wildcat and appraisal drilling optimization.  
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Conclusions 

 

In our unsupervised machine learning analysis of Mero Field, we find that using 

instantaneous, geometric, interval velocity, and AVO attributes available early in the 

exploration phase of an oil field, can differentiate highly productive sweet spots and 

moderately productive platform facies from non-reservoir mudstones and igneous rocks, that 

form flow barriers and can cause drilling problems. We chose attributes to be not only 

geologically meaningful in terms of target facies, but also mathematically independent. 

Given the overall high-quality depth migrated amplitude volume used, our only processing 

task was some gentle data cleaning and attribute normalization.  The proximity of Mero Field 

to the Central Libra Appraisal Plan, where only two exploratory wells have been drilled to 

date, showed that the patterns identified at the Mero Field can be readily applied to the 

Central Libra Area. The SOM, GTM, and K-means clusters from the Central Libra Area are 

similar to the sweet spots identified at the Mero Field, providing good targets for future 

drilling, and later in the life of the oilfield, for CO2 injection. The attribute combination and 

methodology presented here can be applied to any area with geological similarity for both 

exploration, appraisal and development optimization.  
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pre-salt carbonate reservoir productivity: a shallow versus 

deep machine learning approach. 
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Interpretation 12(4):1-61. https://doi.org/10.1190/int-2023-0113.1 

 

 

Abstract 

 During the initial phases of an E&P project, the most reliable data on the reservoirôs 

deliverability are acquired via drill stem tests (DST), which provide productivity per flow 

units, whenever production logging tool (PLT) data are available.  However, DSTs are 

restricted to a few kilometers, whereas seismic data cover large areas. The integration of these 

data has been challenging, particularly due to the difference in scale between them.  So, a 

new workflow to determine the relationship between post-stack seismic attributes and 

reservoir productivity using classic supervised (shallow) and deep learning regression 

algorithms was proposed. The DST parameters were predicted over the entire seismic cube, 

which can be extremely valuable for the decision-making process. The dataset is from the 

Brazilian deep water pre-salt carbonate reservoirs of the Mero Field, which is a well explored 

area with a plethora of test and production data. It is adjacent to an underexplored area 

(Central Libra appraisal plan), which is covered by the same seismic survey. Thus, any 

http://dx.doi.org/10.1190/int-2023-0113.1
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relationships between seismic attributes and well productivity data observed at the Mero field 

are extrapolated to the adjacent underexplored area. Ten seismic attributes and DST data from 

ten wells of Mero Field were used to train shallow and deep learning supervised regression 

algorithms for the prediction of flow capacity and productivity index seismic cubes. Twenty 

development wells (blind tests) were employed for the assessment of our predictive models. 

The highest percentage of correct predictions at the blind test wells (85%) was obtained with 

random forest regression using six attributes derived from a spectrally balanced full-stack 

volume, neither AVO nor inversion data were needed. Deep learning provided lower 

performance (75%) at a higher computational cost. It demonstrated a new reservoir de-risking 

tool that can be used for project optimization in areas covered by the same seismic survey. 

 

Introduction  

 
 

Before the commercial production of an oil field, drill stem tests (DST) are usually the 

most reliable reservoir productivity data. In a very simplistic view, a DST consists of 

production (or injection) of fluids from the perforated interval and measurements of rates and 

pressure variations. Its interpretation leads to two key parameters for reservoir 

characterization: total flow capacity (FC ï also known as kh), and productivity index 

(PI).  When a production logging tool (PLT) is also available, it is possible to observe the 

contributions of the layers within intervals, also known as flow units, for the total result 

(Bourdet, 2002). Depending on the reservoir nature, flow units identified through PLT have 

thicknesses compatible with the seismic resolution. This observation leads us to the challenge 

of determining the relationship between DST parameters and seismic multi-attributes to 



 

ΠΥ 
 

predict reservoir productivity as early as possible in the E&P projects timeline with an aim 

their speed up and optimization.  

Some researchers have been working with reservoir prediction using well data (well 

logs and cores) and seismic inversion attributes (acoustic and elastic impedance) to primarily 

predict porosity and permeability, without using dynamic reservoir data from DSTs (Mitra 

and Khara, 2001; Taboada et al., 2001; Raeesi et al., 2012; Alfarraj and Alregib, 2018; 

Abdulaziz et al., 2019; Anifowose et al., 2019; Hosseini et al., 2019). In the Mero Field 

(Brazilian Deep Water ï Pre-Salt), our study area, Penna and Lupinacci (2020) used seismic 

inversion attributes, well log, and core data to predict decameter scale flow units. These 

procedures are effective for field development optimization but cannot help the exploration 

teams that lack reliable seismic inversion data because of the low number (if not zero) of 

wells for an accurate wavelet estimation. In this work, we focus on understanding the 

relationships between easy-to-obtain seismic attributes and carbonate reservoir productivity 

at Mero Field. It is a continuation of the work of Maas et al., (2023), which qualitatively 

detected sweet spot reservoirs through unsupervised clustering of seismic multi-attributes. 

This time, we explored three classical (shallow) supervised machine learning (ML) 

algorithms (random forests-RF, support vector machines-SVM, and K-nearest neighbors - 

KNN), and deep neural network (multi-layer perceptron-MLP) for prediction of both FC and 

PI by training them with DST/PLT data of ten wells and ten different seismic attributes 

(instantaneous, geometric and AVO). The predictions were made over the entire seismic cube 

covering the Mero Field (in commercial production since April 2022 but producing since 

2017) and Central Libra Appraisal Plan Area (CLAP), which currently is still in the 

exploratory stage. We used DST data from twenty development wells, as blind tests for our 

predictive modelôs assessment as they were not used for any training.  
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Figure 3.1.  A) Location map of the Mero Field and Central Libra Appraisal Plan (CLAP) area; B) Wells and seismic dataset 

used in this study. Wells A to H have drill stem test (DST) data. Wells X1 to X5 were drilled for appraisal purposes. Wells 

A and C were selected as an injector-producer pair to support an anticipated production system test (Modified from Maas 

et al., 2023). 
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Area location and geological background 

 

 The Mero Field (Santos Basin deep waters, SE Brazil, Figure 3.1A) was discovered 

in 2010 and, since 2013 the operations have been conducted by a joint venture composed of 

Petrobras (operator), Shell Brasil, TotalEnergies, CNPC, CNOOC, and PPSA (Brazilian 

Government Representative), commercial production started in 2022. It is adjacent to the 

CLAP area, which has only two exploratory wells drilled (one discovery and one dry well). 

As both areas are covered by the same seismic survey, any machine learning pattern detected 

at Mero Field can be immediately extrapolated to the underexplored adjacent area (Figure 

3.1B) (Maas et al., 2023). 

 The Santos Basin evolved from a continental rift in the Early Cretaceous 

(Neocomian/Barremian) to a passive margin in the Late Cretaceous and Tertiary (Moreira et 

al., 2007) (Figures 3.2A and 3.2B). Further details on Santos Basin tectonostratigraphic 

evolution can be found in Moreira et al., (2007); Zalan, et al., (2014), and Stica (2014).  The 

main reservoirs of the Mero field are Late Aptian post-rift lacustrine carbonates of the Barra 

Velha Formation (BVE), which are the focus of this analysis. The most important producing 

facies are build ups and mounds composed mainly of shrubby stromatolites over basement 

horsts and adjacent to deep faults (Figures 3.2A and 3.2C). Secondarily, there are producing 

lithologies related to platform facies composed of grainstones and rudstones (reworked from 

adjacent build ups and mounds) intercalated with algal laminites and spherulitites. In the 

depositional lows, there are distal facies (non-reservoirs) composed mainly of mudstones and 

magnesium rich clays (Sartorato et al., 2018) (Figure 3.2C). In the Mero Field, the BVE 

lithologies are intruded by Santonian age alkaline igneous bodies with negligible thermal 
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effect on the reservoir (thin metamorphic aureole), and the intrusive sills themselves act as 

flow barriers within the reservoir (Oliveira and Rancan, 2019). A pervasive hydrothermal 

alteration of the reservoir is characterized by moderate to strong silicification mainly within 

the build ups and mounds close to deep faults (Figure 3.2A). It is a regional process that is 

well documented in literature by Lima et al., (2020); Tritla et al., (2013); and Poros et al., 

(2017). While these studies advocate a regional hydrothermal system, other researchers 

(Oliveira and Rancan, 2018; Kangxu et al.,2019, Oliveira and Rancan, 2019, Oliveira et al., 

2024) associated the hydrothermal vents observed at Mero Field seismic data with the 

Santonian igneous intrusions. The exact timing of the hydrothermal event is still under 

investigation.  At most of Brazilian pre-salt fields, this silica-rich hydrothermal alteration has 

a strong positive effect on the reservoir productivity. The most productive wells were drilled 

in strongly silicified and karstified carbonate build ups and mounds (Sartorato et al., 2020). 

However, some severe drilling issues occur within those highly productive reservoirs, like 

severe circulation losses due to the cave system and very low rates of penetration due to the 

silicified cave walls (Rubim et al., 2022; Gon­alves et al., 2022, Petrobras internal reports). 

In some cutting samples descriptions, both microcrystalline and cryptocrystalline quartz are 

reported, indicating that, in some places, the giga pores are metric to decametric cavities with 

quartz crystal walls. Thus, pre-drilling prediction of these highly productive and hard-to-drill 

reservoirs is important for both field operations and project profitability optimization. 
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Dataset 

 

 We analyzed 3D seismic data and dynamic reservoir parameters from twenty-seven 

wells drilled at Mero Field and CLAP area (Figure 3.1B). It is the same dataset used by Maas 

et al., (2023) with the addition of fourteen more development wells that were used for 

supervised machine learning predictive modelsô assessment. 

ШШШ 

Figure 3.2.  A) Structural section interpreted from original seismic amplitude volume (RTM depth migrated). The section 

trajectory is plotted over the top of the BVE reservoir surface. Section A-Aô passes through wells I (training well, hyper 

producer), C (training well, good producer), and BT19 (blind test well, highly injective). Well C penetrated highly 

productive carbonate platform facies (mainly grainstones made by build ups reworking and laminites) close to a 

hydrothermal vent associated with deep faults. Injection well BT19 was drilled at fault footwall, is highly injective, and the 



 

ΡΟ 
 

main reservoir is made by gravitational deposits from build up reworking. White arrows indicate paths for hydrocarbons 

(HC), carbon dioxide (CO2), and silica (Si) rich fluids through reactivated faults that acted as hydrothermal vents. B) 

Chronostratigraphic chart of Santos Basin: BVE reservoir is composed of sequences K44, K46, and K48 (modified from 

Moreira et al., 2007). C) Our depositional model of the BVE reservoir at Mero Field (modified from Sartorato et al., 2018). 

 

Seismic data 

 

We derived classical seismic attributes described by Chopra and Marfurt (2007) from 

depth migrated (Reverse Time Migration - RTM) full and angle stacks that cover both the 

Mero Field and CLAP area (Figure 3.1B). In addition to these classical attributes, from angle 

stacks, we also used as input Fattiôs AVO attribute, which mimics a seismic bandwidth 

lambda-rho (Fatti et al., 1994). This seismic input suite (full stack and angle stack derived 

attributes) is the most common in areas at exploratory stage, where reliable seismic inversion 

data is absent (Maas et al., 2023). 

 

Well data 

 

We used data from eight exploration and appraisal wells for the training dataset and 

data from twenty development wells as blind tests for prediction assessment (Figure 3.1B). 

Wells A to J have both electric logs, rock and fluid samples, and drill stem test data (DST). 

Wells X1, X4, and X5 have only electric logs and rock/fluid samples. Wells A (injector), C, 

H, and BT17 (blind test) have also extended DST data (44 months) and production history 

(anticipated production system). The main DST parameters are flow capacity (FC= 

transmissibility * fluid viscosity), productivity index (PI= flow rate/pressure variation), and 
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production logging tool (PLT) flow units, which are individual or multiple permeable 

reservoir units that contribute to well productivity. 

 

Method 

 

The workflow is summarized in Figure 3.3 and will be detailed in the next subsections. 

Each of the seismic data volumes is 17 GB in size. For this reason, they were cropped around 

the area of interest (AOI) in the Mero Field and CLAP area (Figure 1B). After cropping, each 

seismic volume is reduced to 2 GB size, and all of them were analyzed and interpreted in the 

depth domain. The seismic grid is 25 x 25 x 5 m, other acquisition and processing parameters 

can be found in Maas et al., (2023). 

 

Seismic data conditioning, and attribute extraction 

 

The analysis started with a basic seismic data interpretation workflow, which 

comprises seismic-well tie, top and bottom of BVE reservoir horizon picking, and finally, 

attribute computation.  From the full stack volume, we derived nine seismic attributes: Hilbert 

transform of amplitude (HTAM), sweetness (SWEET), energy ratio similarity (ERS), 

average frequency (AVF), gray level co-occurrence matrix energy- GLCMs (energy-GLEN, 

entropy-GLET, homogeneity-GLEH), maximum positive (K1), and maximum negative (K2) 

curvatures. From the angle stacks, we calculated the Hilbert transform of Fattiôs lambda-rho 

(HTLR- an AVO attribute). Detailed descriptions of each attribute can be found at Chopra 

and Marfurt, (2007).  The reasoning for the selection of these attributes can be found at Maas 
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et al., (2023). They found that instantaneous (HTAM, AVF, SWEET), geometric (K1, K2, 

ERS), pixel-based texture (GLCMs), and AVO (HTLR) attributes are geologically 

meaningful for facies prediction at BVE reservoirs using unsupervised clustering algorithms. 

Figure 3.4 shows 3D views of each one of the ten input seismic attributes at the top of the 

BVE reservoir. 

 

Figure 3.3. Workflow used in this study. Acronyms: DST (drill stem test), PLT( production logging tool), AASPI (attribute 

assisted seismic interpretation), SWEET (sweetness), HTAM (Hilbert transform of amplitude), ERS (energy ratio 

similarity), AVF (average frequency), GLEN (gray level co-occurrence matrix energy), GLET (gray level co-occurrence 

matrix entropy), GLEH (gray level co-occurrence matrix homogeneity), K1 (maximum positive curvature), K2 (maximum 

negative curvature, HTLR (Hilbert transform of Fattiôs lambda-rho), AVO (amplitude versus offset), FC (flow capacity), PI 

(productivity index), RF (random forest), KNN (K-nearest neighbors), SVM (support vector machine), GSCV (grid search 

cross validation), MLP (multi-layer perceptron). 
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Well dynamic data compilation and training dataset structuration 

 

 The Mero field wells with DST and/or PLT data at BVE formation were separated 

into three groups (Figure 3.5): i) mild producers, mostly related to lower energy platform 

facies: their typical FC values fall between 1,000 and 10,000 mD.m. The PI values are less 

than 100 m3/d.kgf.cm2. The average oil production at BVE is 8,000 barrels of oil per day 

(bpd). ii) good producers related to high energy platform facies and low energy facies close 

to hydrothermal vents or mounds: FC values between 10,000 and 85,000 mD.m, PI values 

between 100 and 500 m3/d.kgf.cm2, and average daily oil production at BVE of 24,000 bpd. 

iii) hyper producers related to karstified and silicified mounds and build ups. Their FC values 

explode to hundreds of thousands of mD.m and the PI values also explode to more than 1000 

m3/d.kgf.cm2. Wells like these have the highest oil flow rates observed at BVE formation 

(48,000 bpd). Note that as FC and PI are strongly linearly correlated (R2 = 94.7%), both can 

be targeted as predicted outputs (Figure 3.5). It is important to mention that the FC and PI 

values are not restricted to depositional facies. Despite the hyper flow units being most 

common within the silicified build ups and mounds, they also occur within the platform and 

distal facies close to hydrothermal vents. One good example is Well C, it drilled silicified 

reworked grainstones close to deep faults that acted as pathways to hydrothermal silica-rich 

fluids (Figure 3.2A). As a result, its FC and PI values (50,000 mD.m and 370 m3/d.kgf.cm2, 

respectively) are significantly above the average of the non-altered platform facies (FC < 

10,000 mD.m and PI < 100 m3/d.kgf.cm2). 

Among the two first groups of wells, the platform facies ones, BVE carbonates are 

mainly composed of interbedded layers of in situ spherulitites, microbial mats, and 
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grainstones (Figures 3.2A and 3.2C). Due to the layered nature of the reservoir, the horizontal 

permeability is higher than the vertical one. Consequently, wells that drilled such reservoirs 

often show vertically isolated flow units that can only be indicated through production 

logging tools (PLT). At the hyper productive reservoirs from the silicified build ups and 

mounds, the dissolution caused by at least two karstification events (one meteoric and one 

hydrothermal) yielded a metric to decametric scale highly interconnected cave system which 

makes both vertical and horizontal permeability equally extremely high. Therefore, at the 

very porous and permeable build ups and mounds, no PLT is required once the whole tested 

interval is contributing to oil flow. Souza et al., (2021) describe the corrosive effect of silica-

rich fluids when they percolate layered carbonate reservoirs. 

For building the training dataset, we compiled FC and PI information from wells A, C, 

D, G, H, I, and J. We note that Well X4 found no reservoir at BVE, just intercalation of distal 

mudstones with Santonian intrusive igneous bodies. To avoid biased information in the 

training dataset due to the existence of only productive wells DST data, we assume that both 

FC and PI values are zero at very low porosity mudstones and igneous intrusions. For this 

reason, we included Well X4 and pseudo-wells C1 and C2 as non-producers to 

counterbalance the potential biasing in the training dataset (Figure 3.6A). In the Mero field, 

most of the flow units identified through DST are compatible with the seismic resolution of 

the area (25 - 40m) (Figure 7). For this reason, we can use seismic attributes for FC and PI 

prediction for the whole seismic cube, within BVE interval. At each well with DST/PLT data, 

at the tested interval depths, we extracted seismic mini-cubes (9 traces around the well) of 

each one of the ten input seismic attributes. Therefore, for each one of the ten wells, at the 

tested intervals of the BVE reservoir, we have mini-cubes (prisms) of ten seismic attributes, 

flow capacity, and productivity index, totalizing 4968 data points in the training dataset 
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(Figures 3.6B, 3.6C and 3.6D). As the seismic sample interval in the z direction is 5 m, and 

the seismic grid is 25x25 m in the x and y directions, the number of training voxels per well 

ranges from 270 at the thinnest perforated zone (145 m at Well G) to 657 voxels at Well C 

(360 m thick perforated zone). These seismic mini-cubes were converted into SEG-Y files, 

then into NumPy arrays, and, finally into a Pandas data frame which is composed of ten rows, 

each one related to the input seismic attribute (independent variable or feature) and another 

row with the predicted output (FC or PI values from DST/PLT) (Table 3.1). 
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Figure 3.4. 3D view of the seismic attributes used in this study at the top of Barra Velha reservoir surface. A) Depositional 

model of BVE reservoir at Mero Field (modified from Sartorato et al., 2018); B) Top of BVE reservoir surface; Seismic 

attributes: C) Hilbert transform of amplitude; D) Hilbert transform of Fattiôs Lambda Rho; E) Sweetness; F) Energy ratio 

similarity; G) GLCM energy; H) GLCM entropy; I) GLCM homogeneity; J) Average frequency; K) Maximum positive 

curvature- K1; L) Maximum negative curvature-K2. Geologic features acronyms: BU (Build ups), MO (Mounds), HEP 

(high energy platform facies), LEP (low energy platform facies), DF (distal facies), HV (hydrothermal vents), (Modified 

from Maas et al., 2023). 
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Figure 3.5. DST data compilation at BVE formation at Mero Field. This cross plot shows the linear relationship between 

flow capacity (FC- x axis, logarithmic scale) and productivity index (PI-y axis) obtained through DST. At the left top corner, 

we have the box plots of FC and PI respectively. Most of the DST data were acquired at mild (8,000 bpd oil production) 

and good producers (24,000 bpd) from low and high energy platform facies respectively. When closer to hydrothermal vents, 

these platform reservoirs have higher FC and PI values. The hyper productive wells from silicified build ups and mounds 

represent anomalies related to very high transmissibility reservoirs characterized by karstified and fractured stromatolitic 

accumulates. At the Mero field, these sweet spot reservoirs can produce up to 48,000 bpd (BVE only). Note that both FC 

and PI are not totally related to depositional facies, the hydrothermal events altered all facies and, as a result, enhanced pre-

existing transmissibility, mainly at the build ups and mounds. 

 

Exploratory data analysis 

 

First, we applied min-max (0-1) normalization to each one of the ten input attributes. 

With Pandas library functions, we calculated the main statistical parameters such as mean, 

correlation, and covariance. Figure 3.8A shows a heatmap of the correlation between each 

one of the ten input attributes and flow capacity. It can be observed that the correlation is 

very low (close to zero) for all the attributes, this indicates that with one attribute at a time, 

it is not possible to predict flow capacity. When comparing the attributes, the correlation 
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between them is also low. The exceptions are the GLCM attributes which have high 

correlation (0.6 ï 0.9). However, where the correlation is lower than 0.75, they still 

complement each other and, therefore, are not redundant. This makes them useful for 

contributing individually to machine learning based predictions of FC and PI. 

In Figure 3.8B, we present a pair plot (Seaborn library) of some of the normalized input 

attributes, the hue is the FC value. Note that for almost all the attributes, there is no linear 

separability. The only exception again is related to the GLCM attributes given their higher 

correlation. Figure 3.9 contains the histograms of each one of the ten input attributes and the 

flow capacity values were grouped into the three distinct categories mentioned before (0-

10,000 mD.m, mild producers; 10,000-85,000 mD.m, good producers; >85,000 mD.m, hyper 

producers). We can observe, again, that with one attribute at a time, it is impossible to predict 

flow capacity, as there is significant overlapping between the three categories related to 

seismic ambiguity. For human beings, it is impossible to confidently predict FC or PI with 

each one of these attributes separately due to three big issues: data is not linearly separable, 

data is overlapping and there are a lot of independent variables (ten attributes) configuring 

an 11D feature space (hyperdimensional). Only machine learning algorithms can cope with 

such a multidimensional dataset and detect subtle patterns that are not perceptible to the most 

experienced human seismic interpreters. 
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Figure 3.6. A) 3D view of the wells used in this study. The surface is from the base of the BVE reservoir with faults. In the 

Mero Field, the BVE reservoir is deformed by extensional reactivation of rift faults but with relative preservation of the 

original platform geometry. Wells in red are mostly appraisals and were used for training the supervised machine learning 

algorithms used in this study. Wells C1 and C2 are pseudo-well locations where BVE has presumed non-reservoir facies. 

Wells in white are development wells that have both FC and PI data, they were not used for training and, thus, consist of 

blind tests for quantitative assessment of our prediction models. Wells in pink do not have DST data but have other reservoir 

quality indicators (mainly mini-DST) and, thus, also can be used as a semi-blind test for qualitative assessment of our 

predictive models. From B to D, we have 3D views of one example of how the training dataset is built. At the tested interval, 

we extract seismic mini-cubes (prisms) around the well (nine traces) (Modified from Maas et al.,2023); B) seismic mini-

cube of HTAM attribute along the tested interval (145 m) at the BVE reservoir, the sample interval in the z-direction is 5 m. 


